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For locations thatould be influencetly multiple flood sources, considering
the probability of flooding from each source individually does not provide a full
understanding of the likelihood of a given flood depth occurring. Current methods
calculating the probabilities of flooding from multiple flood sources typically make
the assumption that the flood sources are independent of each other. This research
developed a method of calculating the probabilities of flooding for a location of
interest based on multiple flood sources when a dependent relationship existed
between those flood sources. Joint distributions were developed to describe the
relationship between the flood sources using Archimedean copulas. Then,
probabilitiesthatcorrespond to total flood depths were calculated by taking integrals
under the joint pdfs determined based on the copula equations. This process was

carried out for both two flood sources and three flood sources, using both simulated



and observed dat&Zero-flood years were found to significantly impact the fitting of

marginal and joint distributions in this process.

A common assumptiois that the flood sources aredependent of each other.
When a relatioship between the flood sourcasavidentthe asamption of
dependence or independence was observed to significantly impact the calculated
exceedancprobabilities. Flood riskestimatesveremadebased on probabilities
calculated while considering all flood sources, to determine the impact thatwhis ne
flood hazard assessment would have on flood risk assessrirerdatly, the expected
error in the results of the flood hazard assessment was assessed through an
uncertainty analysis. This analysis focused orptrameters used to calculate the
flood depths from the observed gage measuremevtisch were primarily related to
the physical characteristics of the location of interstion the distributions used to
represent the total flood depths. A high level of uncertainty was found to exist in the
results of the analyses, indicating the importance of using the most accurate
information possible to determine the parameter values and of using care in selecting

the best distribution to represent the total flood depths.
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CHAPTER 1

INTRODUCTION

1.1. Risk and Risk Analysis

The term Ari sko ha stioss. Rouinsthnee, it canfbe gener al

defined as the perceived extent of possible loss. A similar definition is the possibility
of loss, disadvantage, or destruction. It could also be considered as the chance or
likelihood that something with undesirable imfgwill occur. Another way of

saying this is that risk is the combination of the undesirable consequences of
undesirable scenarios and the probability of these scenarios (Stamatelatos, 2002).
This leads to a mathematical definition of the probabilitgroevent multiplied by

the cost or consequences of the event. The risk that arises from a particular hazard is
determined by how often that hazard may occur and how much harm is likely to
result from the hazard. It is possible to reduce risk in two waymaking the
undesirable hazard event less likely to occur or by making the associated
consequences less serious (USNRC, 2007). To determine risk involves answering
three questions: What can go wrong? How likely is it to go wrong? What are the

associaté consequences (Stamatelatos, 2002)?

Risk analysis is the process of systematically studying the risks that will be
faced by an individual, organization, or community. The purpose of such an
assessment is to identify the risks that may be faced, una®istay and when they

could occur, and estimate the impacts of adverse outcomes caused by the risks. A



risk analysis will typically focus on what could go wrong, but can also be useful in
determining what could go right (Solver.com, 2010). The processngpleting a

risk analysis includes identifying the threats or hazards to be faced, estimating the
associated risk, choosing methods to best manage the risk, and conducting regular

reviews (MindTools, 2010).

Risk assessments have shifted from deterministprobabilistic methods.
Deterministic methods use point estimates of risk, which are frequently, though not
always, representative of a worstse scenario. Because deterministic risk
assessment uses point estimates of input parameters, the useagearalues could
result in an underestimate of risk and the use of uppend estimates (representing
worst case scenarios) could overestimate the risk. The distinction between
deterministic and probabilistic risk assessments is that probabilistiodsedtiow for
the use of distributions for the input parameters (Exponent, 2010). Probabilistic risk
assessment can be used to systematically examine all of the components of a complex
system and to determine how they work together. This can be ugmstifically
guantify risk and to identify the elements that could have the most serious effects on
safety. The steps required to conduct a probabilistic risk assessment include
specifying the hazard event, identifying initiating events that could et to
consequence, estimating the frequency of each of the initiating events, and identifying
all combinations of failures that could lead to the consequences. From this point the
likelihood of each combination can be computed, and the probabilitiesfail @ie
combinations that lead to the same consequences can be added. In order to determine

the potential frequency of a given outcome, the probabilities computed should be



multiplied by the frequency of the identified initiating events. The outcome of a
probabilistic risk assessment will not be a single number, but will rather be a
distribution or spectrum of possible outcomes (USNRC, 2007). Many government
agencies, such as the NRC and EPA, have begun to udmsell or risknformed
regulations, basd on probabilistic risk assessment methods, to ensure safety without

requiring unnecessarily high conservatism (Stamatelatos, 2000).

Monte Carlo simulation is frequently used in risk calculations because
possible variations in each factor within thelgsia can be considered, as can
interactions between factors and imperfect knowledge (USNRC, 2007). Monte Carlo
analyses can be used to examine the effect of uncertainty and natural variability on
estimates of risk. The basis of a Monte Carlo analysipm®bability density
function (pdf) for input parameters. Thera#y choosing the appropriate psf
critical to ensure that meaningful tds are found. After pdfhave been specified
for the input parameters, a computerized routine is run repeatedlinput

parameter values being selettecording to the specified pdfHayse, 2000).

1.2. Flood Risk

Flooding is me of the many natural hazards that communities could be at risk
of experiencing. A flood can be defined as an event when the water levepatific
water body, such as a stream or river, lake, ocean, or d&sedl point, rises above
the normal limit (ASCE, 1996). Many sources of flooding are possible, including
riverine or fluvial flooding, coastal or tidal flooding, pluvial or surfacster

flooding, and groundwater flooding (Pitt, 2008). Floods could also come from flash



floods, snowmelt events, ice jams, and mudflows (Simonovic, 2009). Sources of
flooding suggested by FEMA (2010) include rainfall, riflerv, and tidal surge.
Otherfactors that can increase the occurrence and severity of floods include the local
topography, flood control measures, and development of the area. A failure to
properly maintain infrastructure such as culverts and bridge openings can also lead to
flooding. FEMA suggests that when conducting flood risk assessments, a study
should evaluate statistical data for the river flow, storm tides, and rainfall, as
applicable, hydrologic and hydraulic analyses, and an analysis of the local topography
(FEMA, 2010). Floods are significant in the United States because floodplains

consist of approximately 7% of US land area and serve as a valuable natural resource

(NRC, 2000). Building within the floodplain is a significant factor.

1.2.1.Components and Use of Flood Risk Afssment

Bulletin 17B (IACWD, 1982) provided a definition for flood risk that
suggested risk was the probability that one or more events will occur which exceed a
given flood magnitude within a specified period of time. The definition of flood risk
has sifted somewhat since then, such that flood risk is now typically described as a
combination of the flood hazard, which is the probability of the event occurring, and
the consequences of the event (Agtehl, 2004). Usually the risk is determined by
multiplying the probability of occurrence by the consequences of the event, if the
consequences can be quantified. Another view of flood risk considers it as the
combination of the threat of the event, which would be the probability, the
vulnerability to thesvent, which would be the protection provided by flood risk

reduction measures and the reliability of those measures, and the consequences of the



event (Carter, 2005). Again, the terms are combined by multiplication. A thorough
flood risk analysis procesle must first define risk and then account for all of the
relevant flood scenarios, the probabilities of occurrence associated with each
scenario, the potential damages associated with each scenario, and the uncertainties
that could impact the analysisaach scenario (Apeit al, 2004). An interesting

aspect of flood risk to consider is that lowering the probability of flooding, using

flood risk reduction measures such as levees or floodwalls, may not necessarily
reduce the flood risk. These measures/ encourage further development in the
area,raising the consequences dhd risk fromflooding. Therefore, it is important

to develop resilience to floadrather than resistance (Dijkman and Heynert, 2003).

The US Army Corps of Engineers began toestigate the possibility of using
risk-based analysis in their floembntrol work in the early 1990s. Their riblsed
method requires a probabilistic estimation of uncertainty relevant to important
variables such as floeflequency, stagdischarge, andtagedamage relationships.
These estimates can be used in designing a levee or other projects (NRC, 2000).
Since then, the US Army Corps of Engineers has been expected to tis@sask
analysis in the formulation of their flood damage reduction pmjéutiuding dams
and reservoirs, levees and floodwalls, diversions, channel modifications, bypass
channels, and nonstructural measures. Historically, the Corps of Engineers used best
estimates of flood hazard and damage potential, which could be réflscttage
flow rating curves and staggamage curves, in order to develop and evaluate project
alternatives. In this method, performance was considered as a-dégregection

concept and uncertainty could be dealt with by best professional judgersitivsty



studies, or adding a freeboard amount to levees and floodwaftctor of safety

was also often incorporated into the design criteria for flood damage reduction
projects. The new policies depart from the historical polices in that unceyteant

be explicitly quantified. The riskased approach also allows performance to be
stated in terms of the expected annual exceedance and reliability of achieving goals

(USACE,2000).
1.2.2.Probability Determination Through Flood Frequency Analysis

One of tke primary components of risk is the probability of a hazard event
occurring. In risk calculations,ie probability or likelihood of an event occurring is
multiplied by the consequences of the occurrence of the event. In some cases, the
probability and cosequences are also multiplied by the vulnerability, which is a
measure of how well the area is prepared for and protected against the event. The
vulnerability reflects the system that is in place to mitigate the event. The system
may include a levee,floodwall, a diversion channel, or any other measures taken to
reduce the impact of a flood event. The ability of that system to withstand and reduce
the consequences of the event is reflected in the vulnerability term. Statistical
analyses are often ws&hen calculating the probabilities of flood events by
estimating the future frequency of occurrence based on information in the available
hydrologic records. To determine the probability of flooding a frequency curve,
which can relate the magnitude di@d event to the exceedance probability with
which that particular magnitude is exceeded, with the assumption that flood events
occur at random, are used. Typically the frequency curve of annual maximum or

annual minimum events is us@eard, 1962).



Prior to the 1960606s, a uniform Feder al

had not been enacted. The need for t hi

government took a first step toward providing that uniform guidance with Bulletin 15,
a Unifoom Technique for Determining Flood Flow Frequencies, in 1967. This was
the first time that a uniform set of flood frequency techniques was utilized by all of
the Federal agencies involved in fleaelated work. In 1976 Bulletin 17, Guidelines
for Determning Flood Flow Frequency, was published. This document was quickly
revised to Bulletin 17A, which was published in 1977 with the purpose of resolving
discrepancies in the method for incorporating historical data into the analysis.
Further revisions werlound to be necessary, and Bulletin 17B was published in
1981, attempting to resolve discrepancies in the treatment of low outliers and the
weighting method for skew estimation. Bulletin 17B was again revised in 1982, and
this is the document that comtaithe currently recommended flood frequency

analysis methodologies used by the Federal agencies (Griffis and Stedinger, 2007a).

Floods are typically predicted based on frequency analysis, a statistical tool
that can be used for any random variablescBitation events can also be analyzed
using frequency analysis. The result of a frequency analysis is often a graph of the
value of the hydrologic variable versus the frequency of occurrence. This graph
represents the best estimate of the statistmailifation responsible for the sample
values collected. A mathematical model could also be used in place of a graph. The

equation typically used to model a flood is:

X=X+KS (1-1)

S

w



where X is the dischargX, is the mean flow, S is ¢éhstandard deviation of the flows,

and K is a frequency factor (McCuen, 2005).

The first step to a conducting a flood frequency analysis for a river with a
flow gage is to obtain a series of annual maximum discharge values. Thardank
method is cormonly used to order and plot this sample data. Using thearalek
method, the discharge data should be ordered from largest (with rank 1) to smallest
(with rank n). A number of plotting position formulas could then be used, such as

the commonly used WAbull equation. The Weibull plotting position formula is:

P, = (1-2)

where i is the rank, n is the total number of records, argdtife exceedance

probability for the event with rank i. This allows the collected annual maximum
discharge eents to be plotted. In order to estimate the population from which the
sample data were drawn, the mean, standard deviation, and skew of the annual
maximum flood record need to be computed. To derive a population model an
underlying probability densitfunction (pdf) must first be chosen. It is possible to

use any pdf to represent the population curve; however, the lognormal and log
Pearson Type Il pdfs are typically used in hydrological applications. If either of
these distributions are used, the pndata must first be transformed to logarithms

of the data, and then the sample statistics (mean, standard deviation, and skew) can be
calculated. The sample moments calculated are equated with the parameters of the

chosen pdf. From here it is possibdedevelop the curve that will represent the



underlying population of the floods, which can be used to estimate the magnitudes for

floods of given return periador exceedance probabilitiddcCuen, 2005).

The logPearson Type Il distribution has terparameters, with two
interacting shape parameters. Though this distribution is commonly used in
hydrology, some have expressashcerns about whether or noisithe appropriate
distribution. Specifically, the existence of an upper bound for floadsfloas caused
concern, as an upper bound on natural flows does not make physical sense. Griffis
and Stedinger (2007b) have studied this distribution extensively and provided some
insight into scenarios in which the distribution is appropriate for udead finalysis

(Griffis and Stedinger, 2007Db).

1.2.3.Probability of Flooding from Multiple Sources

Flooding may have a variety of sources, and in some cases may result from
multiple sources simultaneously. Combirgmpulation frequency analysis can be
used o consider the probability of floodinguased by a variety gburces, which
may or may nobccur at the same time, while joint probability methods can

determine the probability ehultiple causes of a floogccurring simultaneously.

1.2.3.1. CombinedPopulationFrequency Analysis

In the case of flood risk, it is often necessary to consider flooding that is the
result of multiple factors. Combingmbpulation frequency analysis can be used to
determine the probability of a flood event when multiple hydrologiofaatould be

causing the flooding.



Morris (1982) provided a thorough evaluation of combipegulation
frequency analysis. When different types of hydrologic phenomena could be
responsible for flood events, special treatment may be needed in the pfocess o
developing a frequency curve. Examples of this are (1) locations where both cyclonic
and convective rain storms can cause flooding and (2) locations where floods could
be caused by rain storms or by melting snowpack. Morris (1982) defines a
combinedpopulation frequency curve as one that is derived from two or more
separate frequency curves, each of which was developed from a separate population.
The assumption is commonly made that the populations are independent. This
method develops a frequency weibased on two or more sets of datgyapulations,
whichresult from different causal factors. The result is a frequency curve for the
flood source of interest, for example riverine flooding, that is based on multiple
causal factors When events in series do not occur every year, such as-Aeou
years, special frequency analyses will be needed. A general equation has been
developed for combining frequency curves from multiple annual flood series data.

The equation used in these scenarios is

P,=1-[[(1-P) (1-3)

where Ris the exceedance probability of the combupegulation frequency curve
for the selected discharge andife the exceedance probabilities associated with the

selected discharges from the frequency c@iMerris, 1982).
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1.2.3.2. Joint Probability Analysis

Hawkes (2005) provides an explanation of joint probability. Joint probability
is the chance that two or more conditions occur at the same time. In the case of
flooding, this could mean riverine flooding occurring near a coast saine time as
a high tide occurs. Hawkes (2005) explains that the study of joint probability is
important to flood evaluations because high or extreme loadings on a flood defense
structure, such as a levee or flood wall, will often be caused by morerikan
variable. Therefore, the probability that a given load will occur will be a function of
the combined probabilities of occurrence of all the variables involved. Two primary
approaches have been used in joint probability analyses. The first isdefea®the
deskstudy approach. This approach requires the high and extreme values of two
variables and some representation of the dependence of the two variables as input.
The method provides a number of quadculated computations of the joint return
period of the two variables for a number of alternative joint return periods and levels
of dependence. The second approach is referred to as the analytical approach. This
approach requires relatively long records of the simultaneous occurrence of the two
variables and uses Monte Carlo simulation in order to develop thousands of years of
simulated joint data. The simulation is based on prgpetific statistical analyses.
Example situations for which thisay be necessary includecoastal sitevhere t is
necessary to consider both waves and sea level and in urbawhesastmay be
necessary to consider both river or coastal flooding and interior drainage (Hawkes,

2005). Hawkes (2008) clarifies that it is possible to consider more than two eariabl
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in a joint probability assessment, but the higher the number of variables being

considered, the more complex the calculations will be.

1.2.3.3. Use of Copulas to Determine the Joint Probability Distribution Function
The copula function is a function that joifts couples) a multivariate
distribution function to its associated marginal distribution function (Nelson, 1999;
Balakrishnan and Lai, 2009). Copulas have been increasingly used in various
applications, from financial to hydrologic, because they alle@ntiarginal,
univariate distributions of the variables of interest to be addressed separately from the
dependence structure between these variables. Further, they allow joint probability
distributions to be expressed as a function of the marginal prdpalsiributions
(Cherubiniet al, 2004). The marginal distributions for each random variable are also
expressed as uniform over the range of [0, 1]. Essentially, copulas have been found
to be a convenient method of obtaining the joint behavior of randwiables in
scenarios where the traditional assumptions made in multivariate analyses do not
hold. These assumptions include the assumption of independence between the
random variables and the assumption that the marginal distributions of each variable

must be modeled using the same distribution.

Previously, univariate analyses methods have been favored over multivariate
analyses because of the difficulty in meeting these assumptions. However, to fully
characterize hydrologic events such as floodssiarms, a number of characteristics
must be considered. Thus, copulas enable multivariate analyses to be conducted more

readily, which utilize more information and produces more informed results. Further,
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the characteristics that describe hydrologiergs are rarely independent and do not

necessarily follow the same marginal distribution.

Skl arés t heor e ml959 movidds anpueddrstanding &thé ar  (
ability of copulas to relate a bivariate distribution to its univariate marginal
distributions (Balakrishnan and Lai, 2009). This theorem is central to the theory of
copulas. Cherubiniet al.(2004) interpret the theorem to mean that a joint distribution
can be determined in terms of a copula function with marginal distributions as
argumers, and conversely, that a copula taking univariate marginal distributions as
arguments can yield a joint distribution. This theorem underscores that copulas can
be combined with marginal distributions in order to develop a joint distribution for
several andom variables that could not otherwise, or at least could not easily be

developed.

1.2.3.3.1. Families of Copulas

There are many classes and families of copulas from which to choose. The
selection of the appropriate class or family depends on the scenario beiegdio
For instance, certain copula families are limited inlévelsof correlationbetween
the random variablder which they can be used. The three most common families
used in hydrologic applications are the elliptical copulas, the extreme valul@sop

and the Archimedean copulas (Klein et al., 2010; Faved, 2004).

Elliptical copulas are related to elliptical distributions, such as the normal
di stribution and the Studentds t distribut

oneto-onerelda i onshi p wit h P e acrerd. cAstéesgth ofellipticall at i on
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copulas is that they allow the specification of different levels of correlation between
the marginal distributions. However, they do not have easy cfosedexpressions
(Balakrishnan and Lai, 2009; Cherubigi al, 2004). Extreme value copulas are best
used for modeling rare events. The extreme value copulas may be used with extreme
value marginal distributions. For a series of valugs\{X through (%, Y,) with a

common cpula there will be a copula of componentwise maximgge¥ax X and

Ym=max Y. The extreme value copula for u and v between 0 and 1 will be

calculated as:
Ct (wv) = C™(ur,vw) (1-4)

Archimedean copulas are particularly easy to construct and a number of
copua equations belong to this family, magithem a very popular choice.
Archi medean copulas are based on a generat

zero (Kleinet al, 2010). The copula function is calculated as:
Colu,v) = o7 (@(w) + @(v)) (1-5)

where (is the copula and u and v are values of timeloan variable. The generator
function of an Archimedean copula must be both decreasing and convex between 0
and 1. Thereisalsoaoteone r el ati onshi mmbasurevokrank Kend a

correlation,and the parameter of Archimedean copulas (Fewat, 2004).

1.2.3.3.2. Modeling of Dependence Structure Between Variables

A number of statistical measures of dependence or association can be used

with copulas to express the statistical dependence structure between the random
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variables. Nelsen (1999), amomgny other authors, discuss the concept of
concordance. Concordance indicates that
correspond with Al argeodo values of the othe
correspond with s mahkematcallydefinedasx)fyfy) t he ot he
greater than zero. Di scordance indicates
correspond with fAsmall o val ues-x)yfy)the ot he
|l ess than zero. K eassatiation tidascanlbe definedwsing thene a s u r
concept of concordance. The sample value
number of concordant and discordant data pairs in the sample. Depending on the
information that i s kn dnformatiotlthatimknowb e cal cul

about the sample or population, and then used in calculating the copula, or if the

copula function is known, the U can be cal
dependence structure. Speaofovacordasce; i s al s
and di scordance, and can be used in a si mi

measures of association are based on the same concepts, they result in different values
when calculated for the same problem. The relationship between the asares

varies depending on the family of copulas being considered (Nelson, 1999).

Though Kendall 6s U and Spearmands |} are
of association based on concordance and discordance, there are others. Balakrishnan
and Lai (20091 so describe Ginids coefficient, o.
the expected distance between the point (U, V) and the diagonal of [0, 1] x [0, 1].
These authors also introduce tail dependence coefficients, which do not measure

association basash concordance and discordance, but on the values of the variables
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located in either the uppeight quadrant or the lower quadrant of [0, 1] x [O, 1].
More complete descriptions of measures of association and dependence are given by

Nelson (1999) and Bakrishnan and Lai (2009).

It is important to note that there exist relationships between the measures of
association and the parameters of the copula families. Frees and Valdez (1998)
illustrate theondgo-one r el ati onship between U and U,
copulas irthe Archimedean class. Cherubini et al. (2004) also provide explanations
and examples of the relationship between copula parameters and the measures of

association and dependence that have been discussed.

1.2.3.3.3. Use of Copulas

The first step to using a copulacalculate the joint probability of two or
more random variables is to develop the marginals. If using copulas to determine the
joint probability of multiple sources of flooding, the marginals would be the flood
frequency curves corresponding to eautividual source of flooding. Thus, flood
frequency curves should first be calculated using standard methods, including
choosing the most appropriate underlying probability distribution to represent each
source of flooding. The cumulative distributiorlues corresponding to values of the
flood frequency curves should then be used as the copula marginal input values. The
next step is to calculate the measure of dependence between the random variables,

which may be expressedbgkn dal | 6s U or another of sever

The next step is to choose the appropriate copula family to represent the joint

probability distribution of the random variables. One method of choosing the most
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appropriate copula family involves calculationfok ai keds | nf or mat i
(AIC). The AIC is a commonly used method of comparing copula families. The AIC
can be used to determine which family best models the dependence between the two

correlated random variables. The AIC can be calculated as:
AIC = —2 =loglikelihood + 2 = k (1-6)

where k is the number of parameters in the copula equation being fitted. The most
appropriate copula family can be identified as the family with the lowest calculated

AIC value (Kleinet al, 2010). The log likelihood is calculated as:

loglikelihood = I7, log(c, (=, L)) (1-7)

nt+l

where Rand Swere the ranks of the riverine and tidal data points within the series,
respectively, and n is the sample size. The general (not fapelsific) copula

density function, gcan be calculated as:

_ 8% Cluwa)

& dudv

(1-8)

where u and v arthe riverine and tidal marginal distributions, respectively, and C is
the copula cumulative density function calculated based on u and v. The smallest

calculated AIC value indicates the most appropriate copula family.

Another methd available to determine the appropriate copula family involves
creating Quantil®Quantile (QQ) plots for each family and then comparing these

plots. Genest and Rivest (1993) outline the procedure for calculatip@i@ts. For
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the several copula fam@s being evaluated, for each value of the two random

variables, U is calculated as:

__ e _
T elx)+801) (1-9)

where X and Y are values of the random variables, and @ is the generating function of
each copula being evaluated. Then, V is calculated as théoadue corresponding

to the values of X and Y. A parametric estimate of K(v) is calculated as:

-, Bl .
K(v)=v—gos (1-10)

The next step is to compute a nonparametric estimate by the following procedure:

i
_ #{(xpy; ) xp<xy; <)

i n—1

(1-11)

where # is the carditity of the set. The nonparametric estimate of K(v) is then

calculated as:

dlr—V;)

K,(v) = Zisy —— (1-12)

The parametric and nonparametric estimates of K(v) would then be plotted against
each other in the @ plots. If the copula family provides an acceptdibi® the

data, the plotted points should fall along a straight line. T @ots developed for

each copula family under consideration are then compared to determine which of the

families are most appropriate for use.

Once a copula family has beemosen, the copula parameter(s) must be

calculated. In many cases, the copula parameter should have some relationship to the
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measure of dependence calculated between the marginals. Then, for each
corresponding set of values from the random variablesadjeala can be calculated.
The copula calculation provides the joint probability of occurrence of the

corresponding values of the random variables.

1.2.4.Consequences of Flood Events

While floods are naturally occurring events that provide vital ecosystem
services such as improving biodiversity and sustainability of ecosystems, they are
also the most taxing wateelated disaster to humans, material assets, cultural, and
ecological resources (Simonovic, 2009). According to a 2001 World disasters report
(IFRCRCS 2001), on average 211 million people are affected annually by natural
disasters, and more than twhirds of these people are affected by floods. Of the
various possible natural disasters, floods appear to cause the most destruction, in
terms of both mgnitude and impact on humans (Purnell, 2002). In 2007, at least 200
major floods occurred across the globe, which killed more than 8,000 people,
otherwise impacted over 180 million people, and caused over $23 billion in damages
(Pitt, 2008). The increas@ flood risk may be due to an increase in the flood hazard,
or probability of occurring, to an increase in the amount of people and property
located in the floodplain as urbanization increases, or to a combination of the two

factors. This research wilfocus primarily on the hazard portion of the risk equation.

The 2008 floods in lowa created a wide range of consequences. The
floodwatersdestroyedca number of homes and businesses, shut down city services,
disrupedtravel, and damagéarms and crop lah The agricultural impacts from

flooding can be related to severe erosion of sedimethie deposition of sediment,
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which may or may not be suitable for agricultural purposes, onto the crop lands
(Mutel, 2010). Flood events can also disrupt emergesiayces to residents and

lead to the growth of mold in homes and buildings, which may result in human health
impacts. Floods often bring contaminated waters into the region, which cannot be

used as potable water and which can cause a variety of humtnihgeicts.

Damages caused by floods have been increasing in the last several decades.
Bet ween the 195006s and the 19906s annual e
weather events, including floods, increased by a factor of ten in inflatiusted
dollars Global climate change will affect flood patterns and damages over the
coming decades. The primary cause of changes in flooding will be changes in the
temporal and spatial patterns of precipitation caused by changes in atmospheric
conditions. In areawhere precipitation is expected to increase, the occurrence of
floods is also expected to increase, while in areas where precipitation is expected to
decrease, the occurrence of floods is expected to decrease. In areas where floods are
typically caused bgnowmelt events, as temperatures warm globally and snow
decreases, floods caused by snowmelt will also decrease. While statistically
significant longterm trends have not been observed globally, regional trends do seem
to be present. These changes @od occurrence will have significant impacts on the
levels of damage caused by flood events in the future. Overall, it is apparent that the
changes in flood frequency caused by climate change will be complex, and will be

dependent on the source of flooglifKundzewicz and Hirabayashi, 2010).

The damages caused by floods will be a function of the inundation depth and

duration, the velocity of the floodwaters, and the water quality (Middelmann
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Fernandes, 2010). One method of quantifying the economic carsmxgiof a flood
event is a stagdamage curve. The economic damages corresponding to different
depths of inundation can be estimated based on knowledge of land use and property
type. The replacement value of the structures or property that are leshageld can

be related to the depth of flooding through a st@d@mage curve (Apdt al, 2004).
Stagedamage curves can also be used to estimate flood damages to crop lands.
Stagedamage curves can be based on actual data from past flood eventscanthey

be based on synthetic data (Smith, 1994).

1.3. Potential Sources of Flooding

There are a number of potential sources of flood waters, including riverine
flow, coastal water, surface water flow, and groundwater. Both riverine and surface
water floods a influenced by rainfall characteristics, while coastal floods are
influenced by winds and barometric pressure. The impact that a flood event has will
depend on the depth of water, the velocity of flow, the rate of rise of the water, and
the duration oftie flood event. When considering flooding from any of the sources
mentioned, it is also important to consider the uncertainty associated with the event.
The uncertainty could be expressed in location, timing, or intensity of the flood

(Golding, 2009).

1.3.1.Riverine Flooding

The flow of water in rivers is a naturally variable quantity, with variations
occurring over hourly, daily, seasonal, and yearly time scales€Palff 1997).

Because of this variation in flows, riverine floods have always, and Iwglyes,
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occur. This sort of flooding actually happens quite regularly, though it usually only
draws attention when the flood event is a large disaster. Riverine flooding will occur
when there is an excess of water draining from the land, from sourcegssuch
precipitation or snowmelt, thahe river can contain within itsanks. The antecedent
moisture condition, which controls the volume and rate of surface runoff that can be
infiltrated into the soil, will also influence the magnitude of a riverinedi@dutel,

2010).

A number of factors influence riverine floods, such as watershed
characteristics including size, shape, slope, and topography of the watershed, land use
characteristics, precipitation event characteristics such as magnitude, daradion,
intensity, snowpack, ice, particularly ice jams, the processes of erosion and
sedimentation, and even the failure of a dam (ASCE, 1996). In addition to these
characteristics, Pott al. (1997) suggest that vegetative cover on the land, the terrain
ard soil texture of the watershed, and evapotranspiration rates will influence riverine

flood events.

It is important to note that floods can occur on a seasonal basis, as local
climate is one factor that influences the occurrence and timing of riverirdsfldiche
floods that occurred in lowa in 1993 and 2008 serve to illustrate this point. The
winter and spring seasons prior to the occurrence of these floods were particularly
wet seasons for the region. This created conditions of high antecedent stiireoi
In both years, the wet winter and spring seasons were followed by very intense

rainfall over the summer months. Therefore, during the summers of 1993 and 2008
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surface runoff exceeded the bankfull capacity of the rivers, which resulted in very

largeriverine flood events (Mutel, 2010).

As previously explained, riverine flooding is a particularly complex
phenomenon. The interactions between flooding and the terrestrial system have been
discussed, but interactions also occur between flood evente@sdcioeconomic
and climates systems. The terrestrial, socioeconomic, and climate systems are the
factors that control the flood hazard event and the vulnerability to flood events. The
socioeconomic system is particularly related to the vulnerabilitypod events and
impacts how well a community can respond to and recover from a flood event
(Kundzewiczet al, 2010). Socioeconomic factors are a significant factor in

increasing risk due to their influence on the vulnerability to flood events.

The pobability of riverine floods of certain magnitudes occurring can be
estimated using a flood frequency analysis. For riverine flooding, as with many
hydrological applicatins, the log Pearsenype Il distribution is commonly chosen
to model the annual mamum flood series (McCuen, 2005). To conduct a riverine
flood frequency analysis a streamflow record must first be identified, and then the
annual maximum flow events must be extracted from that record for further analysis.
Once the annual maximum floseries has been identified, the methods desciibed
Section 1.2.2can be followed. If flow gages are not available, several other methods
could be used to estimate the frequency of large floods. Paleohydrologic studies,
which examine the debris lefthiad by flood events to determine the frequency with

which flooding occurs, could be made. Itis also possible that the historical damage
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done by floods to living trees in the area could be assessed to determine the frequency

of flooding (Poffet al, 1997).

Because riverine flow gages are relatively rare, there must be methods for
transferring flow gage measurements downstream if no gage exists at a particular
location of interest. McCuen and Levy (2000) reviewed two such transposition or
transfermdétods: (1) Sauero6s weighting f-unction 1
ratio method. The drainage anedio method is the simpler of the two methods,

consisting only of the equation:

9. =4, (j—) (1-13)

where @ is the ungaged dischargg,ig the dscharge measured at the gaggisAhe
ungaged drainage areay i& the gaged drainage area, and n is an empirical constant.

Sauer 6s -funetiongrtethad is more complicated. The equation is as follows:
e = Rw * Qur (1'14)

where @y is the wéghted estimate of the discharge at the ungaged gjis,the
discharge at the ungaged site calculated using USGS regression equations, and R is a

weight, which is calculated as:

R, = R — X4 (1-15)
g

where A is the gaged drainage area andsftheungaged drainage area. The value

of R is calculated using:
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where g is the discharge estimated at the gaged location using the USGS regression
equations andgy is a weighted peak flow estimate using the flood frequency dstima
from the flow gage recordggand the USGS regression equation estimate for the

gaged site, ¢ The weighted peak flow estimate can be calculated using:

T ENE +q E-"'";-" _
qQ'W - ] '-_',T +N, (1 17)

where N is the gage record length andisithe equivalent record lergof the

regression equation (McCuen and Levy, 2000).

1.3.2.Coastal Flooding

A number of potential hazards affect coastal regions, including erosion,
siltation,movement of sedimerandfloodsandhighwinds generated bgtorms. Of
these, floods and wind stas are the highest hazard events (Doornkamp, 1998).
Threats to coastal regions are of significant concern to the United States because 81%
of the population lives in the coastal states, and those states generate 83% of the gross
domestic product (GDP) MIAA Digital Coast, 2010). According to Hoozemans and
Hulsbergen (1995), approximately 200 million people lived in coastal floodplains,
defined as a storm surge elevation less than thell000Gyear event, as of 1990.
Purviset al.(2008) state that 11&llion people worldwide currently live within 100

km of the coast and 100 m or less aboveleeal.

Along coasts, a number of possible factors cause water level changes. Water

levels could be changed by astronomical tides, storm surges, wave seteipumap,
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tsunamis, or longerm changes in sdavel. Wave setup is the super elevation of

mean sedevel caused by waves. Wave runup is the peak vertical elevation of waves
along the face of a structure. Both wind setup and storm surge, causeayy stro
long-duration winds on the shore and reduced atmospheric pressure, act as the
principal components of coastal flood events. Other critical factors contributing to
coastal flooding include climatic factors and topographic features. It is possible to
conduct a statistical analysis of wave data similar to the flood frequency analysis

process (ASCE, 1996).

Mclnneset al.(2002) provided a thorough explanation of the processes

contributing to coastal flooding. The processes that can contribute amextre

rainfall events, storm surges, and high waves. It was observed that meteorological
events that result in high rainfall also typically produce severe winds over the coastal
ocean that can lead to higher storm surges and waves. The increaskevelsea

during a severe storm can be attributed to the addition of storm surge and breaking
waves to the normal astronomical tides. Storm surge, which is the abnormal rise of
water above expected astronomical tide levels caused by storm events, is one of the
primary concerns from coastal flooding because it tends to be the greatest threat to

life and property (NHC, 2010).

Another key characteristic is wavetsip, an increase in the stillater level
caused by changes in the ogwagesd@mgtmo ment um
surface. This phenomenon is a function of the height and direction of the waves as
they break. According to Mclnnes al.(2002) the setevel is a result of the

nonlinear interaction of astronomical tidal levels, storm surges, anel sednp, with
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an acknowledgement that the total-tmzel will be less than the sum of the individual

components, due to losses from friction along the ocean floor.

Important characteristics of waves typically include wave height and period,
while wave masurements are typically of surface elevation or subsurface pressure.
The Gumbel distribution can be used to analyze the annual maximum significant
wave heights (ASCE, 1996). The generalized extreme value (GEV) distribution, with
three parameters, is alsommonly used to represent coastal phenomena (Reeve
al., 2004). The magnitude of coastal flooding is typically measured in terms of the
elevation and the inland extent of the water (Doornkamp, 1998). In many cases, the
measurement of concern is idationdepth which occurs when normally dry land is

covered with water, and can occur from both riverine and coastal flooding.

The Federal Emergency Management Agency (FEMA) conducts coastal flood
frequency analyses to determine expected flood legekhé purpose of setting flood
insurance rates. To conduct these analyses, FEMA uses data about storm events,
including longterm tide gage records, which measure the water level, and observed
high water marks from past flood events (FEMA, 2010). Fidal gages, itis
possible to otain a frequency curve of stilater elevation (SWEL), which is the
elevation of the water surface without out considering the influence of WalZ&4
2003. The National Research Council (1977) has developed methaaiscfmrnting

for the influence of waves on the water surface elevation.

Sealevel rise is a contributing factor to coastal flooding that must be

considered. Increased sleael rise appears to be occurring because of changing
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climate, which may be impsed by human actions. Sezvel rise will have

significant impacts on coastal wetlands and marshes, which serve as defense
mechanisms against coastal flooding. According to the USGS (1997), increased sea
level rise could result in the conversion of maaskas to open water and the

conversion of upslope forested area to marsh-l&edhrise can also be caused by the
subsidence of land, which is a natural process, but which is also being accelerated due
to human actions such as pumping groundwater fsderit can be recharged

(Pethick, 1993). The term eustatic-$ezel rise refers to sdavel rise caused by

melting of ice and thermal expansion of the oceans. Locdésehrise refers to sea

level rise caused by subsidence, while relativeleed rise refers to a combination

of eustatic and local sdavel rise (Kirscheret al, 2008).

1.3.3.Surface Water (Pluvial) Flooding

Another potential source of flooding is pluvial or surface water flooding. This
flooding can be caused by rainfgénerated werland flow prior to the water entering
a water course or sewer. The rainfall events responsible for this flooding typically
have very high intensities, but other conditions, such as melting snow over frozen or
saturated ground, can cause pluvial flogdiwaterworlds, 2008). Snowmelt events
can also provide water that runs off over the land surface, causing a surface water

flood.

In the past few years, numerous cases of significant pluvial flooding have
occurred. According to Hussain (2008), inigatimates suggest that twhurds of
the damage from floods in the United Kingdom in the summer of 2007 resulted from

pluvial flooding. This flood event caused 13 deaths and flooded almost 45,000
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properties (Hussain, 2008). The Geolnformation Group (260&jest that pluvial
flooding will increase in frequency and severity in the future due to factors such as
increasing urbanization and climate change. Pitt (2008) provided a thorough review
of the United Kingdom flooding of 2007, acknowledging the higphact of surface
water flooding. A particular concern is the complexity associated with pluvial
flooding, where the capacity of the sewer and drainage system, the saturation of the
ground, and the river stage all affect the occurrence and severity @fefl@nts. The
critical factors identified as impacting pluvial flooding include the volume of the
rainfall, where the rainfall occurs, and the intensity of the rainfall (Pitt, 2008). Pluvial
flooding was also a significant factor in the summer flooding/ashington, DC, in

2006, which seriously damaged a number of government buildings. This flooding
was primarily caused by extremely high rainfak7.09 inches of rainfafiell over a
24-hour periodhoughthe Potomac River was not above flood stegggty and

Associates, 2006

In urban areas pluvial flooding can be a particularly significant issue when
intense rainfall overwhelms the capacity of the storm sewer system. The impervious
surfaces in urban areas prevent infiltration of the rainfalljrigrbigh levels of
surface runoff (Falconesat al, 2009). Maksimoviet al.(2009) identify a number of
factors that can cause urban flooding. These include the limited capacity of the
drainage system, which may discharge water to the surface undaenelytwet
conditions, and preferential flow pathways that can create a surface flow network
(Maksimovicet al, 2009). Collier (2009) suggests three similar sources of urban

pluvial flooding, including the inability of the natural water courses to handle
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excessive rainfalinduced fluvial flooding, the inability of the urban drainage system
to manage excessive rainfaktwer discharging, and runoff over land causing local
flooding in areas not typically considered at risk from natural or-made water

couses.

Precipitation is the primary factor responsible for pluvial flooding. A
frequency curve can be computed for station precipitation records in much the same
way they are computed for streamflow data. Typically, the cumulative precipitation
depths ointensities for a specified duration are used for the analysis. The National
Weather Service has frequently used the FiSlygpet Type | frequency distribution
with Gumbel 6s fitting procedureettah represe
1977),but it is also possible to use lognormal, Pearson Type lll, anBdagson

Type Il distributions to represent the precipitation data (USACE, 1993).

In addition to intense precipitation events, surface runoff can be caused by
snowmelt water. Melting dhe snowpack is an important source of water in many
areas of the United States, providing groundwater recharge and replenishing surface
water storage, but they can also cause floods. Water from melting snow can infiltrate
into the ground, depending oailscharacteristics, soil moisture content, and whether
or not the ground is frozen. Melting of snow will not cause runoff until the soil
storage has reached capacity, but if the ground is frozen the soil will not be able to
store as much water, which Wihcrease runoff during a storm event. Knowledge of
the snow water equivalency (SWE) is necessary to conduct a snow runoff analysis.
The frequency analysis procedure used for flow data and precipitation data can also

be used with SWE data (USACE, 1998).
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1.3.4.Groundwater Flooding

The largest source of water in the United States is groundwater. Groundwater
accounts for approximately 97% of the available freshwater in the United States, and
23% of freshwater usage (USACE, 1999). Groundwater is also a pbsentiee of
flooding that is just beginning to be understood. England and Wales have only
recently recognized groundwater as a potentially significant source of flooding.
Groundwater flooding was not a contributing factor to the massive flooding
experierced in the United Kingdom in the summer of 2007, but it has been a factor in
other floods (Cobbt al, 2009). Groundwater flooding has also been experienced in
areas of the United States, including the states of Washington and lllinois (USGS,
2000). Though it is known that groundwater can be a source of water in rivers, such
as in the Snake River, there have not been thorough studies of the interactions
between surface and ground water (Johnson, 1991), which has resulted in a lack of

understanding of floding caused by groundwater.

Flooding caused by groundwater is not currently well understood (Pitt, 2008).
Groundwater flooding can be defined as flooding that is caused by the emergence of
water that originated from permeable strata in the subsurfidwe primary cause of
this flooding is unusually high groundwater levels, and it can inundatéylog
areas for months at a time. A number of consequences of groundwater flooding have
been observed, including flooding of basements and gvemdlevelfloors, buried
utilities and other assets, the inundation of farmland, roads, and commercial and

residential areas, and finally the overflowing of sewers due to groundwater ingress
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(Cobbyet al, 2009). Pitt (2008) has also suggested that groundwateliritpoan

damage foundations of buildings by reducing their {badring capacity.

Groundwater flooding has been a problem in Puget Sound, in Washington
State. Flooding typically occurs in this region after several consecutive years of
higher than averagprecipitation. With enough precipitation, the water table rises
high enough to intersect the ground surface and inundatkyiogvareas.
Groundwater flooding can also occur when water collects iAyowy areas of low
permeability. These flood evenare further complicated by the fact that they can
take several months to recede. For example, in 1997 a small grounthddtee
expanded to an area of approximately 25 acres and remained flooded for months. A
great deal of data on groundwater flagidoes not currently exist; the best source of
information about the occurrence and frequency of groundwater flood events remains
anecdotal reports from local residents. In addition to multiple years of high rainfall,
cool, wet springs followed by mildusnmers provide conditions favorable to
groundwater flooding. The precipitation provides recharge to the groundwater
system, leading to high groundwater levels, while the cool temperatures reduce losses
to evapotranspiration, assisting in maintaining tige lyroundwater levels until

groundwater storage is exceeded and flooding occurs (USGS, 2000).

1.4. Potential Causal Factors of Flooding

There are a number of potential causal factors that could contribute to
flooding from each of the aboveentioned soues of flooding. These include

convective rainfall events, cyclonic storm events, ice jams, snowmelt, and rainfall on
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a snowpack. Coastal flooding can also be caused by intense storm events, such as

cyclonic events, or tidal cycles.

1.4.1.Convective Rainfall Events

Convective rainfall events are a common cause of riverine floods, due to the
production of runoff (Poff, 1997). When rainfall reaches the land surface some of it
will infiltrate into the ground, while the rest will become surface runoff. The surface
runoff will travel over the land surface, based on the local topography, until it reaches
a stream or river. If the amount of surface runoff reaching the rivers and streams
overwhelms their capacity, riverine flooding will occur. The amount of surface
runoff produced by a given storm will be determined primarily by the antecedent
moisture conditions, which are primarily a function of recent rain or snow storms and
recent temperatured.he amount of urbanization in the watershed will also influence
the anount of surface runoff generated, as this is related to the amount of impervious
surface. The intensity of the rainfall will also influence how much of it can be
absorbed by the ground and how much will become surface runoff (USACE, 1993).
Excessive amunts of surface runoff reaching the river can result in a riverine flood
event. In addition to the antecedent moisture conditions, the size and direction of the
rainfall event also influence the amount of surface runoff reaching the river or stream.
Intense summer rainfall events following a particularly wet winter and spring,
resulting in high antecedent moisture conditions, were one factor responsible for the

2008 lowa floods (Mutel, 2010).
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1.4.2.Cyclonic Storm Events

Cyclonic storm events, such as hurriesand other storms associated with
frontal systemshave several mechanisms for causing flooding; however, very intense
rainfall is the primary cause of riverine flooding. Cyclonic storms have different
mechanisms for causing flooding in coastal regemg in rivers. As cyclonic storms
travel over land they result in very intense rainfall over large areas. This rainfall
overwhelms the capacity of the ground to infiltrate the water, thus producing
significant amounts of surface runoff. As with othenstorms, the surface runoff
then travels over the land surface towards streams and rivers. The capacity of these
streams and rivers are overwhelmed by the addition of the surface runoff, resulting in
riverine flooding. Tropical cyclonegan also caus#ooding in coastal regions,
though in these areas the flooding is typically caused by high storm surges pushing
waves onto the shore. Intense storm events such as hurricanes produce storm surge

that can cause flooding in coastal areas.

1.4.3.1ce Jam Flooding

In many regions of the world with colder climates, riverine flooding can also
be caused by the presence of ice in the river. Flooding can be caused by ice jams,
which are accumulations of ice fragments within the river banks that restrict flow.
The presece of ice can block flow through a jam, or it can cause added resistance to
flow, by approximately doubling the wetted perimeter of the stream and reducing the
area available for flow. Such flooding is typically very sifecific (USACE, 1991).
Floods aused by ice jams have occurred in at least 36 states, primarily northern

states, though mountainous areas of southern states such as Arizona and New Mexico
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have also been impacted, and they are estimated to be responsible for at least $100
million in annwal damages (USACE, 2002). In regions with colder climates, where
ice forms on rivers, milder weather as the spring season starts leads to thapboéak
sheets of ice into smaller blocks. These blocks move downstream until they
encounter stationary iaver, or potentially some constriction in the river channel,

where they pile up and cause a jam (Beltaos, 2003).

Because icénfluenced flood events are caused by jams or by increased
resistance to flow, the floods typically result in much higher stiggswould be
produced by a comparable opeater discharge. In fact, igefluenced flooding
typically occurs at very low discharge values. Because of thimficenced
flooding must be analyzed based on stage frequency, rather than dischargefrequen
(USACE, 1991). However, developing a stdigguency for rivers where flooding is
influenced by ice is not typically a simple matter. Where gages do exist to monitor
stage, the ice may damage or interfere with the gage. (\ethaile 2000). Also, th
typical stagedischarge rating curves are not applicable when ice influences flooding

(Tuthill et al, 1996).

To conduct a frequency analysis of riverine flooding during the winter season
a mixed population approach must be taken because the annumumaitood may
be caused by ice or it may be caused by apater flooding in any given year. If the
data are not separated by causal factors, a mixed population analysis should be
followed. If the data are separated into subsets based on causal éactordyined
population approach should be followed. The assumption, when using the combined

population approach, that the frequency curves used to develop the combined curve
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are independent is a valid assumption when consideringwatam or iceinfluenced

flood events. It is also possible that aniicduenced flood event will not occur

every year, such that zeflood year analyses will be needed (USACE, 1991). The
procedure for conducting a flood frequency analysis for a river wheiefiobenced
flooding may occur involves two steps. First, flood frequency analyses are conducted
for winter season flooding, for both ice jam and no ice jam events. These two
frequency curves are combined into one winter season flood frequency curve. Then
the winterseason frequency curve is combined with the open water season flood
frequency curve, to provide an annual stbigguency analysis for the river (Tuthill

et al, 1996).

Bulletin 17B recommends the use of the-Pgarson Type Il distribution
with a weighed skew coefficient to model riverine flood events. However, as
pointed out by Morris (1982), these recommendations were not made for data sets
separated by causal factors. Morris (1982) suggests instead using tioertay
distribution to model icénfluenced flood events. It is not inherently clear what
distribution iceinfluenced flooding should follow, so the logrmal distribution is
suggested because it is simple and because it has been used previously (USACE,

1991). The loghormal distributiorwas also suggested by Tutleli al. (1996).

1.4.4.Snowmelt Flooding

In northern regions, snowmelt runoff serves as a major source of floodwaters.
In the western United States, most rivers are supplied by snowmelt from higher
elevation watersheds (Gottfrie2)03). Kattelmann (1990) provides a thorough

discussion on the various mechanisms that can generate floods in the Sierra Nevada
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region in the United States. In this region, snow is observed to accumulate in a
snowpack for approximately six to seven nienof the year, and to melt and cause
runoff over three to four months. Snowmelt floods occur annually during the spring
season, with sustained high flows, long durations, and large volumes. According to
Kattelmann (19991), these snowmelt floods can lmecbazardous not because of

their peak discharges, but because of their durations and volumes. Snowmelt floods

can be characterized by high water levels for a period of several weeks.

Though snowmelt floods can be quite significant events, they arepicalty
responsible for the highest instantaneous peaks observed. In fact, rainfall events
occurring on a snowpack have been responsible for the highest flood flows in the
Sierra Nevada region over the last century (Kattelmann, 1990)-0R&now events
tend to produce much greater peak flows in maritime snow climates than do either
rainfall or snowmelt events alone. In an examination of streamflow records for
California, Kattelmanret al.(1991) observed that the largest floods in the record

were cause by rairon-snow events in 17 of 18 rivers included in the study.

1.5. Goal and Objectives of Research

Currently, methods for calculating both the probability of flooding and the
flood risk from riverine and coastal sources are available. Methods forataiguhe
probability and risk from flood sources that are less common and not as easily
understood, such as pluvial or groundwater, are not as well established. Established
methods for calculating the probability of flooding that occurs from two or more

sources at the same time are also available. However, a fully tested method of
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estimating the probability that a given location will flood, given that the flood event
may be caused by multiple potential flood sources or some combination of those
flood souces is not available. Thus, it is not possible to provide a comprehensive

flood risk assessment for such locations.

Providing separate probability estimates of a location experiencing a riverine
flood and a coastal flood event does not provide thdikekhood of flooding at the
location, it only provides partial information, which can lead to inaccurate estimates
of risk. To fully understand the flood risk at a location, the likelihood of flooding

from all potential sources must be accounted fdrarderstood.

The goal of this research is to develop a method of combining flood
probability curves from multiple sources (riverine, coastal, pluvial, and/or
groundwater) to produce a comprehensive flood frequency curve for a given location
and show howhe calculation of flood frequency or probability impacts flood risk
assessment. This method will provide the true probability of a flood of a given
magnitude, or a given inundation level, occurring at a specific location of interest,
taking into accounthat the flood may be caused by one or more potential sources.
This asks the question AWhat is the probahb
three feet at a critical | ocation, regardl]I
opposed to the quésh asked by a more traditional flood frequency analysis, which
is AWhat is the probability that a riverin
at a critical | ocation?0o This anal ysis wi
from the soure of the flooding, where the stage or discharge of the river might be

measured, to the level of flooding at the location of interest, where the inundation
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experienced because of the flood event will be measured. By providing the
probability of a certaitevel of inundation at a given location, regardless of the

source or cause of the flooding, a comprehensive flood risk assessment can be
conducted, based on information about the consequences associated with floods of
different magnitudes and probabilitiesoccurrence. This comprehensive assessment
of flood probability and flood risk will allow for more informed decisioraking.

This approach will be contrasted with the assumption that flood risk studies based on

individual flood source probability cueg give acceptable estimates of risk.

The work that will be done to meet this goal will be exploratory in nature. A
methodology will be suggested based on tests for one location of interest. General
conclusions as to the success of the methodology cdrat from this small test,
but definitive conclusions about the usefulness should not be drawn without further
study and testing under different conditions. The factors to consider, as well as the
results of the procedure, will likely differ for eacltéion of interest. The results of
the study conducted for this research will only provide an understanding of the
potential of the methodology, and should only be used to determine whether further

study could be warranted.

1.5.1.Assessment of Multiple Populathns

In the process of conducting the research necessary to fulfill this goal, several
underlying objectives will also be considered. The first objective is to assess the
current methods for accounting for multiple populations in flood frequency analyses,
and b develop an updated methibdiecessary. Multiple populations are different

causal factors associated with a single source of flooding. For examgbngand
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rainfall events can each individually cause riverine flooding but they are separate
populations and the floods they cause may have different characteristics. The most
common method of accounting for multiple populations was described by Morris
(1982). This method separates the annual flood frequency record by causal factors
and developsréquency curves for each individual causal factor. Principles of
probability are then used to combine the individual frequency curves into a single
frequency curve for the source of floodinghis method requires an assumption that
each population undeonsideration be independent, which may realveasonable
assumption. Wether or not independence may be assumiktie determinegdand

an adjusted method will be developed for scenarios in which the assumption of
independence should not be mad&elength of record available at the location of
interest will determine the ease with which multiple populations can be considered, as
it will require that the record be separated into different records corresponding to each

population.

When considering nitiple populations, the concept of zeftood years may
need to be considered, as some hydrometeorological causal factors may not lead to
flooding every year. Examples of these include hurricanes or ice jam floods. A
record of annual maximum floods cadsy hurricanes will have zenalues for all
years in which a hurricane does not occur in the area of interest. While there are
accepted methods for accounting for zBood years in flood frequency analyses,
these methods typically do not perform wehen a large percentage of the flood
record consists of zero floggears. Therefore, an alternative method of accounting

for zero floodyears may be needed.
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1.5.2.Assessment of the Assumption of Independence or Dependence

A second objective to consider is arakation of the impact of the
assumption of independence of events that is commonly used in flood frequency
analysis. The flood frequency analysis procedure outlined in Bulletin 17B (IACWD,
1982) assumes that the annual maximum peak floods can be cedsidex sample
of random, independent, and identically distributed events. However, there has been
some debate as to whether or not they can be considered to be independent events.
Olsenet al.(1999) documented some variation in flood risk over timerdsulted in
statistically significant trends, which they claimed challenged the assumption that

flood events were a series of independent and identically distributed events.

The assumption of independence is particularly important when multiple
source®r causal factors could cause flooding. The method of comiopdlation
analysis developed by Morris (1982) requires an assumption of independence. In
northern areas, where ice jams or snowmelt floods combine with rajefadirated
floods, this assuption may be reasonable. In Tuthgtlal. (1996) the assumption
was considered to be reasonable when analyzing ice jam floods in a northern region.
However, in more southern regions, such as Sierra Nevada, California, studied
extensively by Kattelmanri990; 1991), rainfall may occur while a snowpack still
exists, leading to larger floods than would occur from either rainfall or snowmelt
alone. These events cannot be considered as independent events. Payton and
Brenedecke (1985) demonstrated this bgnaing the correlation between rainfall
and snowmelt events and finding a significant negative correlation between the two,

which suggested that they are not independent events.
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When considering whether or not the assumption of independence is valid,
storm and watershed characteristics may also be a faotsenet al. (1999) also
noted that in regions where rainfall and snowmelt events could cause floods, rainfall
floods would frequently follow snowmelt floods because of increased soil moisture
and baeflow from the snowmelt eveninterdependencies of rainfall and watershed
characteristics during a storm event may be responsible for causing a riverine flood
and a surface water flood at the location of interest. In this case, the flood events

certaily would not be independent.

1.5.3.Assessment of Uncertainty

A third objective to consider is an attempt to quantify the various sources of
uncertainty that could be associated with each of the potential sources of flooding.
The various sources of uncertaimtysociated with flood frequency analyses have
long been understood to be a problem. However, these uncertainties are difficult to
guantify, and their effects on flood risk assessments are difficult to evaluate. When
considering a flood frequency analysiased on many different flood sources, it will
be important to understand the various sources of uncertainty inherent in the analysis,

and how these uncertainties will impact the flood frequency analysis.

Many sources of uncertainty enter into flood @sEsessments. For instance,
the exact location of a flood event cannot be specified with certainty, nor can the time
or intensity of the event (Golding, 2009). Uncertainty in data influence how the
inundation of the surrounding land will occur. This banpredicted based on
knowledge of the topography, but there will always be some amount of uncertainty

here. In addition to the uncertainty associated with the physical processes causing
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flooding, uncertainty exists in the result of hydrologic and hyldrawodels used to
predict flooding. Understanding the uncertainties in both the physical processes and
the modeling of floods will prove valuable in improving the prediction of flood

events. By quantifying the uncertainties that may be associated fiatida

frequency analysis and determining which of these uncertainties are most significant,
an understanding can be developed of where to focus future research efforts to reduce
these uncertainties and improve the accuracy of flood predictions. Aesbach

will focus on developing a frequency curve based on multiple sources of flooding,
understanding the various sources of uncertainty associated with each will be
especially importantFor each flood source, the uncertainties will be identified and
generally categorized. The uncertainty associated with each category will be
guantified for each flood source, and illustrated using box plots or confidence

intervals.

1.5.4.Flood Risk Assessment

The final objective is to use the comprehensive flood frequanalysis
method to improve flood risk assessment by providing a more detailed understanding
of the flood hazard. An improved understanding of the flood hazard will result in an
improved understanding of the flood risk. The hazard in this case is theflevater
inundating the location of interest, which could come from a number of potential

sources.

The vulnerability of the system to flooding will be determined after the
location of interest is identified. The system will include argasures toeduce

flood inundation depthWhatever the system may be that is identified as protecting
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the location of interest, there is some probability that it will fail. This will be
identified as part of the vulnerability term of the risk equafobability nultiplied

by vulnerability multiplied by consequences)

To complete the flood risk calculations, consequences of the flood event must
be quantified. There are many ways in which consequences of a flood event could be
categorized and quantified. For insta, there may be economic consequences, such
as damages to structures and infrastructure, environmental damages, or loss of life or
injuries as a result of the flood event. For the purpose of providing an example of the
method, economic consequences dlconsidered because they can be easily
calculated and understobg using deptidamage curvesThe probability of
flooding will be multiplied by the vulnerability and expected consequences in order to

estimate the flood risk.

1.5.5.Benefits of Research

A number of benefits will come from the successful completion of this
research. The proposed research would provide a complete methodology for
estimating the likelihood of flooding and the flood risk for a given location. Many
reasons why a complete undarsling of the likelihood of flooding at a location
would be beneficial can be cited. This understanding could lead to better decisions
about landuse and development, including locating critical facilities, emergency
services, and infrastructure. Haviagcurate knowledge of flood risk in an area
would ensure that these critical facilities, services, and infrastructure were placed in
areas where they were truly at the least risk. New land developprejects could

also be prevented places where flabrisk is significant. If the decision is made to
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place new developments or critical facilities in areas that have high flood risk, at least
appropriate precautions could be taken to reduce the consequences of expected flood
events. Full information abotlood risk could also assist citizens in making

informed decisions about the need for and purchase of flood insurance, or use of other
methods to reduce their flood risk. With a full understanding of the flood risk of their
location, many citizens magalize that even though they are not at high risk for

riverine or coastal flooding, they are still at risk from other sources, and as such,

should consider purchasing flood insurance to protect their homes and possessions.

It is also possible that tHecation of interest could be an area being
considered for a restoration project. If, for instance, a constructed wetland were being
considered, it would be helpful to know that the location had a high probability of
flooding, to assist in the creationlofdric soils and wetland conditions. In creating
these projects, it may not matter so much where the water is coming from so long as
the water is there. Surface water or groundwater flooding may be just as likely to
lead to successful wetland creatiarverine flooding, so a comprehensive flood
probability analysis may suggest new areas where projects could be successful.
These are just a few examples of scenarios in which a complete understanding of the

probability of flooding and flood risk in aygn area would be beneficial to society.

1.5.6.Potential Challenges to be Addressed

In the process of developing the objectives of this research, several potential
challenges presented themselves. It was apparent thapttesgal challenges may
need to beonsidered in the course of conducting this research. The first of these is

the possibility of zerdlood years, which are years in which an occurrence of the
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event of interest, e.g., snegenerated flood, did not occur. Such lack of occurrence
can caus@roblems in calculating the probability of flooding when certain probability
distributions are used. The second is multiple populations, which are when flooding
can occur from multiple causal factors, such as rainfall and snowmelt. The
assumption of inelpendence of events is the third issue that will need to be addressed.
It is possible for the same storm event to cause flooding from more than one of the
potential causes. Fourth, different pdfs are frequently used to model the different
sources of floding. There may be difficulties associated with combining frequency
curves that are based on different distributions. Finally, the various sources of
uncertainty in these analyses, and their impact on the final calculation of flood

probability and riskmust be considered.
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CHAPTER 2

LITERATURE REVIEW

2.1.Flood Risk

Flood risk is the primary concept behind this research project. The research
goal is to modify the procedure for determining the probability of a flood event
occurring, in order to bettassess the risk of flooding at a given location. An
understanding of the recent research related to concepts of flood risk was, therefore,

required.

2.1.1. RiskBased Design and Operation

Plate (2002) defines risk management as a process that invodviedidwing
three different sstof actions, depending on the operators involved: actions necessary
to operate an existing system, planning for a new or revised system, especially when
the old system ceases to be acceptable, and the process of obkerbegttdesign
for and constructing a new project. Plate applies these principles to flood risk
management systems. When considering risk management for existing flood
protection systems, Plate considers the following four steps: risk analysis prindes t
basis for longterm operations and management actions, continuous maintenance and
improvement of the system, preparation for the possibility that the system could fail,
and providing disaster relief in the event that the system does fail. When ciogsider
options for modern flood risk management, according to Plate, the availability of

technology, financial resources, and the perception of the urgency of the need for
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protection must all be considered; one solution will not serve in all situations.
Important goals to consider when planning a flood risk management system include
objectives for safety and the preservation of natural systems. Overall, according to
Plate, it is not unusual to find, in planning a flood risk management system that no

one soltion actually meets all of the objectives identified in the planning process.

Jonkmaret al. (2009) applied the riskased design principles that have been
used by the Dutch for flood protection
They present perspective for longerm flood risk reduction in the coastal Louisiana
area that could also strengthen the natural ecosystem functions of the Mississippi
Delta, primarily focusing on hurricane protection. Several strategies were identified
by the studyegam, but the preferred strategy presented included a combination of
strengthened levees around the New Orleans metropolitan area and wetland
stabilization measures. The method of economic optimization, which balances
incremental investments in higher lésef safety with the risk reduction potential,
was utilized. This approach was used because it can account for local economic
factors and damage levels. The results of this study indicate that the optimal level of
safety for different protected areasSonuthEast Louisiana can be determined using

the economic optimization method described.

Bucheleet al.(2006) considered methods to improve flood risk assessment
through improved methodologies and improved data for quantification and mapping
of risks. The studies conducted included the estimation of extreme events that exceed
the design floods used in designing and constructing flood protection measures,

assessing the flood hazard and risk over the entire spectrum of potential damaging
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flood events, ad estimating damage by considering various buildamgl event

specific influences on damage levels. Specifically, Buokiese. discussed a
regionalization method for developing statgle flood probabilities in Baden
Wurttemberg, Germany. Their remuindicated that this regionalization approach

was capable of reproducing the shape of the statistical distribution of the flood event.
However, confidence intervals indicated that there is substantial uncertainty,
especially in areas of extrapolatiohhey also discussed flood damage estimation
using damage functions, which relate monetary damages to the depth of inundation
caused by the flood or the type or use of the building. They suggested that flood
damage will not only depend on the water dejpith the type of building, but will

also depend on other factors such as flow velocity, duration of inundation, sediment
concentration, flood warning systems, and the quality of external response to the
flood event, but as single comprehensive approacltofwidering these other factors

in estimating losses is not possible. In order to improve the ability of hazard mapping
to cover the entire spectrum of flood events, hydraulic simulation was coupled to a
GIS tool for flood damage assessment, based onliskdh stagealamage functions.

A methodology to reduce uncertainty in flood damage estimates when it was not
possible to conduct an individual site estimate was also developed that considered a

number of damage influencing factors other than water depth.

2.1.2. Bulletin 17B

One of the most important guidance documents for flood calculations
currently is AGuidelines for Deter mini

Hydrol ogy Subcommitteeo, al so known as
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doaument is an update of previous documents that describes all of the major elements
in the process of defining the flood potential at a given location, in terms of both peak
discharge and exceedance probability. Bulletin 17B was developed for the annual
flood peak discharge calculations in particular. Bulletin 17B contains revised
procedures for weighting a station skew value with results from a generalized skew
study, the detection and treatment of outliers, making comparisons between two
stations, computig confidence limits for a frequency curve. Bulletin 17B
acknowledges that risk and uncertainty are inherent in flood frequency analyses

(IACWD, 1982).

Several important techniques were developed in Bulletin 17B. First, the log
Pearson Type Il distriiion, a Pearson Type Il distribution with a log
transformation of the data, was suggested as the base method for analyzing annual
series of data using the generalized skew coefficient. A procedure for fitting the log
Pearson Type Il distribution to tlnual peaks was also suggested, and enabled the
logarithms of discharge values at selected exceedance probabilities to be computed.
The problem of zerflood years, acknowledged to be a problem in arid and-agahi
environments, was also addresséithemethod of accounting for zefftood years
includes conditional probability adjustments for determining the frequency curves.
The concept of mixed populations was also considered. The bulletin points out that
where flooding could be caused by mixed pagiohs, the flood record may not
necessarily be homogenous, and therefore may require special treatment during the

analysis process. It is suggested that if two or more distinct and independent causes
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of floods can be identified, it may be best to segeetiee flood record by cause,

analyze each cause separately, and then combine the data sets again (IACWD, 1982).

Stedinger and Griffis (2008) undertook to evaluate Bulletin 17B to determine
whether or not an update was needed. They state that floodisgscan average of
140 deaths per year in the United States and cost approximately $6 billion per year,
excluding the cost of flooding associated with Hurricane Katrina. In the opinion of
Stedinger and Griffis, Bulletin 17B is a good document, but threréoagstanding
problems that were identified that need to be addressed. In fact, there have been
recent advances into many of these problems, suggesting that it is time to update the
Bulletin to maintain the statistical credibility of the guidelines sidrovide accurate
risk and uncertainty assessments. One significant problem identified is that the skew
map provided in the document was first published 30 years ago and has not been
updated since. Bulletin 17B includes a list of issues within therdent that are
recommended for additional study. This list includes flood frequency distribution
selection and fitting procedures, identification and treatment of mixed distributions,
identification and treatment of outliers, treatment of historical méiion,
confidence limits for the Pearson Type Il distribution, use of precipitation
measurements in estimates of flood potential, estimation of flood potential at ungaged
sites or in watersheds with limited records, and estimation of flood potential for
watersheds that have undergone urbanization or have reservoirs. According to
Stedinger and Griffis there has been progress relating to at least half of the items on
that list. They claim that further research is still needed to update low outliers and

historical flood procedures, plotting positions, and confidence interval computations.
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Also, the regional skew map should be updated to account for the additional 30 years
of data that are now available. Stedinger and Griffis also suggested that the flood
management community in the United States should adopt the Expected Moments
Algorithm (EMA), which provides a direct fit of the ldgearson Type Il distribution

using the entire data set.

Griffis and Stedinger (2007a) provided a thorough review ohistery of
Federal guidance into flood frequency analysis, focusing primarily on the evolution of
Bulletins 17 through 17B. The paper explains the original political motivations
behind Bulletin 17, the changes that occurred between Bulletin 17, Bulf&irahd
Bulletin 17B, and provides a review of recent research that might be considered in
revising Bulletin 17B. The conclusion of this review is that although Bulletin 17B is
a wonderful document that has provided strong guidance for 25 years, it isnew
to update the guidance provided within it. Specific areas that need updating include
outlier and historical flood procedures, plotting positions, confidence intervals, and

regional skew estimators, to provide methods that are more efficient ansteons

2.1.3. Assessing Probabilities of Flood Events

According to Apipattanavist al.(2010) the traditional parametric methods
used in design flood computations assume that the annual maximum floods in the
data set are independent of each othentidally distributed, and also drawn from
some homogeneous population with a known probability distribution function (pdf).
The pdfs most often used are{Bgarson Type lll, logqormal, and extreme value
Type | distributions. While statistical tests st to discriminate between these

distributions, it is often difficult to distinguish between the candidate models for a
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given data set. Also, the béttcriteria used to evaluate the distributions tend to
emphasize the fit of the distribution as aokeh rather than emphasizing the fit in the
tails. Overall, there remains considerable uncertainty as to which model provides the
best estimation of the upper flood quantiles. One possible explanation for the overall
poor fit of single population distnittions to flood data is that floods are often caused
by two or more distributions, as opposed to the single distribution assumed in the
traditional method. Noparametric methods; however, do not assume any
distributional form for the data. This studyatvates a higheorder nosparametric
estimation scheme, called local polynomial regression (LPR), which has improved
upon the existing kernel quantile estimator. Significant detail is given on the LPR
based estimator and its ability to reduce boundasplpms, or biases in the tails,

seen in the kernddased method. The LPR quantile estimator is tested on a number
of synthetic heterogeneous data sets composed of mixtures of the conventional
distribution populations. The estimator is then tested onsfioeamflow data sets

that were identified as exhibiting mixed population characteristics. For all of the
parent distributions, the LPR estimator was observed to provide good performance,
though some bias on larger return periods was identified. Nahe trfaditional
parametric and homogeneous distributions were observed to perform so well on the
parent distributions, possibly due to their inability to recognize the mixed populations

in the data.

Griffis and Stedinger (2007b) conducted a very thorougimenation of the
log Pearson Type lll distribution and its appropriateness for use in flood frequency

analyses. The purpose of thisdy was to evaluate the methotimoments
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estimator in log space relative to a number of other quantile estimatadng for t
distribution. A Monte Carlo analysis was used to compare the methmdments
estimator in log space and real space with maximuetifi@od estimators and a
methodof-mixed-moments estimation. The most commonly used estimators with the
log Pearson Tpe Il distribution are the metheaf-moments in log space, the

maximum likelihood, and the mixed moment estimators, though the method
moments estimator in real space is also typically reasonable. The method of moments
estimator recommended by Bullefi@B was observed to perform as well as the other
methods for the range of parameters of interest. Of the methods not using regional
skew information, the method of mixed moments was observed to perform best and
was found to be comparable to the meth@dmemended by Bulletin 17B. Overall,

the log space metheaf-moments estimator was found to perform better than the
maximum likelihood estimator and was concluded to be a robust method that

performed well when regional skew information was available.

2.1.4. Joint Probability Assessment

Joint probability has been thoroughly investigated in the United Kingdom.
Samuels (2002) describes work done to better assess the risk of flooding along the
shore of Cardiff Bay, after the Cardiff Bay Barrage was installBhis analysis was
not done thoroughly prior to the installation of the barrage, as the computing power at
the time was not yet advanced enough. The objective of this research was to assess
the actual flood risk to the inland bay with the barrage arafmon. In conducting
these analyses, a formal joint probability analysis of water levels in the inland bay

caused by the interaction of tides, river flows, and the operation of sluices on the
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barrage, was used to determine the level of protection madig the barrage.

Samuels first developed cumulative exceedance probability functions for both the tide
and the river flows and volumes, using observations and previous analyses. Then the
JOIN-SEA software was used to establish the degree of correlstareen the flood

flows and tidal levels. From this study Samuels was able to conclude that the barrage

had substantially reduced flood risk in Cardiff Bay (Samuels, 2002).

Hawkes (2008) has also conducted a number of studies focusing on joint
probability. In Hawkes (2008) he suggests that the purpose of a joint probability
analysis is to estimate the likelihood that two or more relevant source variables will
take high values at the same time, which could lead to flooding. To conduct a joint
probabilty assessment of extreme values it is necessary to know the distribution of
each variable, the extreme values of each variable, and the dependence between each
variable pair. Hawkes discusses three methods that are commonly used to present the
results ofa joint probability exceedance assessment, the joint probability density, the
structure function, and joint exceedance extremes. He considers all three methods to
have some value, and based on his test cases, believes that all three methods can give

rea®nable results if they are applied and interpreted correctly (Hawkes, 2008).

Yueet al.(2001) suggesteithat assessment using singkriable hydrologic
frequency analysis could provide only a limited assessment of complex hydrological
events. They bBeve that complex hydrological events such as storms and floods
appear to be multivariate events that can be characterized by some number of
correlated random variables. To fully understand the multivariate hydrological events

requires the study of theipt probabilistic behavior of the identified correlated

55



variables being used to characterize the event. Though the gamma distribution is
generally used in practice, this study evaluated the bivariate gamma or bigamma
model that could be constructed fremecified gamma marginals. A number of
different bivariate gamma distribution models, including the Izawa bigamma model,
the Moran model, the SmihAdelfangTubbs (SAT) model, and the Far@umbel
Morgenstern (FGM) model, were considered. It was deterdniihat the I1zawa,

Moran, and SAT models could be used to represent the joint probability distribution

of two correlated random variables with different gamma marginals, as required.

Yueet al.(1999) did very similar work with mixed population flood
frequency data and the Gumbel distribution. This study examined using the Gumbel
mixed model, the bivariate extreme value distribution model with Gumbel marginals
to represent the joint probability of flood peaks and volumes and the joint probability
distributions of flood volumes and durations. The model was verified using data from
the Ashaupmushuan basin in Quebec, Canada. It was determined that using this
model, if the marginal distributions of the two random variables were able to be
approximated by th&umbel distribution, the joint probability distributions,
conditional distributions, and associated return periods, could be readily determined

(Yueet al, 1999).

2.1.4.1. BoxCox Transformations to Normal Distributions to Determine Joint
Probability Didributions

Yue (2000) applied the ideas of joint probability analysis to annual maximum
storm peaks. Storm severity is a function of both the storm peak intensity and the

total amount of rainfall. The focus of this research was to use the bivariatd norma
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distribution to represent the joint probability distribution of storm peaks and amounts.
Yueds procedure involved transforming t
distribution using various Befox transformations and representing the joint

distribution with the bivariate normal distribution. The model was verified using data
from two meteorological stations in different climatic regions of Japan. Through this
method, Yue claimed that the joint cumulative probability distribution functien, th
conditional cumulative distribution function, and the associated return periods could
easily be determined. This method was found to be able to provide information

which would not be obtained by traditional single variable storm frequency analysis

(Yue, 2000).

Loganatharet al.(1987) developed a methodology utilizing the Boax
transformation to determine the joint probability distribution for stream flows and
tides in a tidal estuary. The B@ox transformation was used to transform the
original steam flow and tidal measurements to approximately normal distributions.
From this point, the joint normal distribution could be calculated as the joint
distribution. This allowed exceedance probabilities to be calculated for various
combinations of strema flow and tidal values. In laying out their approach, the
authors also did not assume that there would be statistical independence between the
random various under consideration. The methods were applied to the Rappahannock
River, which drains into th€hesapeake Bay. Results indicated that the Bax
transformation gave satisfactory results for the joint probability distribution and
indicated that the assumption of statistical independence may not result in

conservative design calculations.
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2.1.4.2.Use of Copulas to Determine Joint Probability Density Function

The literature available of the use of copulas in hydrologic applications is
rapidly increasing. Though copulas first raised interest in the financial world, their
applicability to hydrologi@pplications has long been recognized, and has

increasingly studied in recent years.

2.1.4.2.1. Explanation of Copulas
Genest and MacKay (1986) provided an early view of copulas for
mathematical and statistical use. This paper provides an overall icticydto the
subject and use of copulas, with a focus on symmetric copulas classes and copulas
with singular components. A discussion on the relationship between copulas and
Kendall 6s U, one of several measuwses of de

was also provided.

Genest and Favre (2007) have provided a much more detailed discussion of
copulas and their use in hydrologic applications. A thorough overview and
explanation of copulas is presented, along with a simple example problem to further
illustrate the concepts explored. Copulas techniques are applied to a set of annual
maximum streamflow and corresponding volume in the Harricana watershed in

Quebec.

Salvadori and De Michele (2007) illustrate the importance of being able to
model the joindependence between various random variables that describe
hydrologic events. They examined several of the more recent uses of copulas in

hydrological applications. In particular, they discussed the calculation of conditional
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probabilities, level curvesf joint distributions, return periods of bivariate events, the
concept of the secondary return period, trivariate models for storm events, calculation
of storm depth, and calculation of convolution variance. The purpose of this study
was to review the cent advances and to provide a more thorough understanding of

the applicability of copulas to these scenarios.

2.1.4.2.2. Example Uses of Copulas

There have been many illustrations of copulas applied to hydrologic problems
in the literature. De Micheletal. (2005) address the design of dam spillways using
copulas. Both flood peak and flood volume were identified as important
characteristics to consider in designing dam spillways, and the dependence between
the factors was recognized. Thus, a bivagatdability distribution was developed
using 2Copulas for use in spillway design. The adequacy of this method was

demonstrated with a synthetic data series.

De Michele and Salvadori (2003) considered the use of copulas in modeling
rainfall events. Chacteristics used to model these rainfall events are typically storm
duration and average intensity, which have been shown to be dependent. This study
suggested the use of heavy tailed Paliktodistributions, rather than the typical
exponential distribtions, for modeling of the marginal distributions, and the use of a
2-Copula to model the dependence between variables. -Cop@la was found
suitable to model the marginal variability of the storm characteristics as well as the
joint variability. The 2Copula approach proposed was illustrated with a theoretical

case study.
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Klein et al. (2010) also evaluated the use of copulas for hydrologic design, by
conducting a risk analysis of a flood control structure. They defined a flood event
based on multipleharacteristics, including peak flow, volume, shape, and duration
and suggested that a multivariate analysis based on those variables would be
necessary to obtain the probability of a given flood event. Copulas were considered
to avoid the many problentat have been associated with the use of multivariate
distributions for dependence modeling. An example based on the Unstrut River in
Germany was provided. The results of this study indicated that it was quite beneficial
to consider flood volume in adain to flood peak, as is currently typically done, in

risk-based planning and design applications.

Favreet al.(2004) also suggest the use of copulas to avoid the drawbacks
commonly associated with multivariate distributions. Two hydrologic applicatbn
copulas are presented. The first focused on combined risk in a frequency analysis,
with four different copulas evaluated to model peak flows in a Quebec watershed.
The second considered the joint modeling of peak flows and volumes on a river in

Quelec.

Wanget al.(2009) applied copulas to develop joint probability distributions
for coincident flows. Their interest was in the protection of critical infrastructure
located near the confluence of streams. The bivariate distribution of desigmfiows
the confluence location was developed using a proposed Cloasta Flood
Frequency (COFF) method, modeling the marginal distributions based on
Archimedean copulas. The results of the COFF method were compared to the

commonly used National Flood Freauey Program method of regional flood
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frequency analysis. A case study in the Des Moines River in lowa and Monte Carlos

simulations were used to demonstrate the success of the proposed method.

Kao and Govindaraju (2010) assessed the ability of coputasdel the
characteristics of droughts. The proposed method, based on the standardized index
algorithm, was designed to account for seasonality in the marginals of the streamflow
and precipitation. The dependence structure was characterized with niintele
windows, ranging from one to twelve months. A joint deficit index was developed
based on the copulas, which could give a description of the drought conditions based
on probabilistic analyses. The index was successful in predicting droughts, &hd cou

be used with hydrologic variables as well.

A unique application of the copula method by Wahgl.(2012) used
copulas to assess the probability of eutrophication in water bodies. This analysis
focused on the relationship between the Chlorophylneeatration and various
environmental factors such as dissolved oxygen, total nitrogen, or total phosphorous.
Archimedean copulas were used to assess the relationship between Chlorophyll a and
various environmental factors in Wulihu Lake, a eutrophic ilakehina. For several
environmental factors, conditional joint return periods are calculated, which provide
information about the likelihood of algal blooms based on the concentrations of the
environmental factors such as nitrogen and phosphorous. dthedrpresented in
this study provides an effective tool for managing and treating eutrophic lakes based

on an understanding of the interactions between the variables causing eutrophication.
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Singh and Zhang (2007) used copulas to develop intetigigtion-frequency
(IDF) curves, which can be considered as joint frequency distributions of rainfall
intensity and duration. Typically, IDF curves are derived using univariate methods;
however, this has been because of the past difficulties in bivariate analyjse
ability of the copula to derive IDF curves through a bivariate method was investigated
in this study. The study madse of the Frank copula famiyith rainfall depth and
duration as the marginals. Hourly rainfall data were obtained from sixjagjes in
Louisiana and cumulative rainfall depths and average rainfall intensities were
calculated for each stornA series of annual maximum rainfall depths and
corresponding duratiomgsulted Marginal distributions were fitted to these annual
maximum series, and the dependence was <cal cul
copula parameter was calculated and the joint distribution was calculated using the
Frank copula equation. The IDF curves calculated based on the copula method were
compared toDF curves calculated empirically and based or4UP Reasonable
agreement was observed between the celpased and empiricallgased IDF curves,
both of which were bivariate analyses, while in some cases quite large differences

were observed between tbepula method and the method outlined ir4iP

2.1.4.2.3. Copula Modeling of Multiple Flood or Storm Characteristics

Many of the hydrologic applications of copulas have focused on modeling the
joint distribution or dependence of some combination oftflpeak, volume, and
duration, or rainfall depth, duration, and intensity. Grimaldini and Serinaldi (2006b)
considered three characteristics of rainfall events, the critical depth, the peak, and the

total depth. The multivariate statistical analysis appihovas used to assess data
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collected for these three characteristics. -Bdpula was sed to determine the
distribution of the characteristics. This allowed a return period to be relatatidal
depths, which allowed fatetermination of peak andt&b depth in a probabilistic

manner without preconceived expectations of the design hyetograph pattern.

Kao and Govindaraju (2007a) also considered a bivariate analysis of extreme
rainfall events. Copulas were used to analyze rainfall total depth,afyratid peak
intensity in order to describe the dependence between the variables. Bivariate
distributions were developed for these characteristics and compared to univariate
distributions developed based on conditional distributions using traditionabdseth
For rainfall events of short duration, the traditional methods were observed to
perform reasonably well, but copula methods were found to perform better for longer

storm events.

Zhang and Singh (2007a) considered the development of a trivaridedi rain
frequency analysis based on copulas. The Gubabaard copula was tested in
this application to get away from the common assumptions that the rainfall variables
are independent and normally distributed. Using the copula, joint conditional return
periods were developed and the trivariate distion was evaluated using dditam
the Amite River Basin in Louisiana. The copula method was also compared te a Box

Cox transformed trivariate normal distribution, and found to perform better.

Kao and Gowidaraju (2007b) considered the relationship between rainfall and
runoff using copula techniques. Rainfall storms were defined based on their average

intensity and duration. The bivariate distribution developed using this information
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was used to develope probabilistic structure for surface runoff, based on the
Natural Resources Conservation Service (NRCS) rainfall runoff model. The
dependence between rainfall characteristics was found to significantly impact the
rainfall excess properties, which influges surface runoff. A case study was
illustrated for Indiana. It was observed that copulasdoadt offer simplifications to

rainfall and runoff scenarios over more complicated multivariate stochastic models.

Zhang and Singh (2006) have also applieputas to analyze multiple
characteristics of flood events. The bivariate distribution of flood peak and volume
was considered in this study. Joint conditional return periods, required for design
applications, were obtained from copulas. Qaeameter Achimedean copulas were
chosen to determine the joint probability distribution of the flood characteristics, with
the GumbeHougaard copula observed to be the best fit. Both the Gumbel mixed
distribution and the bivariate BeRox transformed normal digbution were
compared to the copulderived distribution, and the copula distribution was observed

to better fit the data used in this study.

Zhang and Singh (2007b) conducted a similar study focusing on the trivariate
distributions of flood peak, volumand duration. Conditional return periods were
again developed based on the copula distributions. For given recurrence intervals, the
magnitude of peak discharge wasedmined using the trivaria®umbelHougaard
copula, the trivariate normal distribati, and a joint distribution that assumed the
three variables were independent, with the copula method observed to best fit the data

used in this study.
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Grimaldi and Serinaldi (2006a) also attempted to model the trivariate joint
distribution of flood pek, volume, and duration. To do so they used the asymmetric
Archimedean class of copulas. After determining the joint distribution of the three
flood characteristics, the authors defined the bivariate distribution of the flood
volumes and durations comidned on the flood peak discharge values. Simulations
were used to illustrate differences between the use of symmetric and asymmetric

Archimedean copulas.

2.1.4.2.4. Use of Different Copula Families

Many authors have investigated the use of differentli@s of copulas in
hydrologic applications. Renard and Lang (2007) considered the use of Gaussian
copulas for extreme value analysis. The article provides a series of case studies
related to hydrologic applications. The case studies demonstratingetlod
Gaussian copulas highlight applications to field significance determination, regional

risk analysis, discharggurationfrequency models, and regional frequency analysis.

Genestnd Rivest (1993) focusanh the Archimedean class of copulas, which
includes a number of wetinown bivariate distributions. The focus of this study was
the selection of the Archimedean copula best able to represent the existing
dependence structure between the sample values of the random variables. The article
offers a me-dimensional empirical distribution that is applicable regardless of
whether the Archimedean copula is appropriate or not, and regardless of the marginal
distributions of the random variables. This method provides a strategy for choosing

the most appragate Archimedean copula family for a given set of data.
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Serinaldi and Grimaldi (2007) described an inference procedure for
asymmetric Archimedean copulas which would allow for trivariate frequency
analyses. A secondary purpose of this study was tieefustress the importance of
asymmetric Archimedean copulas in applications involving flood and sea wave data.
Differences between asymmetric and symmetric Archimedean copulas are
highlighted in addition to illustrating the inference procedure. Finallyymber of

goodnes=f-fit tests applicable to choosing the béging model are described.

2.2. Potential Sources of Flooding

As discussed previously, there are many potential sources of flooding, any
combination of which might potentially impacgaven location. Therefore, a
thorough understanding of the current research related to each of the identified flood
sources was necessary to advance this project. The goal was to identify methods
being used to model each source of flooding, as wellyaseaent suggestions for

determining the expected probability of flooding from each source.

2.2.1. Riverine Flooding

Riverine flooding is one of the most commonly recognized sources of
flooding throughout much of the world. Recent research focused orlingpdk
riverine flood events, and the calculation of the probability of riverine flood events

was examined.

2.2.1.1. Modeling of Flood Events
Cullmannet al.(2009) presented a methodology using Monte Carlo

simulation to model flood inundation and floamtdécasting.A distributedrainfall-
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runoff model with multiple parameter sets assigned using artificial neural networks
was used The purpose was to evaluate the possibilities of communicating flood
warnings. The problem with the current method of modefiood inundation based

on the concept of return periods is that it suggests a level of security to people living
in risky areas because the majority of the public are not able to understand and
interpret the statistical meaning of return periodgarningsbased on probability can
better reflect the uncertainty in flood forecasts. The ability of the model developed to
produce fast probabilistic flood warning was tested on the Freiberger Mulde
catchment in Eastern Germany. While the model was observedtierpredict some
floods, it was overall determined that using the absolute frequency to produce flood
warnings was more comprehensive and easier to understand than using the relative
flood frequency. The results indicate that it is possible to prediate

meteorological events in neggal time, and to combine rigorous physicdigsed
catchment modeling and probabilistic evaluation of flood events. The results also

suggest that the uncertainty of the initial hydrological conditions can be evhluate

Bales and Wagner (2009) also considered the impact of uncertainty in flood
predictions. They acknowledge a growing understanding of the need for more and
better flood information. They were particularly interested in FEMA flood maps as a
flood risk @mmunication method. They point out that there is an amount of
uncertainty associated with these flood maps that is not always recognized by users of
the maps. This study was specifically interested in the uncertainty associated with
flood inundation mapproduced using LIDAR topographic data an@-dimensional

hydraulic models. ldentified sources of uncertainty in these maps come from
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hydrologic data, topographic data, and from the hydraulic modeling. They concluded

that the most important factors nesary for accurate flood inundation maps were

high-quality topographic data and the appropriate application of hydraulic modeling.

They also noted that the assumption of ste
maps, can have major effects on the simulatioitood inundation, and in some cases
unsteadyflow models may be required. Bales and Wagner (2009) offer the

suggestion that it may be necessary to replace the typical flood inundation boundaries

with zones of a certain probability of flooding, as ¢nsen boundaries are not likely

accurate due to the uncertainties inherent in the mapping process.

Wheater (2000) reviewed the current state of flood modeling,amith
emphasis on rainfallunoff, climate and flood routing models. He states that for the
best results from modeling of inundation, a dynamic model would be needed to
represent the effects of transient storage. The alternative would be astady
anal ysis based only on the peak flow of th
review, nost twe and threedimensional modeling use steashate computations
over fairly short lengths of river reach with conventional numerical schemes.
Wheater also assessed the state of uncertainty modeling, stating that uncertainty can
now be represented flood inundation simulation exercises, but this idea has not yet
taken firm hold in decisiosupport systems. Wheater suggested that ultimately,
some modeling framework that integrates models for rainfialbff, climate, and

flood routing, will be requied for adequate decisieupport.
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2.2.1.2. Probabilities of Occurrence of Riverine Floods

Karmakar and Simonovic (2008a) attempted to better select the marginal
distribution functions for flood characteristics using both parametric and
nonparametric estiation methods and to demonstrate how these marginal
distributions could be used in determining joint distribution functions. In traditional
methods of flood frequency analyses marginal distribution functions of key flood
characteristics (peak flow, volumand duration) are considered to follow some
parametric family of distribution functions; however, it does not seem necessary that
all three characteristics should follow the same distribution family, nor is there a
universally accepted distribution asgded with hydrologic variables. The limitation
of parametric methods is that a distribution function mustdsemegdwhile for
nonparametric methods no such method is necessary. To evaluate the various
distribution functions based on parametric andpamametric methods, 70 years of
flow data from the Red River near Grand Forks, North Dakota, were used. Two
methods of estimating marginal distributions were tested: a nonparametric univariate
kernel estimator with optimal bandwidth for each flood charéstic determined and
a method based on orthonormal series. It was observed that the orthonormal
distribution method was better able to model a distribution with a binomial shape than
any of the parametric methods used for comparison, and that theavrttadiseries
method is more appropriate than the kernel method for determining marginal
distributions. The primary advantage of the orthonormal method is that it can
estimate thenarginalprobability distribution function over the entire range of

possiblevalues.
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Kamakar and Simonovic (2008b) evaluated the ability of copulas to model the
dependence structure between flood characteristics (peak flow, volume, and duration)
independent of the marginal distributions of those characteristics. Use of dopulas
model joint distribution allows marginals to be selected for flood characteristics from
different marginal families. Bivariate copulas were used to determine bivariate
distributions between the three flood characteristics. Three widely used Archimede
copulas were evaluated in this study: theMikhail-Haq, the Cooklohnson, and the
GumbelHougaard families. The GumbElougaard was found to be the best family
for this particular application and was used to obtain joint cumulative frequency
distributions for various combinations of the flood characteristics. Conditional
probabilities and their corresponding return periods were also calculated using this

methodology for different combinations of the flood characteristics.

2.2.2. Coastal Flooding

Coastal flooding is the other most commonly recognized source of flooding,
as throughout the world, large populations live along the coasts. Recent research on
the modeling of coastal flood events, the effects of anticipatelbgelrise due to

climate clange on coastal flooding, and joint probability concepts were examined.

2.2.2.1. Modeling of Flood Events

Zerger and Wealands (2004) developed a deterministic flood model as a
mitigation measure to predict flood inundation. This model was intendedvae
a decisiorsupport tool that could integrate the output of the flood model with a GIS
system. This model is able to incorporate consequences into the risk model. The

model was used to create a hazard database for the coastal community of Cairns,
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Australia. A total of 24,669 commercial and residential buildings in Cairns were
examined and integrated into a GIS model. Of particular concern to the model were
building attributes such as floor heights and building materials. Adimensional
hydrodyhamic storm surge model was used to examine coastal inundation. The
inundation model is believed to be the necessary starting point for addressing coastal
management challenges. The next step is to integrate this model with other databases

to examine otér problems, such as the need to evacuate.

Poulter and Halping (2008) examined some of the processes used in modeling
of coastal flood inundationThey assessed the impact of horizontal resolution of
elevation data sets and connectivity rule appliedécetbvation grid cells influenced
the extent of modeled flood inundation. Elevation data were obtained_fio&iR in
6-m versus 15n DEMs. Three connectivity approaches were also examined. The
first method, referred tagridcsll agfloosleddibsat ht ub 6
elevation was less than the predictediseal elevation. The other two approaches
were very similar to each other and allowed a grid cell to be flooded if the elevation
was below the sea level and an adjacent cell waddlbo The difference between
these two methods was how adjacent cells were defirsény the fowsside or the
eightside rule The study was conducted in the coastal plain of North Carolina and a
number of inundation scenarios were computed and mapsdedifferences were
observedn the inundation extent depending on the horizontal resolution of the DEM
and the connection scenario used. For instance, the REM was observed to
predict greater inundation extents than the ®EM. In terms of conrativity, the

Obathtub6é approach al ways produced the | ar
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eightside rule, with the fouside rule producing the smallest inundation extent. This
study should be taken as a note of caution, suggesting thgirdagssg and

modeling choices can significantly impact the model outcome.

Golding (2009) evaluated the uncertainty in the parameters associated with
flooding from various sources. A modeling exercise was conducted focusing on a
coastal flood event with an elemt of surface water flooding near the end of the
coastal event. A combination coastal and surface water flooding event was chosen
because fluvial flooding has already been thoroughly studied. The specific event
simulated was an extreme astronomicalrgptide with a meteorologically generated
storm surge combined with a severe thunderstorm. This simulation was based on real
events so that the uncertainty in the forecast could be simulated. This modeling
exercise illustrated that forecasts of excemti@iorm surge could be forecast with
accuracy several days in advance and illustrated the importance of including an

estimate of uncertainty in the modeling process.

2.2.2.2. Incorporation of Sedevel Rise into Coastal Flooding

Kirshenet al.(2008) exanined various potential sdéavel rise scenarios with
respect to the possible changes in recurrence intervals of storm surges in the northeast
United States. Data were obtained for five cities, Boston, MA, Woods Hole, MA,
New London, CN, New York, NY, andltlantic City, NJ. The first step in this
analysis involved removing any evidence of trends from the data sets so {leatetea
anomalies could be examined. They used the Generalized Extreme Values (GEV)
distribution to conduct a frequency analysistlo& annual maximum anomaly values.

The return periods of the maximum anomalies during severakweiln coastal
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events in 2005 were determined with this methodology. The results of this study
indicate that the storm event currently classified as they@&@6event will become
the storm event expected to occur at least once every 30 years, or possibly more

frequently, depending on the different dewel rise scenarios.

Purviset al.(2008) developed a methodology that could estimate the
probability of mastal flooding in the future, considering the uncertainty related to
sealevel rise. Because coastal flood defense structures typically have design lives
between 50 and 100 years, it is important to estimate futuessaise as projects
are plannedPreviously developemhethods have typically been based on
deterministic modeling of inundation, which masks uncertainty and does not allow for
expert knodedge to be considered/arious sedevel rise scenarios provided by the
IPCC Third assessment warged to suggest a plausible distribution for the scenarios.
Monte Carlo simulation was used to sample from this distribution and produce sea
level rise values that could then be added to water levels estimated for given
recurrence intervalsThis methodallows predicted flood extents to be weighted by
the probability of the sekevel magnitude used to make the prediction. Accumulating
these weighted values, the probability of flooding for particular recurrence intervals
can be estimated while consideyithe uncertainty associated with future-kaeel
rise. The methodology was applied to a 24 square km area in a coastal estuary of the
River Severn in Somerset, England. #1200 year coastal flood event was
estimated using this methodology and tlaelitional methodology for the sake of
comparison. This illustrated that using a single value ofesed rise can

significantly underestimate the monetary impacts of a flood event, as this method
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does not account for events with low probability and lughsequence. Purwes al.
conclude that the developed methodology is better able to predict future coastal flood
risk considering uncertainty, and they state that the methodology could be applied to

other sources of uncertainty in the analysis, as well.

Murdersbach and Jensen (2009) developed an approach for calculating
exceedance probabilities for coastal flooding based on annual maximum sea level
data based on usira extremevalue analysis. The analysis accounted for the
possibility of nonstationan in the data. The first step was tests on the mean and the
variability of the data to assess the datanonstationarity To account for
nonstationarity the parameters of the GEV were replaced withdapendent
parameters, which allowed the reswfthe analysis to vary with time. Annual
maximum watetlevel data collectefom 1849 tc2007 were used, with annual mean
tidal high water levels being used to normalize the data. The analysis was compared
to an analysis performed using the assumptistaifonarity. The results indicated
that a parametric approach was needed to extrapolatelépendent parameters in
an extreme value analysis. Murdersbach and Jensen recommend this nonstationary
GEV approach because it is able to extrapolate futgigunievater levels using a

physical basisndit can be used to incorporate climate change scenarios.

Pirazzoliet al.(2006) examined recent trends in$&eel, storm surges, and
related meteorological parameters. Their analyses focused on the eaastiof the
English Channel. They also considered possible changes in local flood risk. The goal
of this research was to provide information that could assist in understanding erosion

trends in the English Channel coastal area and in validatinguide-wave models.
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A total of 114 equivalent full years of hourly tidal records from six British gage
stations and over 170 years of data from six French gage stations were used.
Prediction software was used to calculate astronomical tidal values for eath ho
data point, and the surge was defined as the difference between the obseleeel sea
value and the predicted astronomical tidal value. This procedure can provide
information about the occurrence of surge events from various stormdevBksa
wereobserved to be rising comparatively rapidly at each gage station used, which

was believed to be the most significant fa@taincreasing future flood risk.

2.2.2.3. Joint Probability Considerations

Hawkeset al. (2002) state that determining the probigpibf failure of a
coastal defense mechanism is a key step in protecting against extreme coastal
conditions. In estimating the probability of failure, waves and water level both play a
role, so a joint probability analysis is necessary. Because wadegader level are
not typically independent, the joint probability analysis is somewhat complex. They
consider three potential joint probability approaches: a structure variable approach, a
joint exceedance approach, and a joint density approach. Theéisity approach
outlined requires the preparation of input data (records of wave height, wave period,
and water level), fitting statistical distributions to each variable, simulation of large
samples of each variable, and then an extremes analysssmé&tihod was found to
be consistent and reliable, even for high return periods. This approach appears to be

more objective and flexible thalternate methods that have previously been used.

Coastal flooding is typically the result of the joint occureen€high water

levels and large waves, which are partially correlated. Gatrey. (2007 identified
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and tested three approaches that could be used to estimate coastal flood response
levels and their probabilities, accounting for the joint probalulitthe water level

and the wave events. The three approaches are forcing event selection, time series
response, and Monte Carlo response. Each approach was used to estimate the 100
year flood event for a location in the Strait of Georgia region of tigetPSound in
Washington. The flood response parameter selected was the wave runup elevation.
For forcing event selection three water level and wind and wave events were
estimated to approximate the 19€ar flood response. For time series response the
wave runup elevation was calculated for ayR4r data series of measured water level
and wind data, and then the 1@€ar flood response was estimated using extreme
value analysis with a Gumbel (Extreme Value Type I) distribution. For Monte Carlo
respons a large statistical sample of the forcing parameters was simulated. This joint
probability was calculated using a program known as J&HA, and a bivariate

normal distribution was used. Advantages and disadvantages of each method were
identified. Inusing forcing event selection, the level of uncertainty is highest and the
accuracy cannot be known without actual flood data. However, forcing event
selection is an efficient engineering tool and it is in line with local engineering
practices based on garience in the field. The most conceptually strafghward

method is timeseries responseihich involves the least amount of judgment in
application. However, the accuracy is largely dependent on the flood response
calculation method used and thererte probability distribution chosen. Finally, the
Monte Carlo response method was found to be the most conceptually and

computationally intensive, but it was also found to yield the most information.
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2.2.3. Surface Water (Pluvial) Flooding

Flooding caued by surface water flooding, also sometimes referred to as
pluvial flooding, is not currently a wetkecognized or understood cause of flooding.
The recent research identified focused on modeling of pluvial flood events,
determining the probability of carrence of these events, and providing warning and

prediction services.

2.2.3.1. Modeling of Flood Events

Leitaoet al.(2009) examined digital elevation mod@dBEMS) for use in
modeling surface water flooding. In order to accurately model pluvialifigazhd
calculate the volume of water flowing over the land surface, a detailed representation
of the land surface is required. To ensure model accuracy, ponds and flow paths must
be accurately represented. DEMs can be developed at high resolution@aR L
data, are available and can be used to conduct a detailed analysis of surface flow
paths. Leitaet al.(2009) compared surface flow paths based on DEMs of three
watersheds, two in the United Kingdom and one in Portugal. These watersheds had
different slopes and types of terrain, which would have significant impacts on the
surface flow patterns. Different techniques were used to generate DEMs for the
watersheds. Identification of ponds is particularly important for delineation of
surface flow pathsbut the area covered by ponds was different for each of the DEMs.
This is likely due to errors in the DEMs rather than actual ponds on the surface.
Ponds with small depths and areas, which are more likely to be DEM,araorbe
filtered outto get abetter representation of the surfacdigher DEM resolution led to

betterpond representation and ttielineation of the@verland flow network.
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2.2.3.2. Probability of Flood Occurrence

Ten Veldhuis and Clemens (2009) acknowledge that decisions mustdee m
even with a lack of data, in order to establish the necessary protection levels against
pluvial flood risks. There is considerable uncertainty surrounding the frequency and
consequences of this flooding. The purpose of this research was to irteasigya
nature and magnitude of these uncertainties with a case study in the Prinsenbeck
watershed in the Netherlands. Rainfall data were collected from a weather station and
design storms with return periods eféhd 2years were calculated and usedrgsit
to the model. The model then determined the occurrence of urban pluvial flooding
based on occurrence of water above street level. Flood events were identified based
on citizen complaints. Theoretical calculations indicate that pluvial flooding is

expected at least once a year, which agrees well with observed data.

2.2.3.3. Flood Prediction and Warning

Much of the literature relating to pluvial flooding has focused on prediction
and warning systems for pluvial flood events. Collier (2009) suggddao
important components to pluvial flood forecasting: forecasting of intense rainfall
events and forecasting of locations where water will collect or pond on the surface.
With the recent improvements in high resolution Numerical Weather Prediction
models, rainfall can be predicted using radar data with reasonable accuracy.
Predicting where water will collect and pond on the surface (other than natural water
courses) is somewhat more complex. This will require a detailed understanding of
the ground grface at the location and an understanding of urban morphology.

Methods using airborne laser data are under development.
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The European Commission (2009) suggested that a method for warning of
pluvial flooding had been developed and could be implemesttedly. The method
combined extreme rainfall forecasting technology with maps of regions at high risk
for pluvial flooding. The areas at risk from pluvial flooding were identified using an
initial high-level, rapid screening process to identify depogssin the land surface
based on their depth. Site inspections followed up the screening to verify the results
and to identify local hazards that could contribute to flooding. Flood hazard was then
assessed considering other contributing facsoich atand use andonsequences.

The benefit of this method is that resources can be ddé¢otthe regions with the

highest risk, and it provides earlier warnimfgflood events thaourrently available.

Falconer (2007) contended that a warning systeectmically feasible for
pluvial flooding. He proposed a warning system that involves identifying vulnerable
locations in urban areas using rapid screening processes and obtaining targeted
rainfall forecasts for high intensity events. The proposed panekides five steps.
First, a rapid screening process is used to identify locations vulnerable to pluvial
flooding. Second, inspection of the sites identified verifiestheening results
Third, potential mitigation methods can be considered. faineh step uses
contingency planning to raise awareness of the potential risk and consider potential
contingency measures. Finally, the results are reviewed and refined with more
detailed hydraulic and hydrologic studies. It has been observed thatisgree
depressions in combination with identification of flow paths is a powerful
combination. It was also suggested theate of ifSAR or LIDAR data in urban areas

could be a coseffective means of obtaining rapstreening data over the catchment.
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Simoeset al.(2010) consider redlme flood prediction to be the next step in
urban flood modeling. They used a model based on the dual drainage concept, which
consists of a flow network of open channels and ponds connected to a sewer or
drainage systemThe goal was to predict flood extent for a period of three hours
within 15 minutes of receiving rainfall data. The watershed used in this study was
Vale das Flores, in Coimbra, Portugal, which is a highly urbanized 220 ha watershed.
A number of surface ater flow paths were identified in the model. Simplifications
in the sewer network and surface flovilswere necessary to redwmenputation
time. Simoe®t al.(2010) compared two methods of simplifying the networks. They
simplified the sewer networknd the overland flow paths separately and in
combination. Because the two networks were connected, it was observed that using
the simplification techniques on each network individually resulted in greater
reduction of elements in the system than udmegtéchniques on the combined sewer

and overland flow paths networks.

2.2.4. Groundwater Flooding

Groundwater may currently be the leestognized and understood potential
source of flooding. Very little data are available, and few studies have fomused
groundwater flooding, but some recent research relating to modeling of these flood

events and assessing the risk from groundwater flood events were identified.

2.2.4.1. Modeling of Flood Events
Finchet al.(2004) considered the spatial distributiorgodundwater flooding
in England, where groundwater flooding occurs primarily in chalk aquifers. They

identify two forms of groundwater flooding. In the first, groundwater enters the
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floodplain from alluvial deposits that have becosnesaturated that ghfloodplain

floods before the river has left its banks. In the second, high groundwater levels in
maj or fisolid rocko aquifers cause flooding
such that the area in which the water table intersects the grodadesexpands up

the valley. This type of flooding was observed to occur over the winter between 2000
and 2001 in the watershed of the River Pang near West Berkshire Downs. The
flooding resulted irprolonged inundation of farmland, homes, and ro&tveaal
methodswvere usedo estimate where flooding was being caused by groundwater as
opposed tmthersources. One of these methods was to measure the water
temperature, agdifference in temperatutead been observdaktween water that had
been exposedtthe surface and water that had been underground. An increase in
temperature was believed to indicate an area where there was groundwater effluent
into the surface water. From the results of this study, they concluded that by studying
the interactions étween the regional water table, the topography, and the variations

in the permeability of the aquifer in determining the locations of surface water bodies

the locations most at risk of groundwater flooding can be better identified.

Visocky (1995) studiethe potential for groundwater flooding in lllinois after
severe floods occurred over the course of several months in the fall of 1993. During
this time, the area experienced reesedting precipitation in combination with high
stages in the lllinois Rivecausing very high groundwater levels. The Federal
Emergency Management Agency and the lllinois Emergency Management Agency
requested that the lllinois State Water Service provide information regarding the

frequencies of groundwater flooding and thealtans most prone to groundwater

81



flooding. Mapsof areas subject to a 1% frequency of groundwater flooding were also
requested. A predictive model, based on combined precipitation, the lllinois River
stage, and groundwater data, was uUeeflood frequecy analyse and generatg
information about the 109ear groundwater flood stage. This study involved five
primary stages. First, the wdlead elevations for approximately 75 observation

wells were determined and potentiometric surface maps in tthg stea were revised
based on this information. Second, statistical analyses were performed to identify the
return period for the flooding that occurred in 1993 and to determine thgeh®d0

flood event. The logPearson Type Il distribution was usecconducting the flood
frequency analysis. Third, detailekigh-quality orthomaps and digitized aerial

photos were developed. Fourth, maps of the areas at risk from tyed0flood

were prepared. Finally, map products from various GIS coverages grereated.

2.2.4.2. Assessment of Flood Risk

Cobbyet al.(2009) reviewed and summarized previous studies focusing on
groundwater flood risk. The information presented included methods for data
collection and accumulation, mapping of the hazardl provision of flood warning
services. They also examined various approaches for managing the risk from
groundwater flooding and suggested ways these methods might benefit from
advances in data management, hazard mapping, and warning sefviegs.
suggested that there is a significant lack of data relevant to groundwater flood risk
and the technology for warning services lags behind thaitferflood events. A
number of methods for assessing the frequency of occurrence of groundwater

flooding wee assessed. These included methods of assessing the frequency of
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observed flood events directly, methods of assessing the frequency from the drivers
of flood risk, such as antecedent moisture condition, or using surrogate measures to
assess the frequenofflooding. Also suggested were using a combination of drivers

and surrogate measures to assess the frequency of occurrence, and using

mathematical modeling to predict the frequency of groundwater flood occurrence.

Macdonaldet al.(2007) discussed t#aborative efforts, which were
undertaken between the Environment Agency and the British Geological Society that
focused on groundwater flooding in connection with the Oxford Flood Risk
Management Strategy. The purpose ofdtnategywas to identify opons to reduce
the flood risk in Oxford, which had more than 3600 properties located within the
boundaries of the 1% annual chance flood from the Rivers Thames and Cherwell. In
this region, sediments undierthe floodplain and limit the ability of groumndter to
flow through the aquifer, causing high levels of groundwater. The groundwater levels
are no more than one to two meters below the ground surface. While this study is still
ongoing, there has been significant collection of data to identify ti#gm and to

understand the dynamics of the groundwater and surface water system.

2.3. Potential Causal Factors

There are a variety of factors that could cause flooding from the different
sources. These factors include rainfall events, hurricanes, siipvo@¢gams, and
rainfall on snowpacks. Research into some of these potential causal factors is

described below.
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2.3.1. Snowmelt

Brooks and Boll (2005) describe and test a-88Sed snow accumulation and
melt (SAM) model that can be integrated into mlstted hydrologic models for
watershed management. In this paper they compare the simulated snow water
equivalent to poinbased measurements and spatial patterns made on a 10x15 m grid
over a small test watershed. The model used both mass and enengg leguations
to predict the accumulation and melting of snow with time. Data input included
hourly solar radiation, relative humidity wind speed, air temperature, and
precipitation, all of which are fairly easy to obtain. The model predictions were
found to agree quite well with observed data over a three year period, indicating that
the model was capable of modeling the accumulation and melt of a snowpack. The
advantage of this model over others is that it is simple to use, incorporates GIS, and

doesnot require excessive data.

Carlson and Fox (1976) acknowledge that there are several factors making
computation of flood frequency estimates in northern regions difficult. These
consider the arctic and sw@loctic regions of Alaska and Canada, wheredtooan
occur from rainfall or snowmelt events, but the two do not typically occur together.

A flood frequency model previously developed based on rainfall data was modified to
predict the frequency of snowmelt floods and then applied to the Chena River in
Alaska. The model used the kinematic wave method to estimate peak streamflow.
After refining the model parameters to apply to snowfall events, the model was

tested. Several important inconsistencies were identified, but overall the model was
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found to [ able to provide flood frequency estimates for northern watersheds

experiencing snowmelt floods.

Troendle and Porth (2000)-exaluated the USGS regional flood frequency
estimation equations for Colorado and Wyoming, which have éligyation, snow
zone vatersheds. The objective of this study was to improve the ability to estimate
the 1.5, 5, 10, and 25year maximum instantaneous flow and the maximum mean
daily flow from these watersheds. They tested both the Weibull distribution and the
log-Pearsonype Il distribution, finding very similar estimates of flood magnitudes
for both distributions. They evaluated the applicability of a number of potential
variables for their regression equations, but typically found only precipitation and
area to be sigficant variables. These equations were compared to the USGS

equations and were found to have a much smaller range of errors.

Payton and Brendecke (1985) also evaluated the frequency of rainfall and
snowmelt events in the Boulder watershed. From logabté stations, data on
precipitation, relative humidity, temperature, solar radiation, barometric pressure,
snow depth and snow water equivalent were obtaiftedas determined that an
asymptotic probability distribution would be best in this situatsanthe Gumbel,
lognormal, gamma, and exponential distributions were tested. Between May and
September rainfall records for storms with durations form 30 minutes to 24 hours
were used. Because a historic record was not available for snowmelt events, a
smowmelt model was used to generate records. The model was used to predict
potential 24hour melt rates between April and July, with the exponential distribution

observed to provide the best fit. Comparing the rainfall and snowmelt frequency
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estimates, itvas observed that for event durations @& Hours, the snowmelt

frequency curves typically provided much lower intensities for the given duration and
return period. Similarly, for short duration events, the snowmelt intensities were
much lower than thoder rainfall events.The correlation between rainfall and
snowmelt eventw/as also examinedinding a significant negative correlation

between the two types of events, which would imply that rainfall and snowmelt

events cannot be assumed to be indep@nde

Zuzal and Greenwalk (1985) attempt to address the lack of quantitative data
on magnitude and frequency on rainsnow events. Probabilities were developed
for the frequencies of events in Moro, Oregon. Daily weather data, including
minimum and mabxnum air temperature, precipitation, snowfall, and amount of snow
on the ground were required. They developed several conditions which must be met
in order for a rairon-snow event to have occurreBrecipitationrmust have occurred,
but it must not havbeen snow. fie maximum air temperature must have been
greater thanBCelsius. Finally, there must have been snow on the ground on the
previous day. If all these conditions are met, then agaisnow event can be
assumed to have occurred. The everdse correlated with the crest gage record to
develop probabilities, and the lognormal distribution was determined to adequately
represent rahon-snow events. A threshold of approximately five mm of rain per day

was observed to be necessary in orderdate runoff from a rahon-snow event.

Markset al.(1998) examined the climate conditions that could influence the
magnitude of runoff produced by raim-snow events, acknowledging that these

events were quite common in the snow transition zone ofabé&dNorthwest.
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They found that detailed data on the climate conditions, snow properties, and
snowmelt processes occurring during ramsnow events was unfortunately limited.

The climate conditions considered included wind speed, temperature, iy aundit
precipitation. Previous studies had indicated that runoff generation frorarrain

snow events was actually most sensitive to wind speed, and that higher temperatures
and humidity only important factors if they occurred with high wind speeds. The
purpose of this study was to compare runoff generated frororegmow events in
forested watersheds to cleart watersheds. Collected data were used to drive a

model based on the snow cover energy balance, to simulate the development and
ablation of thesnow cover prior to, during, and after an event. In comparing the two
types of watersheds, the forested watersheds were, as expected, found to produce less

runoff than a cleacut watershed.

2.3.2. Ilce Jams

Tuthill et al.(1996) assessed the abilityrtadel icejam flood events.
Because sufficient stage data do not exist in many locations, it may be necessary to
synthesize stage values from the existing discharge record. Eathlilcompared
the method they developed to the method developed bydzamd Calkins (1984).
Gerard and Calkins developed a single compromisecieged rating curve that could
be used to convert the probability distribution forietated discharge to a
probability distribution for iceelated stage. Tuthiéit al. devdoped a discrimination
test that could sort the winter peak discharge record into mutually exclusive
populations of icaenfluenced or not icénfluenced events. The criteria used to

discriminate between populations were based on an analysis of the faatovere
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conducive to formation of ice. The historical record ofja®a floods was examined

to identify discriminating factors, which could be used to assist in finding other,
unrecorded icgam flood events. The factors identified include the tinméoden

which icejam floods typically occur, the lower discharge bound for the historic
population of icgam floods, the antecedent conditions that are most conducive to the
formation of a strong, thick ice cover on the river, and the condition of éhzoicer

when it breaks up. Once the winter flodds/e been separatedo iceinfluenced

and not icanfluenced events, separate probability distributions can be developed for
the peak stage records in each population. These distributions can be daimbine
form a single stage frequency curve for the winter seasha.lognormal

distributionwas usedo fit the separate populations because this distribution was
observed to fit the data well and because it had been used previously. eluthill
illustrated the method with a case study by modeling the flooding that occurred in

Montpelier, Vermont on March 11, 1992 on the Winooski River.

Another example of developing iefluenced frequency curves comes from
the US Army Corps of Engineers, St. Paustiict. On the Red River of the North a
gage has been recording peak discharges since 1942. Of the annual instantaneous
peak discharge record, half of the data points were known to be associated with ice,
while the other half were known not to be assedavith ice. The mixed population
approach was used, with the data separated by season. -Hffeated stage
frequency curve was developed based on
However, because ice is known to be unstable at high dgaahe upper end of the

frequency curve, from 0.2 to 0.3% exceedance frequency elevations, were determined
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based on the annual-skkason peak dischargequency curve. Stagesquency
curves were computed for a number of channel eses8ons alongie reach, for the
10, 50, 100, and 500 year events. This analysis was used to identify the 100 year and

500 year floodplain boundaries and the 100 year floodway (\Whdk, 2000).

2.4. Potential Challenges to be Addressed

Several challenges have bedeantified that will need to be addressed in
conducting this research. These topics have been previously addressed to some

degree in the literature, as discussed below.

2.4.1. ZeroFlood Years

The methodology recommended for accounting for zero fl@adasyin
Bulletin 17B was developed by Jennings and Benson (1969). They noted the problem
associated with the legearson Type Il distribution, in that the logarithm of zero is
negative infinity, but they also noted that none of the generally used thabret
probability distributions had the ability to fit a set of data in which part of the data
could be represented by a curve and part by a straight line of constant value, as would
happen when zero values or beltweshold values occurred. Their methusas a
base flood value, Qwhich can be zero or some other value above which flood
discharges are measured. They set the probability P(x) that in a given year a flow
event exceeding Qo be n/N, where n is the number of events abayan@ N is the
total number of events. The result of this method is a frequency curve with two
segments, one of which is a continuous frequency curve and one of which is a

discrete or mass probability segment. If so desired, a theoretical distribution, such as
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the logPeason Type Il distribution, can be applied to the flood series by fitting the
distribution to values above,@nd then multiplying the given probabilities by n/N.
Advantages of this method are that it is based on probability theory and it does not
ignoreany of the data, as did the method suggested by Beard (1962), which was
intended to correct for the effects of
compared their method to the method recommended by the Water Resources Council
Subcommittee on Hydrogy (1966), which suggested adding a small amount of
discharge, such as 0.1 cfs, to all events, then fitting th@éagson Type IlI

distribution to the adjusted data set, and found that their method generally had better

fits to the data.

McCuen and Beiglely (2003) considered a similar problem in seasonal flow
frequency analysis. They point out that many design problems are based on analysis
of annual maximum flood series; however, this may not be appropriate in all
scenarios. Two specific topics were eek$ed by this research. First, a method for
analyzing incomplete flow records needed to be developed in order to develop
seasonal flow frequency estimates for sites with flow gages. Second, because
seasonal flow frequency discharges are frequently destdgtes without flow gages,

a method for adjusting annual maximum discharge estimates into seasonal estimates
was needed. McCuen and Beighley developed three options that could be used for
estimating moments for incomplete seasonal flood records. thkayused Monte

Carlo simulation to evaluate the bias and accuracy of the estimators, with bias
expressed as a fraction of the mean and standard error expressed as a fraction of the

standard deviationThe approach that seemed to provide the best rasuittved
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replacing unmeasured values below some threshold value with the thresholdyalue X
They compared these options to the method for incomplete record adjustment
presented in Bulletin 17B. The results suggested that the maximum likelihood
approximation method could be more widely applied than the method presented in
Bulletin 17B. Finally, they applied their method to four test watersheds with varying
sizes and annual maximum record lengths. The results showed that the seasonal 100
year dischargeould vary significantly from the annual 1-§@ar discharge, further
supporting the use of seasonal flood frequency analysis. For cases where gaged data
was not available, or was not adequate, McCuen and Beighley suggested

modifications to regionalized aqtions or the use of the index flood approach.

2.4.2. Multiple Populations

Morris (1982) describes the most common method of addressing flood records
based on multiple populations. Waylen and Woo (1982) had a somewhat different
approach to improving pdéction when multiple populations were involved. They
suggested that the peak discharge data in these cases should be considered to be
drawn from subpopulations with completely different statistical characteristics. The
method proposed in this study rgoizes and incorporates the distinctly different
characteristics of these different populations. The Gumbel distribution, which is
typically adequate for representation of floods generated by one process, was used in
this study. The method involves usithg method of moments to derive parameters
for the Gumbel distribution for each of the fleptbducing processes. To determine
the overall annual flood distribution, considering both flpodducing processes, a

Gumbel distribution should be calculategdrbultiplying the two Gumbel
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distributions, with parameters previously identified for each fpamtiucing process,
together. The advantages of this method are that it does not reduce the sample size
and it does not involve the estimation of a weightexggdr. This methodology was
tested using data from the Coquihalla River, where floods could be caused by rainfall
or by snowmelt events. To determine whether data points from the flood record were
caused by rainfall or snowmelt they analyzed the antetedmfall conditions and

found a brealpoint that could be used to classify the data points as ragdaéirated

or snowmekHgenerated. From this point, the Gumbel distribution procedure
developed was used. Using this method was observed to impeofieliatween the

flood prediction model and the data; thus, advancing the ability to predict the

probability of a flood event at a given location.

2.4.3. Assumption of Independence of Events

While evaluating the suitability of the BeRox transformatiomethod for
evaluating the combined probability of riverine and tidal flooding in an estuary,
Loganatharet al. (1987) also evaluated the assumption of independence between the
riverine flow data and the tidal data. Their findings suggest that high eviboins
and high tides are often correlated, thus making the assumption of independence
between the random variables invalid. In fact, they suggested that the assumption of
independence could lead to ungheediction of flood magnitudes, and thus, uader

design of flood control structures.

The assumption of independence has also been found to be invalid when
considering floods caused by multiple populations, such as riverine floods fed by

rainfall and snowmelt. Payton and Brendecke (1985) studied thedoubtershed
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in Colorado, which is influenced by both rainfall and snowmelt events. They wished
to determine whether the probable maximum flood event used to determine dam
spillway capacity should consider both rainfall and snowmelt events. Because the
study region was mountainous, and snowpack remained until well into the spring
season, the joint probability of rainfall and snowmelt was of interest. Calculation of
the joint probability depended on whether or not the two data sets were independent,
so Rayton and Brendecke (1985) calculated the correlation coefficient between the
two rainfall and snowmelt data sets and determined that they were not independent.
Thus, the joint probability was calculated using conditional probabilities. They also
determned that calculation of a dam spillway capacity based on the PMF, calculated

from rainfall data, was not necessarily appropriate in mountainous regions.

2.4.4. Uncertainty in Analyses

A number of researchers have considered the various sources of nbgertali
and effects of uncertainty on hydrologic modeling. Mereida. (2008) focused on
the effects of uncertainties associated with the key hydrologic variables in flood
inundation mapping efforts. A number of sources of uncertainty were identified. In
hydrologic models, uncertainty could be introduced through model parameters,
structure, and assumptions, watershed characteristics and conditions, elevation data,
and stream flow data. In hydraulic models, uncertainty could be introduced through
the geomatric description of the crossection, model parameters, representation of
hydraulic structures, and even model type. In summary, uncertainties in flood
inundation maps come from uncertainties in design flows, terrain elevations, water

surface elevationand the accuracy of the modeling techniques. Therdtmayade
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et al.(2008)suggest use of probabilistic inundation maps that could better account for

and illustrate the effects of uncertainty.

Bales and Wagner (2009) also considered the sourcexeftainty affecting
flood inundation maps. They focused on the uncertainty associated with flood
inundation maps produced using LIDAR topographic data adich&nsional
hydraulic models. The relevant sources of uncertainty identified include hydrologic
data, topographic data, hydraulic modeling techniques and input data, and
assumptions such as that of steady flGweypoint out that it is not typical for the
data to be available to perform rigorous and thorough analysis of uncertainty. Thus, it
is vital that those who create and use flood inundation maps be aware of the sources
of uncertainties that could influemthose maps. This is particularly important in
considering the boundaries of flood areas shown on inundation maps, which represent
the excted boundaries of inundation. Bales and Wagner (2009) concluded that
uncertainty in inundation mapping increases with distance away from the river. That

these boundaries are uncertain is a vital fact to understand and communicate.

Golding (2009) focsed on uncertainties in the flood events themselves and on
the propagation of uncertainties in flood simulation. Uncertainties associated with
specific flood events were identified as location, timing, and intensity of the event.
There were also identdd parameter uncertainties, including depth and velocity of
water and the rate of rise. However, these uncertainties, and their effects, will depend
on the source of the flood waters. Uncertainty characterization has focused primarily
on the parameter®ntrolling runoff generation in hydrologic models and on the

propagation of the flood wave; however, meteorological input is another significant
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source of uncertainty that should not be neglected. Finally, the response of flood risk
reduction structuresyhere relevant, is increasingly uncertain as water levels rise.
Golding (2009) evaluated a number of methods of propagating uncertainty throughout
a flood event simulation. They concluded that it was possible to model the

propagation of error through e@me flood models.

Ten Veldhuis and Clemens (2009) considered uncertainty associated with
urban flooding. Specifically, they were interested in uncertainties associated with
assessing the frequency and the consequences of urban flooding, as ttiessenare
components that comprise urban flood risk. This study focused on identifying the
nature and size of uncertainties in urban flood frequency estimation. The uncertainty
sources identified related to the capacity and condition of the urban draysiege,
flow processes in the urban environment, rainfall input, and flood consequences.
While some of these sources of uncertainty can be reduced by obtaining more
detailed information, others cannot be so easily managed. Ten Veldhuis and Clemens
(2009)successfully modeled urban flood frequency, but further research and data

collection will be needed to verify the assumptions made.
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CHAPTER 3

EVALUATION OF THE COPULA METHOD

3.1. Introduction

The first step to conducting this research was to ideatitiverify a method
for calculating probabilities of dependent events. The copula method was chosen and
verified as the most appropriate method of doing so. Once the method was selected,
the focus was on combining two sources of flooding; using bothlaied and
observed data. A hypothetical scenario was developed to use with simulated riverine
and tidal data. The methodology was then applied to observed riverine flow gage and
tidal gage measurements after an appropriate location of interest hasklssted.
Based on the results of this method for combining two flood sources, the methods

could then be expanded to account for three or more flood sources, as needed.

3.2. Verification of Copula Methods

Hydrologic variables generally have distritmurts that are different from the
normal distribution. For example, annual maximum ltgges are considered to be
log-Pearson Type Il distributed, while rainfall depths are often represented using an
extreme value distribution. In many hydrologic anady$ke design variable depends
on the values of two causal variables, each with its own probability density function
(pdf). For example, flooding is a function of both the peak discharge and the volume
of runoff. The pdfs may be known from theory or itiged via sampling of

measurements. One task of this study was to identify the joint distribution for
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hydrologic variables. An analytical expression exists for the joint normal
distribution. Some distributions have analytical approximations, but their
applicability depends on adherence to certain constraints; for example, an
approximation is available for the joint exponential distribution. However, the joint
distribution is rarely, if ever, known; therefore, it is important to verify that a method

usal to approximate joint probabilities provides accurate estimates.

The copula method of calculating a joint probability distribution for two or
more random variables was of interest; however, some verification of the accuracy of
the method was consideredceesary. Because the copula method could be used to
combine different distributions, it was necessary to verify that the values of the joint
random variable would be accurately distributed. This was done by comparing joint
distributions calculated usirthe copula method to joint distributions calculated using
theoretical bivariate equations for two normally distributed random variables and two
exponentially distributed random variables as inputs. In both cases, the Gumbel
Hougaard copula family was utied for simplicity of calculations and because it
seemed to be particularly widely used in hydrologic applications (Zhang and Singh,

2007; Genest and Favre, 2007).

3.2.1. Uncorrelated Bivariate Normal Analyses

The first test made to verify the accuracypofbabilities of a joint distribution
that are calculated by the copula method used two normally distributed samples as
input. The Monte Carlo generated values were uncorrelated and assumed to be from
standard normal populations. The bivariate norngttibution was chosen for the

first test because an analytical expression exists. It is based on the two parameters of
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each marginal distribution and the correlation coefficient between the two random

variables.

3.2.1.1. Description of Methodology

Two namally distributed random samples, each with a sample size of 1000,
were generated. Both samples were drawn from a population with a mean value of O
and a standard deviation of 1. The bivariate normal distribution that corresponds to

these two marginalsan be calculated using the following equations:

fx"’x":x‘-’xijz exp (————=7) (3-1a)
ATy 'JL,-'—‘P: PRl
= I._.'-t’-__:l'-*‘_:"- _ EPLI._—,I_,L._:II__I:—M:} n '-.-T:_:l::l" (3-1b)
& &y g o

in which x and % are the values of the random variablesapd | are the means of

t he r ando man dardtlelstandasd, deviations of the twodom

samples, J} is the coefficient of correlati
the standard normal variate that corresponds to the valugsoiflx. Equations 3

la and 31b provide the ordinates of the joint density function. Probalsildén be

obtained by integrating Equationsl@ and 3Lb over ranges of both variables.

Since the copula provides probabilities of the cumulative joint distribution, it
was necessary to integrate Equatioria3and 31b to compute the theoretical
estimats for comparison. A thregimensional numerical integration of the
trapezoidal rule was used. For specific values, @il %, say %, and »,, the
intervals (D 00 x,) and (D 00 ¥, were divided into 200 equal sections, which

resulted in the ordinates in §(x,) for each of the 40,000 cells. These were used to

98



compute the volume of eackll, the sum of which approximatgse joint cumulative

probability:

F'[:x’l,xz:] = ﬂx‘-:ﬂxz

Axy,x, + Ax,)]

ZX[f () + floeg + Ay, ) + flaege, + Axy) + fxg +

(3-2)

The lower limits of integration for each of the two marginal distributions waeEe as

very little of the pdfs exist below those values. Thus, the volume for a cell for
negative values ofpand x will likely be more accuratehean when xand % are

positive. Testing indicated that increasing the number of intervals beyond 200 did not

result in a significant improvement in accuracy.

Probabilities for the joint distribution were also calculated using the Gumbel
Hougaard copuléamily. The cumulative distribution probabilities that correspond to
the two normally distributed sample values from the marginals were first calculated
for use in the copula equation. The equation to calculate the joint distributian, H(x

Xp) is as folows:
H(x;,%,) = exp{—[(—Inu)* + (—Inv)=]¥=} (3-3a)
a=— (3-3b)

in which x and % and the two normalkglistributed random variables, u is the
cumulative distribution value corresponding o xis the cumulative distribution
value correspondingtgexandU i s a copul a parameter, which

U a measure of rank correlatidoy equation 8b. The copula provided the
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cumulative joint distribution probabilities that corresponded to the valuesamithks

from two normallydistributed margial distributions. The two joint distiifions,

one based on Equations 3a abhdaBd one based on the copula of EquatieBa and

3-3b, were then compared to determine whether or not the joint distribution

calculated using the copula agreed with therithistion calculated from the analytical
expression of the bivariate normal distributidfor Equation 3a, u and v were

calculated as the normal cdf corresponding to the x and y sanipilescomparison

was based on the 1000 pairs gbrd %. Each paiwas used to compute the joint
probability and the 1000 differences between the two estimates were used to compute
the bias, relative bias, standard error, and relative standard error. These reflect the

systematic and total error variations.

3.2.1.2. Desription of Results

Two methods were used to compare the joint probability distributions
calculated based on Equationd®and 3Lb and based on Equation8& and 33b.
First, the differences were evaluated. The minimum difference, mean difference, and
maximum difference computed between the two cumulative distributions were
observed to be 0.0, 0.0038, and 0.0077, respectively. The goarfrfastatistics
were also calculated. For this scenario, the bias, relative bias, standard error, and
relativestandard error between the two joint distributions were calculated-to be

0.0038,-0.0142, 0.0044, and 0.0100, respectively. These indicate high accuracy.

Values of the two cumulative joint distributions were also plotted against each
other (see Figurg). If the joint distribution calculated using the bivariate normal

equation (Equations-Ba and 3Lb) agreed well with the joint distribution calculated
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using the copula (Equations3a and 33b), then the scatter points should fall
approximately along straight line passing through the origin at ddgle. This

would indicate that the joint distributions calculated by the two different methods

were virtually identical. In examining Figurel3it is evident that the points do fall

very closely alon@ straight line. A straight line was plotted against the scatterplot.
Very good agreement is observed between the scatterplot and the straight line,
indicating good agreement between the joint distributions calculated by copula and by

bivariate normal guation.
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Figure 3-1: Comparisons of Joint Distributions Calculated Using a Theoretical Bivariate Normal Equation
and a Copula Equation for Uncorrelated Random Variables

3.2.2. Correlated Normal Bivariate Analyses

The next step in the verification procedure was to generate two correlated
random variables from normal distributions and to calculate their joint cumulative
distribution using both the copula method and the bivariate normal equation. This
will verify that the copula is adequately accurate in developing joint distributions for

correlated variables, which are common and expected when evaluating hydrologic
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phenomena. Evaluations were conducted with low correlation between the samples,

specificdly a value of 0.2, and with high correlation, specifically a value of 0.8.

3.2.2.1. Description of Methodology

Generating correlated random, normaligtributed variables is fairly
straightforward. The first normaklgistributed sample, with 1000 ramm values, is
generated using typical Monte Carlo techniques. The second, correlated normally

distributed sample is calculated using the following equation:

2

X, =T +p 2 (o — ) + 25,1 p (3-4)
5. z

where xand » are individual values of the two random variabx;5andx; arethe

means of the two random variablgsaxd %, respectively, @ and Sx are the

standard deviations of the two random vari
between the two variables. Random samples were generahecowkelation

coefficients of 0.2 and 0.8.

Once the random samples were generated, the joint cumulative distribution
was generated using the GomhiHougaard copula, as described previously, using
Equations 3a and 3Bb. The joint probability distributn was calculated, using
equations 3a and3and then the cumulative distribution was approximated using
Equation 32. Comparisons were made between the joint distributions calculated by

copula and by bivariate equation, for both levels of correlationdsn the samples.
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3.2.2.2. Description of Results

For each pair of random and % values, the corresponding joint cumulative
distribution value was calculated by the copula and by the bivariate normal equation.
Thus, the two joint cumulative distriban values could be compared. The
differences between the joint cumulative distribution values were calculated for each
of the 1000 pairs. For a correlation of 0.2, the minimum, mean, and maximum
differences were 0.0, 0.0179, and 0.0370, respectiay this scenario, the bias,
relative bias, standard error, and relative standard error-a.@%¥79,-0.0627,
0.0209, and 0.0473, respectively. For a correlation of 0.8, the minimum difference
was 0.0001, the mean difference was 0.0813, and the maxiiffenerice was
0.1505. For this scenario, the bias, relative bias, standard error, and relative standard
error were-0.0813,-0.2067, 0.0924, and 0.1994, respectively. The differences in
joint distribution values and goodneskfit values indicate a higtlegree of accuracy
between the two joint distributions calculated. It is; however, obvious that there is a
better fit between the joint distribution calculated by copula and the joint distribution
calculated by bivariate normal equation when the corogldtetween the two

samples is near zero.

Figure 32 shows a scatterplot of the joint distribution values calculated by the
bivariate normal equation versus the joint distribution values calculated by the copula
for the random variables with a correlatioin0.2. If the agreement between the two
joint distributions is good, the scatter points should fall along a straight line passing
through the origin at a 4angle. In examining Figure 3 it is evident that there is

strong agreement between the twim{ distributions. When a straight line is graphed
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along with the scatterplot values for low correlation values, it is evident that strong
agreement exists between the joint distributions calculated by copula and by bivariate

normal equation.
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Figure 3-2: Comparisons of Joint Distributions Calculated Using a Theoretical Bivariate Normal Equation
and a Copula Equation for Random Variables with a Correlation of 0.2

Figure 33 shows a scatterplot of thainjt distribution values calculated by the
bivariate normal equation versus the copula for the random variables with a
correlation of 0.8. Again, it would be desirable to have the points fall along a straight
line to indicate that the two methods, bivégiaormal equation and copula, give
similar joint distribution values. In examining Figur83it is obvious that the trend
deviates from the linear relation. A slight curvature is evident for the joint
distribution values below approximately 0.5, ahd scatterplot points do not agree so
well with the desired straight line. The scatterplot is characterized by local biases.
When comparing Figure-3 to Figures 3l and3 2, this verification test indicates that

the copula will lose a bit of accuracy ®iincalculating joint distributions for highly
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correlated random variables. Neverthelessdhesults do nosuggesthat the

copula method should not be applied.
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Figure 3-3: Comparisons of Joint Digributions Calculated Using a Theoretical Bivariate Normal Equation
and a Copula Equation for Random Variables with a Correlation of 0.8

3.2.3. Uncorrelated Bivariate Exponential Analyses

The next verification of the copula method used two random santples o
exponential marginals. The bivariate exponential distribution is not askmaln as
the bivariate normal distribution, but several approximations do exist for calculation
of the joint distribution. After evaluation of several possibilities, the émuat
presented by Nagao and Kadoya (1971) was chosen for use. This equation requires a
value from the modified Bessel function of the first kind of zero order; however,

when the correlation coefficient is zero, the value of the Bessel function equals 1.0.

3.2.3.1. Description oMethods
Two exponentiallydistributed random samples of 1000 values each were

generated. Exponential variatesaxe easily generated using the mean value of b:
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X,=—b*InU, (3-5)

where Uis a uniform variate (0,1). The firsindom sample was drawn from an
exponential population with a mean of 1/2, while the second random sample was
drawn from an exponential population with a mean of 2/3. The joint exponential

distribution equation used is as follow&r{ghet al, 2007%:

_ _af _axy _ Bx Jo 5 ]
frp (F202) S R A G owe E1—p}jfﬂ{2 El—p}*"fxixza‘g} (3-6)

in which x and % are the values of the exponentiadlyi st ri but ed random seé
is the parameter for the first exponenti al
exponenti al popul ati on, jweenhthetwvorandomoef fi ci e
samples, and the term inside of the bracket aftsithe argument for the Bessel

function. Because the two samples were generated independently, the correlation

coefficient of the population was equal to zero; therefore, the vathe 8essel

function equaled 1.0. The thrdémensional version of the trapezoidal rule was used

to obtain estimates of the joint probabilities.

The next step was to calculate the joint distribution, ¥} using the
GumbelHougaard copula family. d@ain, the cumulative distribution probabilities of
the random exponentialgistributed samples were calculated. Then, equatiss 3
and 33b were used to calculate the joint cumulative distribution as previously
specified. Then the joint distributiomlculated using the copula, Equation3&8and
3-3b, was compared to the joint distribution using a known bivariate exponential

distribution equation, Equation3 to verify the accuracy of the copula method.
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3.2.3.2. Description of Results

The two exponetial joint distributions were compared in two ways. First, the
differences between the joint distribution cumulative probabilities calculated by the
known Equation & and calculated by the copula for the same exponential variates x
and x% were calculagd. The minimum difference, the mean difference, and the
maximum difference between the two joint distribution probabilities for any set of
(X1, X2) were found to be 0.0, 0.0002, and 0.0022, respectively. The bias, relative
bias, standard error, and ri@ standard error were found to be 0.0001, 0.0002,

0.0003, and 0.0006, respectively. These indicate a high degree of accuracy.

The two cumulative joint distribution probabilities were plotted against each
other (see Figure-8). If the two joint digibutions were in good agreement, it would
be expected that on an (x,y) scatterplot, the points would approach a straight line at a
45’ angle through the origin. In evaluating Figurd,3t is observed that the data
points do very closely approximatetsagght line passing through the origin af 45
The scatterplot is in near perfect agreement with the straight line. The small
differences between the calculated joint distribution values and the graphical
representation shown in Figuret3rovide suppi for the conclusion that the copula
method can accurately calculate the joint distribution for two random samples drawn

from exponentiallydistributed populations.
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Figure 3-4: Comparisons of Joint Digributions Calculated Using a Theoretical Bivariate Exponential
Equation and a Copula Equation

3.2.4. Correlated Bivariate Exponential Analyses

The final verification experiment involved two correlated exponentially
distributed random samples. The joirdtdbution was calculated using the Gumbel
Hougaard copula and the bivariate exponential distribution equation. Because the
two samples were generated to be correlated, the Bessel function had to be calculated

as:

rEy 2k
&)

I(2) = Zg o2 (37)

where z is thargument of the Bessel function. The two joint cumulative
distributions were calculated for three levels of correlation, with correlation

coefficients of 0.2, 0.6, and 0.8, and then compared.
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3.2.4.1. Description oMethods

First, two samples of corretd, exponentialhgenerated random variables
were generated. This was a ta&tep process. First, two random, exponentally
distributed variables wergenerated, and then the second value was adjusted based on
the desired correlation coefficient in orderobtain correlated random samples. The
following equation was used to generate the second sample, which was correlated to

the first sample:

x; = pxy+ (1—p)x, (3-8)

where X is a randomly generated variate drawn from an exponential distribution with

a mean of 1/2 as in Equatid@nb, x, is a randomly generated variate drawn from an

exponential distribution with a mean of 2/3asinEquati&n,3 } i s t he desire
correlation coefficient between the two exponentidilstributed random samples,

and x is a variate drawn from an exponentatribution that is correlated tq.x

Using this equation, two sets of 1000 correlated, random, exponexuigtiijputed

values were generated.

Once the random samples were generated, the joint cumulative distribution
was calculated using the Gumitébugaard copula, as provided in Equatior3a3
and 33b. In Equation 33a, u and v were calculated by fitting an exponential cdf to
the values of x and yThe joint cumulative distribution was also calculated using the
bivariate exponential equation, whighprovided in Equation-8. Joint distributions

were created from samples with correlation of 0.2, 0.6, and 0.8. Comparisons were
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made between the joint distributions calculated by copula and by bivariate equation

for the three levels of correlation.

3.4.2.2. Description of Results

For each pair of random samples, a joint cumulative distribution value was
calculated using both the copula and the bivariate exponential equation. The
difference between the two joint distribution values was calculatet&tésmine how
well the copula method agreed with the approximate bivariate equation. For a
correlation of 0.2 between the two random samples, the minimum, mean, and
maximum differences calculated were 0.0, 0.0207, and 0.0376, respectively. The
bias, reléive bias, standard error, and relative standard error were also calculated to
be-0.0207,-0.0655, 0.0232, and 0.0510, respectively. These values suggest
reasonably good agreement between the joint distributions calculated by copula and
by bivariate equ#on. For a correlation of 0.6 between the two random samples, the
minimum, mean, and maximum differences calculated were 0.0001, 0.0635, and
0.1034, respectively. The bias, relative bias, standard error, and relative standard
error were calculated a8.0628,-0.1739, 0.0703, and 0.1536, respectively. The
calculated differences and goodnesdit values indicates less accuracy between the
joint distributions calculated by copula and bivariate exponential equation than those
for the lower correlation, U they still indicate reasonably good agreement between
the two joint distributions. For a correlation of 0.8 between the two random samples,
the minimum, mean, and maximum differences calculated were 0.0002, 0.1022, and
0.3827, respectively. The bias|ative bias, standard error, and relative standard

error were calculated a8.0455,-0.1298, 0.1201, and 0.2608, respectively. These
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values suggest that at higher levels of correlation, the joint distribution calculated by
copula does not agree as weith the joint distribution calculated by the bivariate

exponential equation.

Figure 35 provides a scatterplot of the joint distribution values calculated by
the bivariate exponential equation versus the joint distribution values calculated by
the copuldor the random variables with a correlation of 0.2. The scatter points
should fall along a straight line passing through the origin af ariie if the
agreement between the two joint distributions is strong. In examining Figyre 3
very strong agraaent between the two joint distributions is evident through the close
fit to the straight line. Though there is some disagreement between the copula
eqguation and the approximate bivariate exponential distribution at higher values of
the jointcdf, this canfirms that for low correlation values the agreement between the

joint distributions calculated by copula and by bivariate normal equation is strong.
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Figure 3-5: Comparisons of Joint Distributions Calcuated Using a Theoretical Bivariate Exponential
Equation and a Copula Equation for Random Variables with a Correlation of 0.2
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Figure 36 provides a scatterplot of the joint distribution values calculated by
the bivariate exponential equation versus tha jdistribution values calculated by
the copula for the random variables with a correlation of 0.6. The scatterplot is again
compared to a straight line passing through the origin at antfle to assess
agreement between the two joint distributions was seen with the highly
correlated normal distribution analysis, a distinct curvature is visible in Figéire 3
As compared to the bivariate exponential equation, the copula tends to underestimate
the lower probabilities and overestimate the highebgiodities, though because the
bivariate exponential equation is only an approximation, it cannot be stated with

complete certainty that the error is in the results of the copula.
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Figure 3-6: Comparisons of Joint Distributions Calculated Using a Theoretical Bivariate Exponential
Equation and a Copula Equation for Random Variables with a Correlation of 0.6

Figure 37 provides a scatterplot of the joint distribution values calculated by
the bivariate expantial equation versus the copula for the random variables with a
correlation of 0.8. Again, the points should fall along a straight line passing through

the origin at a 45angle if the two methods, bivariate exponential equation and
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copula, give similajoint distribution values. In examining Figurer3it is clear that
there is significant deviation from the linear trend. The copula appears to
underestimate low values of the joint cumulative distribution while overestimating
higher values of the jotrcumulative distribution. These results suggdeat the

copula will lose somaccuracy when calculating joint distributions for highly
correlated random variables. However, it must be noted that, unlike the bivariate
normal equation, the bivariate exmmntial distribution equation used is an
approximation, thus it is possible that the errors may result from the bivariate
equation rather than the copula. While these results do suggest some reason for
concern about the results of the copula calculatitwey, should not prevent the use

of the copula methodology.
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Figure 3-7: Comparisons of Joint Distributions Calculated Using a Theoretical Bivariate Normal Equation
and a Copula Equation for Random Vaiables with a Correlation of 0.8

3.2.5. Conclusions

The results of these investigative studies suggest excellent agreement between

the joint distributions calculated by copula equations and by known bivariate
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distribution equations for uncorrelated and m@dely correlated random variables.
Some accuracy in the copula calculations is lost when the random samples are highly
correlated. This suggests that, at least when the two random input variables are
drawn from the same distribution, the copula metisable to calculate the joint
distribution with reasonable accuracy. Further, though the copula method is
independent of the distributions of the input variables, because the copula output
agrees well with the theoretical output, it can be concludedhbatopula is able to
provide the appropriate distribution for the joint distribution. Thus, it is possible to

feel confident that the joint distribution calculated by a copula when the input
variables are not drawn from the same distribution will berate and will have the

appropriate distribution.
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CHAPTER 4

TWO SIMULATED FLOOD SOURCES

4.1. Introduction

The preliminary study presented in Chapter 3 compared the joint distributions
calculated by copula to several known bivariate distributions aedndieted that
reasonable agreement existed between the copula method and the known bivariate
distributions. With an understanding of how copulas compared to known
distributions, it was possible to have confidence in the ability of the copula method to
calcuate joint distributions in cases for which a known distribution did not exist.
Thus, copulas were chosen for further analyses as part of the method to develop a

multifactor flood frequency curve for a given location.

Analyses based on data obtained frowitiple gages will have a number of
complicating factors. These include potential inaccuracies in one or more of the gage
records, temporal, and spatial variations in hydrometeorological conditions, use of
different reference datum by each gage, aneudiffces in the frequency of gage
measurements, among others. Therefore, it is beneficial to use a hypothetical
scenario and simulated data as a preliminary step to verify the procedures developed

herein and to better understand the expected results.
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4.2.Assessment of the Flood Hazard

The first step of a risk assessment is to assess the hazard. In this case, the
hazard was assessed by calculating the probability of certain flood inundation depths
occurring at the location of interest. The following &et will describe the methods
used to fit marginal distributions to each flood source, the use of the copula procedure
to determine joint probabilities of given flood events, and the determination of the
probabilities that correspond to the total floogbtths, as well as presenting the results

of each of these steps.

4.2.1. Generation of Correlated Random Samples

Typically, when simulated correlated random variables are needed, a copula is
used to generate those variables. However, because it was nettessatuate the
applicability of the copula methodology for the analysis of the joint probability of
flood events, the use of a copula to generate random variables for the simulation
study would yield simulated values that were not independent of tlhdacapalysis.
Therefore, an alternate method of generating correlated random variables was

developed.

The first step of this new approach was to generate the cumulative distribution
function (cdf) of the first random variable. Then, a set of randonesalias
generated from that cdf. These values reflect the flood characteristics of the first
flood source. Each value of the second variable was generated with the first random
variable as the center point of a range within which the generated valwessaicibnd

variable would lie. The halividth of this bound was specified as input to the
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generating program and was one of the factors that controlled the degree of
correlation between the two random variables. When the value of the first random
variablegenerated was close to either 0 or 1 in the cdf, thewhdth was

compressed so the hailfidth remained symmetrical around the value of the first
random variable, but so that the second random variable could not equal O or 1 within
the cdf. If the commssion of the halividth was not made, then the values of the
second variable would be biased, which would then bias the degree of correlation

between the two variables.

The overall objective of this data generation procedure was to ensure that the
geneated series had the correlation that would reflect the correlation typical of the
two flood sources. While this halfidth approach did influence the level of
correlation between the two random variables, it still tended to result in higher levels
of correlation than were desired. A second technique was then employed to further
reduce the correlation between the two variables. If the value generated from the cdf
of the second variable was above or below specified limits, specified as input to the
progran, that value was exchanged with the next generated value within the series.
This resulted in lower, more realistic correlations between the two random variables.
The final step was to use the second cdf to calculate values of the second random
variable. The result of this program was a set of two random, correlated variables

that could represent riverine and tidal flood depths at the location of interest.

4.2.2. Overview of Simulated Scenarios

The simulation approach was used to evaluate two conceémss, the effect

of sample size was assessed, as this influences the level of sampling variation. It is
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fairly rare for a long gage record to exist, so it was important to understand the
limitations of the analysis based on short record lengths. \Wbiitgng both the
correlation between the riverine and tidal flood depths and the marginal distribution
parameters roughly constant, sample sizes of 10, 25, 50, and 100 annual maximum
events were generated and analyZ&de minimum of 10 years was chosestause

that is the smallest sample size recommended for use in Bulletin 17B, while the
maximum of 100 years was chosen because very few longer observed records exist.
The correlation between the samples was held roughly constant while samples of
varying record length were generated, in order to understand the effect of sample size

independently.

Second, the effect of correlation between the riverine and tidal flood depths
was assessed. It was not possible to determine the effect of correlation between the
riverine and tidal data using observed data, as this would require evaluating multiple
locations, which would introduce uncontrollable variables; additionally, it is rare to
find riverine and tidal gaged locations that are near to each other. Fowrdiffets
of correlated variables were generated, spread over a wide range of correlations. The
four correlation coefficients evaluated were 0.27, 0.31, 0.37, and 0.60. These values
were not on a constant interval of separation because the generati@npoagnot
allow explicit control of the correlation between the two variables; however, these
values should provide a thorough understanding of the effect of correlation because

the range of values varies from low to high dependency.

118



4.2.3. Fitting Marginal Distributions to Annual Maximum Event

Samples

The first step to the hazard assessment was to determine the marginals. These
were determined by fitting probability distributions to the generated riverine and tidal
flood inundation depth samples. Tiolowing section will describe the methods

used to fit marginal distributions and then present the results.

4.2.3.1. Description oMethods

The data generated in the simulation approach would represent riverine and
tidal flood depth. In order to deteine the appropriate populations from which to
generate these samples it was necessary to determine the inundation depths for an
observed location of interest based on measured gage data. Once samples had been
generated, probability distributions werddd using Method of Moments or
Maximum Likelihood Estimation and the most appropriate distribution to represent
each flood source was identified. The following sections describe the methods used

to fit the marginal distributions.

4.2.3.1.1. Calculation oRiverine-Caused Flood Inundation Depths

One variable of interest in this research was the flood inundation depth caused
by a given flood source; thus, one of the simulated random variables represented
riverine flood inundation depths at the location @érest. Though the simulated data
represented flood inundation depth at the location of interest, in order to determine
the appropriate populations from which to simulate these flood inundation depths, a

set of observed data from a location in Florida eesmined and assessed. The
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analysis of these data provided information as to the appropriate riverine flood depth
population at the location in Florida. Discharge data from flow gage 02249007 on the
Eau Gallie River at Heather Glen Circle at Melbourmeerobtained. Information

from this location, including elevations and channel characteristics, was also used to
develop the simulation scenario. The population from which riverine flood depths
were simulated was based on observed riverine flow gageatigge measurements
translated to flood inundation depths at the location of interest. The process of
transforming the discharges to inundation depths at the location of interest is
explained here. The process involves two steps: (1) transposing thargistriom

the gaged site to a site on the river adjacent to the point of interest and (2)

transforming the river discharge to an inland flood depth.

The procedure used to calculate flood inundation depths at the location of
interest in Florida, based oiverine discharge measurements taken by a local flow
gage, is explained in detail in Chapter 5, which discusses the analyses conducted for
two flood sources based on observed data. For the simulation study, based on
information obtained from analysis thfe location in Florida, the data generated
represented flood inundation depths at the location of interest; thus, it was not
necessary to carry out the procedure to transpose and transform simulated discharge
measurements to flood inundation depth measents. Once a sample of annual
maximum flood inundation depths was generated, an appropriate distribution was
fitted to the simulated data. Fitting a marginal distribution to the annual maximum

events will be discussed in more detail in Section 4.33.1.
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4.2.3.1.2. Calculation of TidallyCaused Flood Inundation Depths

For the simulation studies, tidal flood inundation depths at the location of
interest were simulated. In order to determine the appropriate distribution parameters
to use as the basisrfthe simulation studies, the following procedure was applied to
tidal gage measurements for a location in Florida. The tidal gage from which
measurements were obtained was 8721604, located near Trident Pier. This tidal gage
is approximately 20 miles fro the location of interest, which is not ideal, but a closer

location was not available.

The procedure used to calculate flood inundation depths at the location of
interest in Florida, based on tide height measurements taken by a local tidal gage, is
expained in detail in Chapter 5, which discusses the analyses conducted using
observed data from two flood sources. For the simulation study, based on
information obtained from analysis of the location in Florida, data generated
represented flood inundatiaepths at the location of interest; thus, it was not
necessary to carry out the procedure to calculate simulated tidal flood inundation
depths from tidal gage measurements. Once a sample of annual maximum flood
inundation depths was generated, an appatgpopulation was fitted to the
simulated data. Fitting a marginal distribution to the annual maximum events will be

discussed in more detail in Section 4.2.3.1.3.

4.2.3.1.3. Calculation of Flood Frequency Curves for Each Source Individually
To developa flood frequency curve for a single flood source requires
identification of the annual maximum flood series. The annual maximum events

were ranked from largest to smallest, with the largest magnitude assigned to a rank of
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1 and the smallest magnitudeask of n. After developing a ranked list of annual
maximum flood inundation depths at the location of interest caused by an individual
flood source, the Weibull probability equation was used to determine the exceedance

probability of each event. The Welibplotting position formula is:

P, =— (4-1)

where Ris the exceedance probability, i is the rank of the given flood depth, and n is
the number of sample values in the record. The flood depths were plotted against the
norrexceedance probaltbil, calculated as 1.0 minus the exceedance probability,

which provides the probability of the flood depth not being equaled or exceeded in a
given year. Based on the pairs of data {agoeedance probability, flood depth), an
eqguation was fitted that waliprovide norexceedance probabilities for any flood

inundation depth value.

Though Bulletin 17B recommends the LBgarson Type Il distribution be
used to model riverine flood flows and the GEV distribution is frequently used to
model tidal flood heibts, clear evidence that either one of these distributions
provides greater accuracy than that provided by the other distribution does not exist.
Further, the variable of interest in this research is flood depth at a location of interest,
rather than didtarge or tidal height; the typical distributions may not be the most
appropriate distributions. Thus, several distribution functions were fitted to the data
to determine the most appropriate distribution for each data set. All tested
distributions were lptted against the simulated data for visual comparison and

probability plot correlation coefficients were calculated to assess the goanfrigss
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of each distribution. For simulated riverine data, the distributions tested included the
log-Pearson typdll lognormal, gamma, and Weibull distributions. For simulated

tidal data, the distributions tested included the extreme value, generalized extreme
value, and Rayleigh distributions. This procedure was first conducted with the
observed data from Floriden order to determine appropriate populations from which
to generate samples for the simulation study. It was also used in the simulation

studies to calculate the distributions best fitting the generated samples.

4.2.3.1.4. Calculation of Flood FrequencZurves Considering Two Flood Sources

To develop a joint flood frequency curve requires calculation of the marginal
distributions, or individual flood frequency curves that correspond to the two
individual flood sources. The typical process for condgaifilood frequency
analysis, outlined in section 4.2.3.1.3., was followed to determine the marginals, with
one exception. When calculating the flood frequency curve for an individual flood
source, the annual maximum flood event caused by the individualeswas
identified. However, when two potentially interacting flood sources must be
considered, it is possible that the maximum flood event experienced at the location of
interest in a given year may not be caused by one individual source, but instead b
combination of the two sources. Thus, to identify the annual maximum flood depth at
the location of interest, the simulated riverine and tidedlysed flood inundation
depths at the location of interest for corresponding time periods were surimed.
provided the total flood depth that occurred at the location of interest for each time
period. The assumption that the contributing flood depths from each source could be

summed was a convenient assumption to make for the purpose of conducting this
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reearch; however, this methodology was not determined based on a technical
analysis of the optimum approach for combining flood sourtéss was completed
first using the observed data from the location of interest in Florida, in order to
identify the appopriate riverine and tidal flood frequency distributions. The same
process was also used with the generated samples of riverine anddadesgd flood

inundation depths at the location of interest, as part of the simulation studies.

The simulated datapresented corresponding annual maximum flood depths;
however, it was necessary to use the observed data from the location in Florida in
order to determine the appropriate populations from which to generate the samples.
Using the observed data, it was esgary to identify the annual maximum events
while considering both potential flood sources. As each of the gages from which
observed data were obtained took hourly measurements each day, these
measurements were summed and a single daily maximum flotid atethe location
of interest was identified. Next, the annual maximum flood depth was identified
based on the daily maximum events. This does not suggest that the annual maximum
event could only occur through a combination of the two sources; thisdunec
could still identify an annual maximum event that was caused by only one source
individually. The riverine contributions to the annual maximum flood inundation
depth and the tidal contributions were separated into two flood series and flood
frequeng curves were developed for each. These flood frequency curves, based on
the observed data from Florida, served to identify the appropriate populations from

which samples of flood inundation depths should be generated for the simulation
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study. When theasne process was used with generated samples, the flood frequency

curves served as the marginals, which were inputs to the copula procedure.

4.2.3.2. Description of Results
The results of fitting marginal distributions to samples of vaygize and
correldion are presented below. Any trends identified in the marginal distribution

parameters are also discussed.

4.2.3.2.1. Effects of Varying Sample Size

Marginal distributions were fitted to generated riverine and tidal samples to
assess the impact of sampilee on the marginal distributions. Table§ through 4
4 provide the fitted parameters and the probability plot correlation coefficients for the
riverine and tidal samples for each sample size investigated. Figlireb34 4-5,
and 47 illustrate tke four cumulative distributions plotted against the generated
riverine flood inundation depths for each sample size, while Figuteg4, 46, and
4-8 provide the same information for the generated tidal flood inundation depths for
each sample size. Rdts and implications will be discussed for each sample size

after the tables and figures have been presented.

Table 4-1: Parameter Values for Distributions Fitted to a Sample Size of 10 and Corresponding Probability
Plot Correlation Coefficients

Riverine Tidal
Extreme
LP3 Lognormal| Gamma | Weibull | Value GEV Rayleigh
Shape 9.1654 -0.0017| 0.5875| 0.6916 N/A | 0.2355 N/A
Scale -0.5648 1.7099| 4.8801| 2.1642| 2.0086| 0.7648 2.2262
Location 5.1748 N/A N/A N/A | 3.6407| 2.0978 N/A
Probablity
Plot
Correlation
Coefficient| 0.9460 0.9763| 0.9156| 0.9328| 0.7553| 0.8986 0.8374
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Figure 4-1: Comparison of Marginal Distributions Fitted to Riverine Sample Size of 10, where Riverine
Inundation Depth Units are in Feet
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Figure 4-2: Comparison of Marginal Distributions Fitted to Tidal Sample Size of 10, where Tidal
Inundation Depth Units are in Feet
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Table 4-2: Parameter Values for Distributions Fitted to a Sample Size of 28nd Corresponding Probability
Plot Correlation Coefficients

Riverine Tidal
Extreme
LP3 Lognormal | Gamma | Weibull | Value GEV Rayleigh
Shape 17.0895 0.3160 0.6155| 0.7134 N/A | -0.0476 N/A
Scale -0.3925 1.6227 6.0585| 2.9447| 1.6908| 1.0514 2.1206
Location 7.0243 N/A N/A N/A | 3.4265| 2.1591 N/A
Probability
Plot
Correlation
Coefficient 0.9262 0.8943 0.9362| 0.9356| 0.8745| 0.9570 0.9421
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Figure 4-3: Comparison of Marginal Distributions Fitted to Riverine Sample Size of 25, where Riveria
Inundation Depth Units are in Feet
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Figure 4-4: Comparison of Marginal Distributions Fitted to Tidal Sample Size of 25, where Tidal
Inundation Depth Units are in Feet

Table 4-3: Parameter Values for Distibutions Fitted to a Sample Size of 50 and Corresponding Probability
Plot Correlation Coefficients

Riverine Tidal
Extreme

LP3 Lognormal | Gamma | Weibull | Value GEV Rayleigh
Shape 35.7042 0.0879 0.7043| 0.7725 N/A | -0.0484 N/A
Scale -0.2379 1.4212 3.6542| 2.1634| 1.4939| 0.8731 1.9524
Location 8.5803 N/A N/A N/A | 3.1461| 2.0969 N/A
Probability
Plot
Correlation
Coefficient 0.9463 0.9401 0.9245| 0.9352| 0.8759| 0.9640 0.9485
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Figure 4-5: Comparison of Marginal Distributions Fitted to Riverine Sample Size of 50, where Riverine
Inundation Depth Units are in Feet
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Figure 4-6: Comparison of Marginal Distributions Fitted to Tidal Sample Size of 50, where Tidal
Inundation Depth Units are in Feet
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Table 4-4: Parameter Values for Distributions Fitted to a Sample Size of 100 and Corresponding
Probability Plot Correlation Coefficients

Riverine Tidal
Extreme
LP3 Lognormal| Gamma | Weibull | Value GEV Rayleigh
Shape 24.0706 -0.1268 0.5376| 0.6544 N/A 0.0062 N/A
Scale -0.3597 1.7647 5.2704| 2.0462| 1.5096| 0.9328 1.9614
Location 8.5311 N/A N/A N/A 3.1572| 1.9514 N/A
Probability
Plot
Correlation
Coefficient 0.8983 0.8272 0.9375 0.932| 0.8934| 0.9968 0.9801
18¢ T T T ‘”‘L — ;'I'IJ' 1 T T
¢ Simulated Data
16 - LP3 Distribution K54
Lognormal Distribution <§§§§§
14 Gamma Distribution o)
< — Weibull Distribution
g 12 1
a)
5
= 10[- 4
ke
c
>
£ g .
2
2 6 j
04
41 i
2+ .

0.3

0.4

0.5

0.6

Nonexceedance Probability

Figure 4-7: Comparison of Marginal Distributions Fitted to Riverine Sample Size of 100, where Riverine
Inundation Depth Units are in Feet
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Figure 4-8: Comparison of Marginal Distributions Fitted to Tidal Sample Size of 100, where Tidal
Inundation Depth Units are in Feet

The results of fitting probability distributions to the marginal riverine and tidal
samples are not significantly impacted by the sample size. For the riverine samples,
the probability plot correlation coefficients were typically ab@90 for all four of
the distributions, indicating that any of the distributions would fit the generated data
reasonably well. In comparing the fitted distributions against generated data in
Figures 41, 43, 45, and 47, very little difference in pesfmance between the
distributions considered was evident. The four distributions vary only minimally in
representing the lower sample points and vary slightly more in representing the larger
generated flood depths. Though any of the distributions colelguately represent
the riverine data, the gamma distribution was previously determined (to be presented
in Chapter 5) to be the most appropriate distribution to represent the observed data.
To maintain consistency with the analysis of the observed digtarsl because the

difference in performance of the distributions was so minimal, the gamma distribution
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was selected for further use in representing the generated riverine flood depth samples

for all sample sizes.

More variation was typically obsexd in the performance of the three
distributions considered to represent the generated tidal samples. The probability plot
correlations calculated for these samples indicated that the GEV and Rayleigh
distributions typically would be best able to représba samples. The probability
plot correlation coefficients calculated for the GEV distribution was always above
0.89, and was above 0.95 for the larger sample sizes. For the Rayleigh distribution,
the probability plot correlation coefficient was low fosample size of 10, only 0.84,
but above 0.94 for the larger samples. The difference in performance between these
two distributions was typically very small, but the probability plot correlation
coefficients and Figures2, 44, 46, and 48 all indicate that the GEV distribution
was the best choice of distribution. For the smaller sample sizes, the extreme value
distribution was unable to fit the data; however, as the sample size increased the
extreme value distribution did become better able thvditsamples. However, the
probability plot correlation coefficient reached a value of only 0.89 for the largest
sample, and was as low as 0.76 for the smallest sample. For all four sample sizes, the

GEV distribution was selected for further use in repnéiag the generated samples.

For both the riverine and the tidal samples, it is clear that the small sample
size limits the ability of any of the distributions to provide an excellent fit to the
sample. The figures presented for each sample sizenexpectedly, become much
smoother as the sample size increases, indicating that it was easier to fit distributions

to the larger sample size. Further, the marginal distributions fitted to the larger
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sample sizes can be expected to be more accurate tsafitted based on small
sample sizes, as the larger samples better represent the population from which the

sample was generated.

Overall, for each sample size, the marginal distributions that were fitted
provided good fits to the generated riverimel éidal samples. The parameters of the
marginal distributions were evaluated for any trends that could be attributed to the
variation in sample size; but such trends were not found to be evident. Though the
sample size certainly impacted the fitted mlgttions, and the accuracy of the fitted
distributions, specific trends could not be attributed to the marginal distributions as
sample size varied. This suggests that the sample size did not have a systematic
impact on the marginal distributions thatrevditted to the generated riverine and

tidal flood depth samples.

4.2.3.2.2. Effects of Varying Sample Correlation

The effect of correlation between the generated riverine and tidal samples on
the marginal distributions was also investigated. Tablgsd47, 49, and 411
provide the calculated parameters for each distribution fitted to the riverine and tidal
flood depth samples generated with a correlation coefficient of 0.27, 0.31, 0.37, and
0.60, as well as the probability plot correlation coeffitmadculated for each. Figure
4-9 provides a plot of each distribution fitted to the riverine flood depth sample for a
correlation of 0.27. Because the method of generating correlated samples only
changed the generated tidal flood depths as the cooreladefficient varied, Figure
4-9 also corresponds to each of the three other scenarios discussed. The riverine plot

will not presented again as it does not vary with varying levels of correlation. Figures
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4-10, 411, 412, and 413 provide plots of eadtfistribution fitted to the tidal flood
depth samples for each level of correlation. All tables and figures will be presented

and then the results and implications will be discussed.

Table 4-5: Parameter Values for Distributions Fitted to a Sample with a Correlation Coefficient of 0.27 and
Corresponding Probability Plot Correlation Coefficients

Riverine Tidal
Extreme
LP3 Lognormal| Gamma | Weibull | Value GEV Rayleigh
Shape 35.7042 0.0879 0.7043 0.7725 N/A -0.0615 N/A
Scale -0.2379 1.4212 3.6542 2.1634| 1.4846 0.9213 1.9846
Location 8.5803 N/A N/A N/A 3.1896 2.1171 N/A
Probability
Plot
Correlation
Coefficient 0.9436 0.9401 0.9245 0.9352| 0.8973 0.9703 0.9595
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Figure 4-9: Comparison of Marginal Distribu tions Fitted to Riverine Sample for all Correlation
Coefficients Studied, where Riverine Inundation Depth Units are in Feet
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Figure 4-10: Comparison of Marginal Distributions Fitted to Tidal Sample with Correlation Coefficient of
0.27, where Tidal Inundation Depth Units are in Feet

Table 4-6: Parameter Values for Distributions Fitted to a Sample with a Correlation Coefficient of 0.31 and

Corresponding Probability Plot Correlation Coefficients

Riverine Tidal
Extreme

LP3 Lognormal | Gamma | Weibull | Value GEV Rayleigh
Shape 35.7042 0.0879 0.7043| 0.7725 N/A | -0.0408 N/A
Scale -0.2379 1.4212 3.6542| 2.1634| 1.5005| 0.8392 1.9252
Location 8.5803 N/A N/A N/A | 3.1084| 2.0782 N/A
Probability
Plot
Correlation
Coefficient 0.9436 0.9401 0.9245| 0.9352| 0.8575| 0.9568 0.9375
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Figure 4-11: Comparison of Marginal Distributions Fitted to Tidal Sample with Correlation Coefficient of
0.31, where Tidal Inundation Depth Units are in Feet

Table 4-7: Parameter Values for Distributions Fitted to a Sample with a Correlation Coefficient of 0.37 and

Corresponding Probability Plot Correlation Coefficients

Riverine Tidal
Extreme
LP3 Lognormal | Gamma | Weibull | Value GEV Rayleigh
Shape 35.7042 0.0879 0.7043 0.7725 N/A -0.0099 N/A
Scale -0.2379 1.4212 3.6542 2.1634| 1.0050 0.7534 1.8860
Location 8.5803 N/A N/A N/A 3.0503 2.0599 N/A
Probability
Plot
Correlation
Coefficient 0.9463 0.9401 0.9245 0.9352| 0.8427 0.9529 0.9273
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Figure 4-12: Comparison of Marginal Distributions Fitted to Tidal Sample With Correlation Coefficient of
0.37, where Tidal Inundation Depth Units are in Feet

Table 4-8: Parameter Values for Distributions Fitted to a Sampé with a Correlation Coefficient of 0.60 and

Corresponding Probability Plot Correlation Coefficients

Riverine Tidal
Extreme
LP3 Lognormal | Gamma | Weibull | Value GEV Rayleigh
Shape 35.7042 0.0879 0.7043| 0.7725 N/A | 0.0324 N/A
Scale -0.2379 1.4212 3.6542| 2.1634| 1.0484| 0.6002 1.7898
Location 8.5803 N/A N/A N/A | 2.8484| 2.0331 N/A
Probability
Plot
Correlation
Coefficient 0.9463 0.9401 0.9245| 0.9352| 0.8788| 0.9823 0.9647
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Figure 4-13: Comparison of Marginal Distributions Fitted to T idal Sample with Correlation Coefficient of
0.60, where Tidal Inundation Depth Units are in Feet

The information presented in the tables and figures enable the goodness of fit
of the potential marginal distributions to be investigated for each level r@iaion.
Good fits to the generated samples were observed in all cases. The distributions fitted
to the riverine flood inundation depth sample all perform almost equally well, as was
observed when the effects of varying sample size were investigatedg the
gamma distribution does not provide the highest probability plot correlation
coefficient of the distributions representing the riverine sample, the differences in
performance between the distributions were so minimal that it can safely be used to
represent the riverine data. In order to remain consistent with the observed data set,
which was observed to be best fit by the gamma distribution, the gamma distribution

was selected for use in this scenario.
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In the process of generating correlatechgkes, the riverine sample was held
constant and the tidal sample was varied in such a way as to vary the level of
correlation between the two samples. For all four levels of correlation investigated,
both the probability plot correlation coefficients dfigure 410 through 413
suggest that both the GEV and Rayleigh distributions would be able to represent the
samples well. The probability plot correlation coefficients for the GEV distribution
were above 0.95 in all cases and above 0.93 for the Ragisigitbution in all cases.
However, from the figures, the GEV distribution is clearly superior to the Rayleigh
distribution. The extreme value distribution was not observed to result in a good fit to
the generated samples for any level of correlatiime probability plot correlation
coefficients calculated for this distribution did not exceed 0.89 for any of the four
levels of correlation, and the plots indicated that it was unable to fit the generated
data. Based on these results, the GEV distribwtias selected for further use in

representing the generated tidal sample in all cases.

It is also interesting to compare the results of fitting distributions to the tidal
data sets for the varying levels of correlations. In comparing Tatesnd 46 and
Figures 410 and 411, it appears that the level of correlation has little impact on the
fitted distributions, though this is probably due to the fact that correlations of 0.27 and
0.31 are not significantly different. As the level of correlatiomien the samples
increases further, some trends in the marginal distributions fitted to the tidal flood
depth samples became evident, which are likely attributable to the change in
correlation coefficient. The GEV shape parameter increased, and tharstale

location parameters decreased as the level of correlation increased. Further, the
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probability plot correlation coefficient slightly decreased, suggesting that as the
correlation between the samples increases, it become more difficult to fit a
distribution to the tidal flood depth sample. These changes are likely due to changes
in the generated tidal flood inundation depth samples, in order to maintain higher
degrees of correlation with the riverine flood inundation depth sample, though it is

possiblethat sampling variation could be the cause.

4.2.4. Use of Copula Equations to Develop Joint Distributions

The next step in the process was to develop joint distributions for flood
inundation depths from the riverine and tidal sources. The jointtdisans
provided probabilities of specific combinations of riverine and tidal flood depths.
The following sections will discuss the methods used to develop the joint

distributions and present the results.

4.2.4.1. Description oMethods

Once the margina had been developed based on the generated riverine and
tidally-caused flood inundation depths at the location of interest, a copula could be
used to determine the joint probability of depths for the two flood sources. The first
step was to calculategrappropriate dependence structure between the two flood
sources. Typically, Kendall 6s U is used,
dependence may al so be used. For bivari at
particularly convenient because adirect | at i onshi p exists betwee
parameter for Archimedean copul as. Before
first had to be determined that it could serve as a measure of hydrologic dependence.

Kendall 6s U i s dependencs,butleydraohic deperdencysivias the a |
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factor of interest to this research. Hydrologic dependence was defined as floods from
multiple sources that occur simultaneously or being attributed to a common
underlying cause. Burecohhove often Kathrvariables 6 s U i s
under consideration experience high or low values at the same time and how often

one variable experiences a high value while the other variable experiences a low

(@}
(72}
(@

val ue, it was deter mi ned meabugetofticendal |
hydrol ogic dependence between the flood so

between the generated samples of riverine and tidallged flood inundation depths.

Once the measure of dependence was calculated, the approprifgefami
copulas to fit to the data had to be determined. Numerous families of copulas are
available from which to choose. Several families were fitted and compared using
Akai keds I nformation Criteria (AIC), as de
are @lculated, the smallest AIC value indicates the most appropriate copula family

(Klein et al, 2010).

The Gumbel, Clayton, and Frank copula families were chosen for
comparison, as they are three of the more popular Archimedean families. For each
family, t he copul a parameter was <calcul ated as:s
association between the two data sets. The equations relating tau and the copula
parameters for the GumbHEbugaard, Clayton, and Frank families, respectively, are

as follows

t=1—ag; (4-2a)
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T=—C (4-2b)

Ec+2
T=1- ;—F (D,(—az) — 1) (4-2c)

where U is thesc&Kmpwmldal hidbhafitdpdabedye D |

function. The firstorder Debye function is calculated as:

a tlde

Dy(—a) = — [} " 5= (4-3)
Next, thecopula cumulative distribution functions for the Gumbleugaard,
Clayton, and Frank families, respectively, were calculated as:
C(u,v) = exp{—[(—Inu)* + (— Inv) =]/} (4-4a)
Cluv) =(uw*+v7%-1) (4-4b)
_ 1 (exp(—ou) —1) (exp(—av) —1) )
Clu,v) = n:ln[l + o ] (4-4c)

where U was the copul a prgimakdistebutieons, whichd u
were calculated from the cumulative distribution functions of the original random
variables, riverine and tidal flood depths. The calculated copulas provided the
cumulative joint distribution of combinations of generated riveeand tidallycaused

flood inundation depths for the location of interest. Joint pdfs that correspond to the

variables u and v were calculated by taking the second derivative of the joint cdf with
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respect to both u and v. To obtain joint pdf valuesabaespond to the riverine and
tidal variables required that the joint pdfs calculated for the variables u and v then be
multiplied by the marginal distribution pdf values (Wagti@l, 2009). The equations

for the joint pdfs, expressed in terms of tiverine and tidal variables, are as follows:

82ciux) fu dv
dudv dJdx dy

flxy) = (4-5)
where u and v represent the marginal distributions fitted to the riverine and tidal flood

depths and x and y represent the riverine and tidal flood depths, respectively.

4.2.4.2. Descripon of Results
The results of calculating joint distributions for each of the eight simulation
studies are presented in the following sections. Based on the joint distributions,

trends were identified and discussed based on sample size and samplgarorrela

4.2.4.2.1. Effects of Varying Sample Size

The following sections will discuss the results of the use of copulas to develop
joint distributions for each of the four sample sizes investigated. The results of fitting
the copula equations and idewtifg the most appropriate copula family for each
scenario will first be provided. Next, plots of the joint distributions are presented and

discussed.

4.2.4.2.1.1. Copula Fitting to Develop Joint Distributions

To develop joint distributions, three Archimesth copula families were fitted
to the marginals previously identified for each sample size. The best copula family

for each sample size was chosen based
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Criterion. Tabled pr ovi des Kendal izéthechlaulatedf or each =

copula family parameters, and Akai keds I nf

copula family.

Table 4-9: Calculated Copula Parameters (Alpha) and Akaike's Information Criteria for Each Family and

Sample Siz

Gumbel | Gumbel
Hougaard| Hougaard | Clayton| Clayton | Frank
N Tau Alpha AIC Alpha | AIC Alpha Frank AIC
10| -0.1111 N/A N/A N/A N/A | -1.0101 1.6862
25| -0.0362 N/A N/A N/A N/A | -0.3264 2.2656
50| -0.0612 N/A N/A N/A N/A | -0.5527 2.3538
100| 0.2132| 1.2709| -13.8725| 0.5418| -8.464| 1.9925| -10.1514
The calculation of the copula parameter is dependent on the calculated value
of Kendall 6s U. I n cases where Kendall 0s
copula family can be used to develop the joint distribution. skople sizes of 10,
25, and 50, negative values of Kendall 6s U
the only family that could be used in these scenarios. Tabléetnonstrates that
| arger values (i n magnit ude)nitudes ofkoputad al | 6 s

parameter as well. An investigation of the sampling distribution of the copula
parameters revealed that the copula parameters had a fairly wide standard error, such
that the differences in copula parameters reported in Tablard likey not

significant. The sample of 10 riverine and tidal flood depth values was calculated
using a copula parameter value of 2.0, which was approximately the copula parameter
calculated for the sample of 100. The difference in joint cdf values between the
original analysis and this analysis with a modified copula parameter ranged from 1%

to 7%, which indicates minimal impact overall. The difference in joint pdf values
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between the original and modified copula parameter was typically only 1% to 3%;
however the difference in the peak was a more significant 15%. These results
indicate that the sample size did not have a significant impact on the calculated
copula parameters. The copula parameters calculated for the smallest and largest
samples resulted imé calculation of nearly identical joint distributions for the
sample. Thusat least for this scenario, it would app#aat a reasonable joint
distribution can be calculated based on a small sampleld@&ever, strong
conclusions on the impact of spla size on the development of joint distributions

cannot be made based on a single scenario

For a sample size of 100 a positive val
this scenario, all three of the copula families could then be evaluated. The magnitude
of Kendall s U was | arger than for the sma
magnitude of copula parameter than calculated for the smaller sample sizes. It can
also be noted that the sign of the copula parameter corresponds to the sign of
Kendall 6s U. The most appropriate copul a
calculated AlCvalues for this scenario. The Gumibtdugaard copula results in the
lowest AIC value, suggesting that this is the most appropriate copula family for use in
developing joint distributions for this scenario. The sign of the calculated value of

Kendawa® sn dt beli eved to be a function of

calculated based on the ranks of the data sets.

4.2.4.2.1.2. Plotting Joint Distributions Through Copulas

To examine the joint distributions, both pdfs and cdfs of the joint distrititio

were plotted using all three copula families, if possible, for each sample size. This
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enabled a visual assessment of the differences that would exist in the joint
distributions depending on the choice of copula family. Plots of both pdf and cdf are
presented for sample sizes of 10, 50, and 100, to illustrate several points about the
joint distributions. Little difference between the plots for sample sizes of 10, 25 and

50 were evident so the plots for a sample size of 25 were not presented.

0.4 -
0.3 4

0.2

Joint PDF - Frank Copula

Tidal Flood Depths Riverine Flood Depths

Figure 4-14: Joint PDF Calculated by the Frank Copula Family for a Sample Size of 10, where Flood
Depths are in Feet

146



Joint CDF - Gumbel-Hougaard Copula

) 0 o
Tidal Flood Depths Riverine Flood Depths

Figure 4-15: Joint CDF Calculated by the Frank Copula Family for a Sample Size of 10, whereléod
Depths are in Feet

0.25 -

0.2

Joint PDF - Frank Copula

Tidal Flood Depths 0 o

Riverine Flood Depths

Figure 4-16: Joint PDF Calculated by the Frank Family for a Sample Size of 50, where Flood Depths are in
Feet
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Joint CDF - Gumbel-Hougaard Copula

Tidal Flood Depths Riverine Flood Depths

Figure 4-17: Joint CDF Calculated by the Frank Family for a Sample $e of 50, where Flood Depths are in
Feet
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0.3 4
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Tidal Flood Depths Riverine Flood Depths

Figure 4-18: Joint PDF Calculated by the GumbeiHougaard Copula Family for a Sample Size of 100,
where Flood Depths are in Feet
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Joint CDF - Gumbel-Hougaard Copula

Tidal Flood Depths Riverine Flood Depths

Figure 4-19: Joint CDF Calculated by GumbelHougaard Copula Family for a Sample Size of 100 , where
Flood Depths are in Feet
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Figure 4-20: Joint PDF Calculated by the Clayton Copula Family for a Sample Size of 100, where Flood
Depths are in Feet
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Figure 4-21: Joint CDF Calculated by Clayton Copula Family for a Sample Size of 100, where Flood Depths
are in Feet
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Figure 4-22: Joint PDF Calculated by the Frank Copula Family for a Sample Size of 100, where Flood
Depths are in Feet
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Joint CDF - Gumbel-Hougaard Copula

Tidal Flood Depths 0 o

Riverine Flood Depths

Figure 4-23: Joint CDF Calculated by Frank Copula Family for a Sample Size of 100, where Flood Depths
are in Feet

The joint distributions created for each simulation scenario serve as an
intermediate step to deleping a comprehensive flood frequency analysis for two
flood sources. In Figuresi4, 416, and 418 the joint probability distributions
calculated for sample sizes of 10, 50, and 100, are provided while FidGretd 7,
and 419 provide the correspdimg joint cumulative distributions. These figures
illustrate several key points about the joint distributions. The peaks of the joint pdfs
for all sample sizes occur at a moderate tidal flood depth value and a very low
riverine flood value. Given thealues of the riverine and tidal generated samples,
this location of the pdf peak seems reasonable results of these studies are based
on only one location. For different locations, different relationships would exist
between the flood sources, whictay lead to differences in the shapes and locations

of the joint peaks.Though the riverine samples typically included a few large flood
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depths, the samples were overall very low. Differences in the shapes of the joint pdfs
are not evident as the samplee increases. This can be explained by the similarity

of the copula parameters calculated for each of the sample sizes. Though the
individual riverine and tidal samples generated for each sample size differed, they
were all generated from the same uhdeg populations, and they all had reasonably
similar levels of Kendall és U. Thus, the
four sample sizes were very similar, as can be observed in the figures. This suggests
that reasonable joint distribotis ©uld be developeavith only a smallamount of
dataavailable at least for this scenaridHowever, this may not be the case for other
scenarios. For most hydrologic applications, small samples are all that are available,
but this limited amount ofvailable data remains a significant challenge to hydrologic
analyses. Due to the high variability typically evident in hydrologic data, analyses

based on small samples are generally not considered to be highly accurate or reliable.

Though specific diffeneces are not clearly evident in the joint pdf figures, a
comparison of the joint pdf values calculated for the first ten samples of generated
riverine and tidal flood depths can be made, as these ten samples were the same for
all four of the sample sizeggerated. Differences were evident in the joint pdf
values calculated for each combination of riverine and tidal flood depths, with the
difference appearing to be more significant in the peak of the distribution. Though
these small differences can beibtited to differences in the copula parameter for
each sample size, specific trends that relate to the varying sample size were not

evident. However, it can be expected that the joint distributions developed for larger
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sample sizes would be more accuthtn the joint distributions developed for

smaller sample sizes, as larger sample sizes can better define the population.

The joint cdfs (Figures-45, 417, and 419) also had very similar
appearances despite the varying sample sizes. The shagtegmukess of the joint
cdf curve can be explained by the riverine and tidal flood depth samples. The riverine
samples tended to have primarily very low depth values with just a few higher values.
This results in a very steep rise parallel to the riveaixise over the lower flood
depths followed by a more gently sloping rise toward the highest flood depths. The
tidal flood depth samples did not typically have near zero values; thus, the slope
parallel to the tidal axis does not begin until the flood deptch values of 1 or 2
feet. The tidal samples also typically did not have depths greater than approximately
6 feet; therefore, the slope parallel to the tidal axis rises fairly steeply through that
range of flood depths, and then becomes more geothngj in the range of flood
depths that were unlikely to occur. In examining the joint cdf values calculated for
the first ten sets of riverine and tidal samples for each of the sample sizes, differences
in the cdf values ranging from 1% to 10% are evigeith large differences
observed in the moderate probability range rather than the particularly low or
particularly high probability values. This suggests that some variation in the shape of
the joint cdf occurs as the sample size increases; howeese, differences are small
enough not to be visible when the joint cdfs are plotted. It would be expected that as
the sample size increases the joint population would be better defined by the samples;
thus, the joint cdfs calculated based on the largepkasize should be expected to

be more accurate representations.
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For a sample size of 100 the calcul ated

which meant that all three copula families could be used to determine joint
distributions. Though the AIC value ilcdted that the Gumbélougaard copula

family would be the most appropriate to represent the sample, the Clayton and Frank
families were also used to calculate joint distributions for this sample in order to
determine the significance of the choice of dagamily. Figures 418, 420, and 4

22 provide the joint pdfs calculated for a sample size of 100 using the Gumbel
Hougaard, Clayton, and Frank families, respectively, while FiguteX 421, and 4

23 provide the joint cdfs calculated for a sample efzZE00 for those same copula
families. No significant difference wabserved in either the joint pdfs or cdfs based
on the choice of copula family. The general shapes and location of the peaks for the
joint pdfs and the general shapes and slopes g¢bittecdf surfaces all appear to be

very similar between the three copula families. Further, an evaluation of the
calculated joint pdf and cdf values for each combination of riverine and tidal flood
depths in the sample revealed insignificant differebesed on the choice of copula
family. Given that the primary difference in the copula families is their

representation of the dependence between the riverine and tidal flood depth samples,
this result was not surprising, given that the sample had w liavllevel of

dependence between the flood sources.

4.2.4.2.2. Effects of Varying Sample Correlation
The following sections will discuss the results of the use of copulas to develop
joint distributions for each of the four levels of correlation betwhermarginals that

was investigated. The results of fitting the copula equations and identifying the most
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appropriate copula family for each scenario will first be provided. Next, plots of the

joint distributions are presented and discussed.

4.2.4.2.2.1Copula Fitting to Develop Joint Distributions

In order to develop joint distributions, three Archimedean copula families
were fitted to the marginals previously identified for each degree of correlation
between samples. The most appropriate copulaydorieach scenario was chosen

based on Akai keds | ntldr matoiva d eBr iKteenrdiad n .6 s

for each scenario, the parameter calculated for each copula family for each scenario,

and the Akai keds | nforeachscemano. Cr i teri on cal

Table 4-10: Calculated Copula Parameters (Alpha) and Akaike's Information Criteria for Each Family and
Correlation Coefficient

Gumbel | Gumbel

Sample Hougaard| Hougaard | Clayton | Clayton Frank
Correlation| Tau Alpha AIC Alpha | AIC Alpha | Frank AIC

0.27| -0.1216 N/A N/A N/A N/A | -1.1080 2.0115

0.31| 0.0351| 1.0364 0.2929| 0.0728 2.6367| 0.3162 1.4532

0.37| 0.3192| 1.4688| -4.9883| 0.9376 4.8640| 3.1382| -8.3930

0.60| 0.8253| 5.7243| -20.1704| 9.4486| -70.2054| 21.1133| -93.9415

Forasapl|l e correlation of 0.27, a negative
calcul ated due to the ranks of the generat

be used to represent the joint distributions for this scenario. It should be noted that

Kendal | 6 $ointreasepjthénareasing correlation between the samples,
which is not surprising given that Kendal/l
because Kendall s U is calculated based on

random samples weremgerated with these same levels of correlation between them,

it is |ikely that different values of Kend
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examining the scenarios of varying sample size, the value of the calculated copula
parameter has the same signasiKkdal | 6s U, and as U increase
also increase. Thus, as sample correlation increases, the copula parameters also

increase.

As was discussed in the evaluation of the results for varying sample sizes, the
copula parameter tends to leaa fairly large standard error. For the lower levels of
correlation differences in the copula parameters are not significant; however, for the
higher levels of correlation the difference in copula parameters is significant. The
joint distributions werealculated for the samples with a correlation of 0.60 while
using the copula parameters originally calculated for a correlation of 0.31. The joint
cdfs varied significantly based on the copula parameters used. The lowest and
highest joint cumulative prabilities remained similar but otherwise, a difference of
10-20% in joint cumulative probabilities was evident for the same combinations of
riverine and tidal samples. The lower copula parameters calculated for a correlation
of 0.31 resulted in consisténsmaller cumulative probabilities than the copula
parameters originally calculated for a correlation of 0.60. The copula parameters
were also observed to have a significant impact on the joint pdfs developed. The
peak of the joint pdf was most impactegthe change in parameters, with the peak
decreasing when the lower parameter values were used to calculate the joint pdfs.
Thus, for higher levels of correlation between the riverine and tidal samples, the
copula parameter likely has more impact onjtiat distributions developed. As the

purpose of the copula is to model dependencies between variables, it was expected
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that there would be differences such as these in the joint distributions developed as

the level of dependence between the variablegased.

The calculated AIC values were used to determine the most appropriate
copula family to use to represent the joint distributions for the scenarios with
correlations of 0.31, 0.37, and 0.60 between the generated riverine and tidal samples.
For asample correlation of 0.31 the Gumibtdugaard copula family produces the
lowest AIC value, which suggests that the Gurttbeligaard copula should be used
for this scenario. For sample correlations of 0.37 and 0.60 the Frank family produced
the lowest AlCvalue, which suggests that the Frank family should be used to develop
the joint distributions. The magnitude of the AIC values increases with increasing
sample correlation, as does the difference in calculated AIC values for the three
copula families, with suggests that the differences in the three copulas may become
more significant as the correlation between the riverine and tidal samples increases.
This would not be surprising as each of the copula families typically performs best for
differentleves of Kendall 6s U. One factor that frr
to which copula family should be used to represent a given set of data is the level of
dependence between that data set, as each family typically has a certain range of

dependence ovevhich it performs better than the others.

4.2.4.2.2.2. Plotting Joint Distributions Through Copulas

Once the appropriate copula family had been chosen for each scenario, the
joint distributions could be plotted for visualization. Both pdfs and cdfiseofoint
distributions were plotted using the copula families previously identified as most

appropriate for each degree of correlation between the marginal distributions. Due to
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similarities in results, theopulapdfs and cdfs will be presented for adations of
27,0.37, and 0.60 only. The plots for a correlation of 0.31 were very similar to those
for a correlation of 0.27 so they will not be presented. The joint pdfs and cdfs
calculated using the copula procedure were plotted against the gemeeied and
tidal flood inundation depths. These figures provide an understanding of the
likelihood of occurrence of any combination of riverine and tidal flood inundation
depths. Figure-24 provides the joint pdf for a correlation of 0.27 using treakr
family and Figure 45 provides the joint cdf for this scenario. Figurez64 428,

and 430 provide the joint pdfs calculated for all three copula families for a
correlation of 0.37 while Figures27, 429, and 431 provide the joint cdfs. Figures
4-32, 434, and 436 provideoint pdfs calculated for all th@pula familiedor a

correlation of 0.60 anBigures4-33, 435, and 437 providegjoint pdfs
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Figure 4-24: Joint PDF Calculated by Frank Family for Correlati on Coefficient of 0.27, where the Flood
Depths are in Feet
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Figure 4-25: Joint CDF Calculated by Frank Family for Correlation Coefficient of 0.27, where the Flood
Depths are in Feet
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Figure 4-26: Joint PDF Calculated by GumbelHougaard Copula for Correlation Coefficient of 0.37, where
the Flood Depths are in Feet
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Figure 4-27: Joint CDF Calculated by GumbelHougaard Copula for Correlation Coefficient of 0.37, where
the Flood Deptls are in Feet
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Figure 4-28: Joint PDF Calculated by Clayton Copula for Correlation Coefficient of 0.37, where the Flood
Depths are in Feet
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Figure 4-29: Joint CDF Calculated by Clayton Copula for Correlation Coefficient of 0.37, where the Flood
Depths are in Feet
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Figure 4-30: Joint PDF Calculated by Frank Copula for Correlation Coefficient of 0.37, where the Flood
Depths are in Feet
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Figure 4-31: Joint CDF Calculated by Frank Copula for Correlation Coefficient of 0.37, where the Flood
Depths are in Feet
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Figure 4-32: Joint PDF Calculated by GumbelHougaard Copula for Correlation Coefficient of 0.60, where
the Flood Depths are inFeet
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Figure 4-33: Joint CDF Calculated by GumbelHougaard Copula for Correlation Coefficient of 0.60, where
the Flood Depths are in Feet
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Figure 4-34: Joint PDF Calculated by Clayton Copula for Correlation Coefficient of 0.60, where the Flood
Depths are in Feet
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Figure 4-35: Joint CDF Calculated by Clayton Copula for Correlation Coefficient of 0.60, where the Flood
Depths are in Feet
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Figure 4-36: Joint PDF Calculated by Frank Copula for Correlation Coefficient of 0.60, where the Flood
Depths are in Feet
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Figure 4-37: Joint CDF Calculated by Frank Copula for Correlation Coefficient of 0.60, where the Flood
Depths are in Feet

Forthis low correlation scenario of 0.27 a negative value was calculated for
Kendall 6s U, such that only the Frank f ami
distributions. As was observed for the joint distributions calculated based on varying
sample sizes, thecation of the peak, at a moderate tidal flood depth and very low
riverine flood depth, seemed reasonable given the generated riverine and tidal flood
depths. It was also noted that for this low level of correlation the peak was fairly
broad and roundedl'he steepness and shape of the joint cdf can also be traced to the
generated riverine and tidal samples, as discussed for the scenarios with varying
sample size. Much of the riverine sample consisted of very low depth values, with a
few larger depth vales, which explains the very steep slope parallel to the riverine
flood depth axis at low flood depths and the more gradual slope as the riverine flood

depths increased. The tidal sample contained depths primarily below 4 feet, which
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explains the steepstope parallel to the tidal depth axis over these low flood depths
and the much more gradual slope over the larger flood depttestrends in shape,
size, and location of the joint pdf peaks would likely differ from those observed here

for studies basedn different locations.

For the higher correlation scenarios a positive value was calculated for
Kendall s U, so all three copula families
distributions. Based on the calculation of the AIC values, the Frank famouidw
best represent these samples, but all three sets of joint distributions will be presented
in order to assess the impact of choice of copula. As the correlation coefficient
increased from 0.27 to 0.60 the peak of the joint pdf was observed to become
narrower and steeper. The narrower peak indicates that similar values of riverine and
tidal flood depths are more likely to occur jointly, which would be expected when
higher levels of correlation exist between the samples. Similarly, the tail of the join
pdfs which typically shows in the figures as a raised bump behind the peak of the
joint pdf, was also observed to change as the level of correlation between the riverine
and tidal samples increased. As the correlation increased, the tail became more
diagonal, which further suggests the increased likelihood of flood depths of similar
magnitudes occurring jointly from both flood sources. The tail indicates there is a
higher likelihood of occurrence of a combination of a high riverine flood depth and a
high tidal flood depth than there is of a combination of a high riverine flood depth and

a low tidal flood depth.

Some variation was also evident in the joint cdfs as the level of correlation

between the samples increased. Very small differences were tfhaddre lower
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levels of correlation. However, some difference was observed in joint cdf values
calculated for similar combinations of riverine and tidal flood depth combinations.
The calculated joint cdf value calculated for similar combinations efine and tidal
flood depths was typically, though not in all cases, observed to increase as the
correlation between the riverine and tidal values increased. As the higher levels of
correlation were approached the shape and slope of the joint cdf wageolise
change. The joint cdfs became steeper parallel to the tidal flood depth axis as the
correlation increased. This suggests an increased likelihood of larger flood depths
occurring from the tidal flood source. These results suggest that theflevel o
correlation between the samples has a much more significant impact on the
corresponding joint distributions than did the sample size. Because the correlation
bet ween the samples influences the calcul a
parameters, it wasxpected that the level of correlation between the samples should

influence the joint distributions.

In comparing the performance of the three copula families, fairly small
differences in joint pdfs and cdfs were observed for the lower levels ofatarel
For the lower levels of correlation, differences in the joint pdf values calculated by
each family were typically small, on the range €%, though in some instances,
larger differences in joint pdf values on the order of 10% were observedpedks.
The calculated joint cdf values typically varied by approximate3¢/dbetween
copula families for given combinations of riverine and tidal flood depths, which
would typically not be considered significant. As the level of correlation increased,

differences became more evident in both the joint pdfs and the joint cdfs based on the
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copula family used. For instance, the peak of the joint pdf calculated using the
Clayton family appears to be narrower and steeper than the peaks of the joint pdfs
calaulated by the Gumbédfiougaard and Frank families. While the joint cdf values
calculated for each family are similar over much of the distribution, differences are
clearly evident, especially about the peaks. That the choice of copula family used to
devebp the joint distributions has a higher degree of impact at high levels of
correlation between the samples was expected because the primary difference
between the copula families is their modeling of dependence between the variables.
Higher levels of coglation between the riverine and tidal flood depth samples
suggest a higher level of dependence between the samples. Thus, differences
between the copula families should be more readily apparent when a high level of
dependence exists between the sampkethe copulas are known to perform

differently for various levels of dependence between the samples.

4.2.5. Calculation of Combined Flood Frequency Curve

The final step in the procedure required using a double integral to calculate
the area under theint distributions corresponding to total flood depths. This
provided the norexceedance probabilities that correspond to total flood depths that
were influenced by both flood sources. The following sections will describe the

methods used and present tasults of this procedure.

4.2.5.1. Description oMethods
The results of the copula procedure described in section 4.2.4 were joint pdfs
and cdfs, which can provide the probability that corresponds to a specific joint event.

However, the primary interess the probability of a certain flood depth occurring,
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when that flood depth might be due to either of the sources individuady, or
combination of the two, such that many possible combinations could result in the
desired flood depth. Because the nnerand tidal contributions to flood inundation

at the location of interest were summed in the process of identifying annual maximum
events, flood depths were also summed to identify probabilities corresponding to total
flood depths. Within the joirdf, the area corresponding to a specific total flood

depth was identified as bounded by a triangle of the riverine and tidal inundation
depths axes and a line connecting the points (0, tidal depth of interest) and (riverine
depth of interest, 0). In other vas, the points where the flood inundation depth of
interest was caused only by one of the sources, either riverine or tidal, were identified
and connected by a line. All of the points on this line summed to a total depth equal
to the depth of interest drall points inside the bounding triangle summed to total

depths less than the depth of interest. This is illustrated in Fig@Be 4

Depth of Interest

Riverine Inundation Depth

Depth of Interest

Tidal Flood Depth

Figure 4-38: Graphical lllustration of Area Corresponding to Certain Flood Inundation Depth

169



The volumeunder the joint probability distribution within this bounding
region represents the nexceedance probability for a given flood depth. This was
calculated using a double integral. The lower and upper bounds of the outer integral
were 0 and tatl depth of interest, respectively. The lower and upper bounds of the

inner integral were 0 and:

Upper Bound =
Total Depth of Interest — Riverine Contribution to Total Depth

(4-6)

As an example, if the riverine flood depth was 3.5 feet, and the corresponding tidal

flood depth was 3 feet, the total flood depth ofries¢ would be 6.5 feet. In this

scenario, the outer integral lower and upper bounds would be 0 feet and 6.5 feet,

respectively, and the inner integral bounds would be 0 and (6.6 3cgffeet), or 3

feet. The double integral was calculated in Matldbnsy t he adapti ve Si mp
method, a numerical evaluation method, which uses a recursive algorithm to

approxi mate the integral based on the erro
rule. The norexceedance probability of each value of total floodhlems

calculated using this double integral procedure, and then the probabilities were

plotted against the total depth values.

The final task to determining the probability of total flood depths was to
identify the appropriate distribution to represdr probabilities that correspond to
the total flood depths. The following distributions were fitted to the total flood

depths: the LP3, the GEV, the gamma, and the normal. The GEV and gamma
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distributions were chosen for consideration because they weteodhmarginal
distributions used to represent the simulated riverine and tidal data. The LP3
distribution was selected for consideration because it is commonly used to represent
flood data. The normal distribution was selected for consideration betbause

purpose of the copula is to develop a joint distribution when the marginals are
represented by different distributions; thus, it was believed that the results of the

copula might not follow either of the marginal distributions.

These four distributies were fitted to the total flood depth samples using
either Maximum Likelihood Estimation or Method of Moments, and they were
compared to the probabilities calculated for each copula family based on the double
integral procedure. The fitted distributionsre plotted against the total flood depths
and compared to a plot of the Rerceedance probabilities calculated by double
integral versus the total flood depths. These plots, as well as probability plot
correlation coefficients, were used to determviréch of the four distributions could
best represent the total flood depth populations for each simulated scenario. The
result of this process was aferredpopulation from which nomxceedance
probabilities corresponding to total flood depths for teation of interest could be
identified. From this distribution, the true nature of the flood hazard for the location

of interest can be understood, which was the ultimate goal of this research.

4.2.5.2. Description of Results
The effects of both sampgtze and correlation between marginal samples on
the probabilities corresponding to total flood depths were investigated. The results of

these analyses are presented in the following sections.
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4.2.5.2.1. Effects of Varying Sample Size

While the joint cimulative distribution calculated using the copula provides
the nonexceedance probabilities corresponding to specific joint events, it is the non
exceedance probability corresponding to the total flood inundation depth that is
needed, to which both soura@sy contribute. The parameters calculated in fitting
the LP3, GEV, gamma, and normal distributions to the total flood depths for each
sample size are presented in Tabldsd4412, 413, and 414. Figures 489, 440, 4
41, and 442 compare the fittedistributions to the calculated n@xceedance
probabilities for the total flood depths for each sample size. Tabfeptovides
flood depths calculated using each distribution for several common exceedance
periods for all sample sizes for another metbbdomparing the distributions. The

results will be discussed after all tables and figures have been presented.

Table 4-11: Parameters and Probability Plot Correlation Coefficients Calculated for Total Flood Depths for
a SampleSize of 10

LP3 GEV Gamma | Normal
Shape 2.6304 0.6599 2.3729 N/A
Scale 0.3973 1.3948 2.3775 4.9626
Location 0.4599 3.2766 N/A 5.6417
Probability Plot
Correlation
Coefficient 0.9859 0.9749 0.9882 0.9233
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Figure 4-39: Comparing Non-Exceedance Probabilities Calculated for Total Flood Depths Using the
Double Integral Procedure to Those Calculated by Fitting Distributions for a Sample of 10, where Total
Flood Depth Units are in Feet

Table 4-12: Parametersand Probability Plot Correlation Coefficients Calculated for Total Flood Depths for
a Sample Size of 25

LP3 GEV Gamma | Normal
Shape 2.5850 0.6787 1.9991 N/A
Scale 0.4223 1.4645 3.2182 5.8394
Location 0.4993 3.5182 N/A 6.4335
Probability
Plot
Correlaton
Coefficient 0.9948 0.9905 0.9958 0.9639
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Figure 4-40: Comparing Non-Exceedance Probabilities Calculated for Total Flood Depths Using the Double
Integral Procedure to Those Calculated by Fitting Distributions for a Sample of 8, where Total Flood
Depth Units are in Feet

Table 4-13: Parameters and Probability Plot Correlation Coefficients Calculated for Total Flood Depths for
a Sample Size of 50

LP3 GEV Gamma | Normal

Shape 1.8656| 0.4841| 2.6750 N/A
Scak 0.4099 1.2495 1.9136 4.3523
Location 0.6697 3.2552 N/A 5.1187
Probability

Plot

Correlation

Coefficient 0.9766 0.9766 0.9913 0.9337
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Figure 4-41: Comparing Non-Exceedance Probabilities Calculated for Total Flood Depths Usinpe Double
Integral Procedure to Those Calculated by Fitting Distributions for a Sample of 50, where Total Flood
Depth Units are in Feet

Table 4-14: Parameters and Probability Plot Correlation Coefficients Calculated for Total Floa Depths for

a Sample Size of 100

LP3 GEV Gamma | Normal

Shape 18.8680| 0.4327| 1.7842 N/A
Scale 0.1721 1.8991 2.9872 5.0315
Location -1.8797 2.9538 N/A 5.3297
Probability

Plot

Correlation

Coefficient 0.9961 0.9929 0.9890 0.8885
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Figure 4-42: Comparing Non-Exceedance Probabilities Calculated for Total Flood Depths Using the Double
Integral Procedure to Those Calculated by Fitting Distributions for a Sample of 100, with Total Flood
Depth Units in Feet

Table 4-15: Flood Depths in Feet Calculated for Exceedance Probabilities of 10%, 2%, and 1% for Each
Distribution

Exceedance
Probability LP3 GEV Gamma | Normal

Sample Size 10

0.1 10.681| 10.4948| 10.5457| 12.0015

0.02| 24.6788| 28.9149| 15.4051| 15.8336

0.01| 347293| 45.1571| 17.3978| 17.1864

Sample Size 25

0.1| 12.1915| 11.2989| 12.5136] 13.917

0.02 29.555| 31.8485| 18.7696| 18.4262

0.01| 42.4278| 50.3306| 21.3582| 20.018

Sample Size 50

0.1 8.8606| 8.3464| 9.3135| 10.6964

0.02| 19.3524| 17.7409| 13.3678| 14.0572

0.01| 26.7693| 24.6043| 15.0203| 15.2437

Sample Size 100

0.1| 10.5357| 10.186| 10.6502| 11.7778

0.02]| 21.7673| 22.3119| 16.2717| 15.6631

0.01| 28.6309| 30.6879| 18.612| 17.0347
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For all four sample sizes, the probability plot correlation coefficients indicate
that the LP3GEV, and Rayleigh distributions would all provide acceptable fits to the
generated data. The probability plot correlation coefficients also suggest that the
normal distribution would not provide as adequate a fit to the total flood depths for all
four sanple sizes. The differences in probability plot correlation coefficients
calculated for the LP3, GEV, and gamma distributions for all sample sizes are
minimal, indicating that the three distributions would perform similarly in

representing the samples.

The graphical comparisons of the fitted distributions to each sample size
provide similar results to the probability plot correlation coefficients. For all four
sample sizes, the graphical comparisons indicate that the LP3, GEV, and gamma
distributionswould adequately fit the total flood depths while the normal distribution
would not adequately fit the data. The difference in the ability of the LP3, GEV, and
gamma distributions to fit the generated flood depths appears to be minimal, as
suggested by thprobability plot correlation coefficients. The graphical comparisons
also suggest that the LP3 and GEV distributions would perform almost identically
and would be an excellent fit to the data. Though the gamma distribution appears to
fit the generatedata fairly well for all sample sizes, it typically is not observed to
match the curvature of the generated data as well as the LP3 and GEV distributions.
Based on these conclusions, the LP3 distribution was selected to compute the

probabilities correspuding to total flood depths for all four sample sizes.

The impact of the choice of distribution on flood depths calculated for various

exceedance probabilities was examined in Takl&.4While the LP3, GEV, and
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gamma distributions were all observegerform very similarly over the range of the
data, the results in Tablel® indicate that there would be large differences in the
predicted flood depths corresponding to the larger flood events, such as the 1%
annual chance event. The LP3 and GEV distidn continue to perform

approximately equally for the larger flood events; however, the gamma distribution
predicts much lower flood depths than the other two distributions for the larger
events. Differences in the tails of these distributions accoumiiése differences in
predicted flood depths. This suggests that though the three distributions appear very
similar over the range of the data, the choice of distribution would actually have
significant impact on the larger predicted flood depthsartaso be noted from

Table 415 that a trend in the predicted flood depths with increasing sample size is
not apparent. As trends in the distribution parameters were not apparent with varying
sample size, it was not expected that there would be anyitréimel predicted flood

depths.

As the sample size has increased from 10 to 100, the fitted distributions were
observed to be better able to fit the sample, as would be expected. The larger samples
better approximate and define the populations; thudittad distributions can be
considered to be more accurate when based on a larger sample. Though the
increasing sample size resulted in a better ability to fit distributions to the total flood
depths, the increase in sample size was not observed tomemujttrends in the
parameters of the fitted distributions. However, from the figures and the probability
plot correlation coefficients calculatedwbuld appeathat reasonably accurate

estimates of the neexceedance probabilities that mspond tdotal flood depths
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couldbe obtained even when only a small sample size is avaikthdkast for this
particular scenarioGiven the high variability typical in hydrologic data, this may not

be the case for other scenarios.

4.2.5.2.2. Effects of Varyig Sample Correlation

Distributions were also fitted to the total flood depths calculated for the
scenarios with varying levels of correlation between the samples. These non
exceedance probabilities were compared to those calculated using the doulkdé integr
procedure. The parameters calculated for the LP3, GEV, gamma, and normal
distributions, which were fitted to the total flood depths for each scenario, are
presented in Tables¥6, 417, 418, and 419. These tables also present the
probability plot ©rrelation coefficients for each distribution in each scenario. The
fitted distributions are graphically compared to the-egoeedance probabilities
calculated using the double integral procedure in Figu#s, 444, and 445.
Graphical comparisonsepresented for correlations of 0.27, 0.37, and 0.60, but not
for a correlation of 0.31 due to similarities to the correlatiod.®7. Table €20
providesflood depths calculatefdr each distribution for the 10%, 2%, and 1%
annual chance events to compthe performance of the distributions. The results

will be discussed after all tables and figures have been presented.

Table 4-16: Parameters and Probability Plot Correlation Coefficients Calculated for Total Flood Depths for
a Sample Correlation of 0.27

LP3 GEV Gamma | Normal
Shape 1.6795 0.4590 2.7523 N/A
Scale 0.4232 1.2511 1.8733 4.3639
Location 0.7370 3.3314 N/A 5.1560
Probability Plot
Correlation
Coefficient 0.9785 0.9816 0.9903 0.9309
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Table 4-17: Parameters and Probability Plot Correlation Coefficients Calculated for Total Flood Depths for

a Sample Correlation of 0.31

LP3 GEV Gamma | Normal
Shape 2.4181 0.4285 2.5514 N/A
Scale 0.3735 1.3829 1.9935 4.3708
Location 0.5149 3.2128 N/A 5.0861
Probability
Plot
Correlation
Coefficient 0.9781 0.9816 0.9917 0.9292

Table 4-18: Parameters and Probability Plot Correlation Coefficients Calculated for Total Flood Depths for

a Sample Correlation of 0.37

LP3 GEV Gamma | Normal
Shape 3.6609 0.4824 2.3757 N/A
Scale 0.3209 1.4431 2.1250 4.4042
Location 0.2192 3.0585 N/A 5.0482
Probability
Plot
Correlation
Coefficient 0.9765 0.9703 0.9945 0.9314
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Figure 4-44: Comparing Non-Exceedance Probabilites Calculated for Total Flood Depths Using the Double
Integral Procedure to Those Calculated by Fitting Distributions for a Sample with Correlation Coefficient
of 0.37, with Total Flood Depth Units in Feet

Table 4-19: Parameters andProbability Plot Correlation Coefficients Calculated for Total Flood Depths for
a Sample Correlation of 0.60

LP3 GEV Gamma | Normal
Shape 9.1296 0.4878 2.0727 N/A
Scale 0.2258 1.6144 2.3989 4.4732
Location -0.7174 2.8521 N/A 49721
Probability
Plot
Correlation

Coefficient 0.9840| 0.9712] 0.9915] 0.8929
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Figure 4-45: Comparing Non-Exceedance Probabilities Calculated for Total Flood Depths Using the Double
Integral Procedure to Those Calculated by Fitting Distributions for a Samfe with Correlation Coefficient
of 0.60, where Total Flood Depth Units are in Feet

Table 4-20: Flood Depths in Feet Calculated for Exceedance Probabilities of 10%, 2%, and 1% for Each

Distribution
Exceedance
Probability | LP3 GEV Gamna | Normal
Sample Correlation 0.27
0.1 8.8308| 8.2629| 9.3216| 10.7486
0.02| 19.3222| 16.9474| 13.325| 14.1184
0.01| 26.7977| 23.121| 14.9545| 15.3079
Sample Correlation 0.31
0.1 8.9883| 8.4504| 9.3526| 10.6875
0.02| 19.3679| 17.1635| 13.5163| 14.0626
0.01| 26.5259| 23.1544| 15.2175| 15.2541
Sample Correlation 0.37
0.1 9.1815| 8.9253| 9.4343| 10.6924
0.02 19.429| 19.7169| 13.7791| 14.0933
0.01| 26.2512| 27.5863| 15.5607| 15.2939
Sample Correlation 0.60
0.1 9.5105| 9.4624| 9.5896| 10.7047
0.02| 19.5668| 21.7445| 14.3019| 14.1589
0.01| 25.8622| 30.7534| 16.248| 15.3783
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To select the most appropriate distributions to represent the total flood depths
for each scenario the probability plot correlation coefficients will first be examined.
These suggest that the LP3, GEV, and gamistalaltions would all adequately
represent the total flood depths, while the normal distribution would typically not be
able to represent the data. Differences in the probability plot correlation coefficients
for the LP3, GEV, and gamma distributionsrdu appear to be significant. Based on
the very similar probability plot correlation coefficients calculated for these
distributions for all four scenarios, it would be expected that all three distributions

should perform very similarly in representing ttotal flood depth samples.

Graphical comparisons of the fitted distributions to the-exteedance
probabilities calculated for the total flood depths using the double integral procedure
were also evaluated to determine the most appropriate digirikiatrepresent the
total flood depths. For all four scenarios, these plots supported the conclusions drawn
based on the probability plot correlation coefficients. The plots suggested that the
LP3, GEV, and gamma distributions all provide excellentditthe total flood depth
data but the normal distribution does not. The LP3 and GEV distributions appear to
perform almost identically, and both typically appear to match the curvature of the
generated data slightly better than the gamma distributibe. LIP3 distribution was
chosen to represent the total flood depths for all scenarios based on the plots, the
probability plot correlation coefficients, and the knowledge that this distribution was

frequently observed to be the best fit in the other sinounatudies.

As the level of correlation increased a trend was observed in the parameters of

each of the fitted distributions. For the LP3 distribution, the shape parameter was
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observed to increase and the scale and location parameters were olusdegeddse

as correlation increased. For the GEV distribution, the shape and scale parameters
were observed to increase while the location parameter was observed to decrease.
For the gamma distribution, the shape parameter was observed to decrease and th
scale parameter was observed to decrease, and for the normal distribution, the scale
parameter was observed to increase and the location parameter was observed to
decrease. These trends in the parameter values indicate that the level of correlation
between the riverine and tidal flood depth samples will influence the distributions
fitted to the total flood depths. The level of correlation between the samples also
influenced the total depths themselves, as the level of correlation controlled the tidal
sanple generated, and the riverine and tidal samples were summed to identify the
total flood depths. It was expected that the level of correlation would have some
impact on the distributions fitted to the total flood depths as the level of correlation
was ds0 observed on influence the joint pdfs. Because the purpose of the copula is to
model dependence between variables, it is reasonable to expect that the level of
dependence between the variables would impact the results of the copula and the

results of pobabilities corresponding to the total flood depths as well.

Despite the impact that the level of correlation was observed to have on the
parameters of the fitted distributions, definite trends in the calculated flood depths
corresponding to common excamce probabilities in Table2D were not observed.
The flood depths predicted for each exceedance probability using the GEV and
gamma distributions were observed to slightly increase with increasing correlation.

Such trends were not evident when th& laAd normal distributions were used to
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predict the flood depths. This suggests that though trends were identified in the
distribution parameters based on the level of correlation, those trends were not
significant enough to impact the flood depths caltad using the distributions.
Further examination of Table2D also reveals the significant of the choice of
distribution to represent the total flood depths, which was not so obvious over the
range of the data. Though the LP3, GEV, and gamma distitsuvere observed to
perform very similarly over the range of the data, Takk®4uggests that large
differences in flood depths, especially for the larger flood events, would be possible
depending on which distribution as chosen. The LP3 and GE\Vbditm

consistently calculate larger flood depths corresponding to the 1% annual chance
flood than does the gamma distribution. Thus, care must be taken in choosing the

distribution best suited to represent the total flood depths.

4.2.6. Conclusions

The analyses presented examined the effect of sample size on the
development of a joint cumulative distribution, making use of the copula method, and
on the development of a comprehensive flood frequency curve that considered
multiple flood sources. Though spha size has a clear impact on the fitting of
marginal distributions, the impact of sample size on the joint distributions calculated
by the copula method, and the fitting of distributions to represent the total flood
depth, was observed to be minimal. tAe sample size increased, more accurate
distributions were fitted to the marginal samples, though trends were not observed in
the fitted marginal distribution parameters as sample size varied. The joint

distributions developed based on the copula wetelngerved to vary significantly
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based on sample size. This suggests that a reasonable joint distribution can be
developed based on a small samptiewever, these studies were based on only one
scenario, and higher degrees of variation may be apparesthfr scenarios

Limited available data remains a significant challenge in hydrologic analyses due to

the high variation typically evident.

The joint distributions were observed to be most strongly influenced by the
calcul ated val icewasrotobserved ta belstfosgly télatedvich
sampl e si ze. Since Kendall s U is based s
be expected to vary systematically with sample size. Because the marginal
distributions simulated for each sample sizeengenerated for the same distributions
with the same parameters, and Kendall 6s U
the sample size varied, the joint distributions developed for each of the sample sizes
were very similar. However, it can be exygecthat as sample size increased the
joint distributions developed would be more accurate, as the sample better represents
and defines the population. Based on the joint distributionserogedance
probabilities corresponding to total flood depths weleulated and distributions
were fitted to represent the probabilities that corresponded to the total flood depths.
Trends were not observed in the fitted distributions as the sample size varied. For
instance, specific variations in the parameterseffitted distributions were not
observed. As sample size was not observed to significantly impact the joint
distributions, it would not be expected to impact the distributions fitted to the total
flood depths either. However, the distributions fittethelarger sample sizes can be

assumed to better represent the populations. These results indicate that even when the
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sample size is small, reasonable joint distributions can be developed for the sample
and norexceedance probabilities can be calculam@desponding to the total flood

depths.

The analyses presented also examined the effect of degree of correlation
between the samples on the development of a joint cumulative distribution, making
use of the copula method, and on the development of arebemsive flood
frequency curve that considered multiple flood sources. The change in correlation
between the samples did have some impact on the fitting of distributions to the
sample marginals, as the change in correlation between the simulated saasples
achieved by varying the tidal sample while holding the riverine sample constant.
However, specific trends were not evident in the fitted marginal distribution
parameters as the level of correlation between the samples varied. The level of
correlationbetween the samples was observed to impact the joint pdfs and cdfs, with
a more visually obvious impact on the joint pdfs. The level of correlation between
the samples describes tivearrelationship and dependence between the samples.
Thus, the joindistributions, which illustrate the dependence between the variables,
should vary as the level of correlation varies. Within the joint pdfs, the peaks of the
joint pdfs were observed to become narrower and steeper as the level of correlation

between theamples increased. The level of correlation impacted the joint

di stributions because there was a rel at.

Kendall 6s U influenced the value of t he

joint distributionsdeveloped for a given set of samples.
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Further, in scenarios for which positiyv

which allowed all three copula families to be used to develop the joint distributions,
the choice of copula family was observed to hawege impact as the level of

correlation increased. This result was expected as the primary difference between the
copula families is how they model dependence between the variables. Differences
were more visually evident in the joint pdfs between theetlwopula families as the

level of correlation increased. This result suggests that the choice of copula family
would have more impact on an analysis if the flood sources were strongly dependent,
or had a high level of correlation between them. For |dexazis of dependence, the
results of this study indicate that the choice of copula family is less important and will

have less impact on the results of the analysis.

The correlation also was observed to impact theexameedance probabilities
corresponihg to the total flood depths. As these probabilities were calculated based
on the joint pdfs, it was expected that the level of correlation between the samples
would influence the calculated probabilities. The correlation was also observed to
impact thedistributions fitted to the total flood depths. Trends were observed in the
parameters of the distributions fitted to the total flood depths as the correlation
between the samples increased. The level of correlation between the samples was
expected to &ve a more significant impact on the joint distributions and the
distributions fitting the total flood depths because the purpose of the copula is to
model dependence between variables. As the correlation between the flood sources
increases the dependerisxreases, making the copulas more necessary to model the

joint distributions. These results indicate that the level of correlation between the
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samples will have a significant impact on the joint distributions developed and the
calculation of norexceedace probabilities that correspond to the total flood depths.
More care must be taken in conducting analyses for highly dependent variables, to
ensure that the most appropriate copula family is used to represent the joint
distribution. This will also ensa that the best possible estimates of the non

exceedance probabilities that correspond to the total flood depths will be obtained.

4.3. Flood Risk Calculations

The previous sections have developed a process to assess the flood hazard for
a location ofinterest based on multiple flood sources. The flood frequency
assessments developed were Basejoint distributions for the twibood sources
calculated based on copulas. The flood hazard is only one part of flood risk. The
other two components ofdibd risk are the vulnerability to flooding and the
consequences that result from those flood events. Flood risk is calculated by
multiplying the exceedance probability, the vulnerability, and the consequences for a

given flood depth of interest.

The termvulnerability refers to the ability of the system in place to protect the
location of interest from flooding. The system will include any structures near the
location of interest designed to reduce the probability of flooding or any nonstructural
measuresaken at or near the location of interest to reduce either the probability or
the consequences of flooding. Common examples of structural systems include
levees or floodwalls. Nonstructural measures includkiling restrictionselevation

of structuresflood proofingstructures, or creating additional room to store waters
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naturally. Whatever the system may be that is identified as protecting the location of
interest, failure is always a possibility. This uncertainty is incorporated into the

vulnerabiity term of the risk equation.

To complete the flood risk calculations, the consequences of the flood event
must be assessed. Consequences may be identified in economic terms, such as
damages to structures and infrastructure, environmental damagess of liée or
injuries as a result of the flood event, though economic terms are the most commonly
used. For the purpose of providing an example of the method, economic
consequences will be considered because they can be easily calculated and

understood.

4.3.1. Description ofMethods

The exceedance probabilities calculated for the total flood depths using the
copula procedure were used as input to the flood risk calculations. Flood risk
calculations were then made based on the other terms in theuetkoaq
(exceedance probability multiplied by vulnerability multiplied by consequentes)
vulnerability and the consequences. Vulnerability is a weight, that ranges between 0
and land indicates how well theplace system to protect the location oEnatst
from flood events is expected to perform. Therefore, vulnerability will vary with
flood depth. A hypothetical vulnerability curve was created for use in experimental
calculations, as shown in Figuret8, as detailed information about the vulndigbi
of the location of interest was not available. Vulnerability increases with depth in a
linear fashion, which indicates that vulnerability is simply directly proportional to

depth of flooding, which may be true for certain systems. Without specific
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information about the system in place at the location of interest this linear curve

seemed to be a reasonable approximation of vulnerability for the purpose of these

calculations.
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Figure 4-46: lllustr ation of the Vulnerability Curve Used in Flood Risk Assessments

Consequences, measured as damage to the structure and its contents due to the
flood, will also vary with depth. Depitiamage curves, shown in Figuré 4,
obtained from USACE (20033re usd to determine the percentage of damage to the
structure and to contents based on depth of flooding. Thesepmkngdnt damage
curves are general curves that can be applied nationally, though it is also preferable to
derive specific curves for a giverchtion. For a hypothetical scenario using
simulated data, the general curves were deemed to be appropriate. These percent
damage values were then multiplied by the value of the structure and the value of the
contents to determine the total monetary dasrdge to varying flood depths. For the
hypothetical scenario, the tvgtory residential structure without a basement was
assumed to be worth $150,000 and the contents were assumed to be worth $25,000.

The resulting deptimonetary damage curves are praddn Figure 448.
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Figure 4-47: Depth-Percent Damage Curves Obtained from USACE (2003)
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Figure 4-48: Depth-Monetary Damage Curves

Depending on thpurpose of the risk analysis, it might be desirable in some
circumstances to fit equations to the vulndigband consequence curves,tbat
values could be determined for any flood depth of interest. However, the purpose of
this analysis is simply tdemonstrate the effect of the comprehensive probability
assessment on risk calculations. Thus, the population that was fitted to the
exceedance probabilities corresponding to the total flood depth values was used to
determine the exceedance probabilitegresponding to various depths of flooding

for which values of vulnerability and consequences had been obtained. These
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exceedance probabilities were multiplied by the vulnerability values and consequence

values for each flood depth to obtain flood nsltues for each flood depth.

A total of eight scenarios were investigated using the simulation studies
evaluating the sample size and sample correlation. Sample sizes of 10, 25, 50, and
100 were investigated, as were sample correlation coefficient2 4f@31, 0.37, and
0.60. For each of these scenarios, the exceedance probabilities corresponding to
flood depths of 1 through 16 feet were first calculated using the probability
distributions fit in the flood hazard assessment developed through tha copu
procedure. The exceedance probabilities corresponding to flood depths were used as
input to the flood risk calculations for each simulation scenario. The exceedance
probabilities were then multiplied by the vulnerability curve previously identified in
Figure 446 and the consequences curve shown in Figdi@ té obtain calculations

of flood risk for each simulation scenario.

4.3.2. Description of Results

Flood risk was calculated for each of the simulation scenarios developed to
evaluate the impact eample size and level of correlation between the samples. The
exceedance probabilities for each scenario were calculated based on the probability
distributions representing naxceedance probabilities calculated for the total flood

depths. The impacts varying sample size arghmple correlations were assessed.

4.3.2.1. Variation of Sample Size
Risk calculations were made for each of the four sample sizes considered to

determine the impact of sample size on the estimation of flood risk for theolooéti
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interest. Figure 419 provides the exceedance probabilities calculated based on the
distribution fitted to total flood depths for each sample size. Fig&i@ grovides the
flood risk calculations for each sample size, based on the probabilgs=nped in

Figure 449, the vulnerability information presented in Figuré6} and the

consequence information presented in Figud84 The exceedance probabilities
presented in Figure-49 suggest that sample size had minimal impact on the
calculated pobabilities. While there were variations in the parameters of the
distributions previously fitted to the total flood depths for each sample size, particular
trends or impacts on these fitted distributions corresponding to sample size were not

observed;hus, significant difference in exceedance probabilities was not expected.
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Figure 4-49: Exceedance Probabilities Corresponding to Total Flood Depths Calculated Using the Copula
Procedure for All Four Sample Sizes

More variation is evident in the flood risk calculations in Figufsd4han in
the nonexceedance probabilities. The flood risk calculations are the most similar for
low flood depths where the exceedance probabilities were the most sietvieen

the sample sizes. The small variations in exceedance probabilities are magnified by
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the multiplication of the exceedance probabilities with the vulnerabilities and
consequences. However, these variations do not seem to be related to samijtle size.
can be assumed that the flood risk calculations based on larger sample sizes would be
more accurate, as the larger sample size should have better represented the population
when distributions were fitted to the total flood depth values, and because the

marginal distributions and copula fitted earlier in the process should also have

become more accurate as sample size increased. Otherwise, trends cannot be
identified in the flood risk calculations relating to the sample size. The exceedance
probabilities steadily decreased with increasing flood ddpihthe vulnerability and
consequences increased withreasing flood depth, gbat the highest flood risk was
calculated for all sample sizes at flood depths between 4 and 7Tfeeflood risk

for high flood depths is actually quite low becatise exceedance probabilities

become quite small as flood depth increasdmsch reduces the influence of the

increasing vulnerability and consequence terms as the flood depth increases
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Figure 4-50: Flood Risk Calculations Corresponding to Total Flood Depths for All Four Sample Sizes
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4.3.1.2. Variation of Sample Correlation

Flood risk calculations were also made for each of the simulation scenarios
with different levels of correlation between the marginal samples. The level of
correlation was previously observed to influence the joint distributions developed
using the copula as well as the merceedance probabilities calculated corresponding
to totalflood depths, so it was believed that there may be some influence on the flood
risk calculations as well. Figure5L provides the exceedance probabilities
calculated using the distribution fitted to the total flood depths for each level of
correlation. The exceedance probabilities were observed to vary most significantly in
the first three feet of flood depth and then to become very similar across all four
scenarios. It was observed that the exceedance probability calculated for a given
flood depth inceased slightly as the level of correlation increased. Given the impact
of the level or correlation on the distributions fitted to the total flood depths
previously, an impact such as this on the exceedance probabilities calculated for the

flood risk calalations was expected.
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Figure 4-51: Exceedance Probabilities Corresponding to Total Flood Depths Calculated Using the Copula
Procedure for All Four Levels of Correlation
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The flood risk calculationfor each of the four levels of correlation are
presented in Figure-82. The minor differences in exceedance probabilities observed
in Figure 451 have been amplified by the multiplication of the probabilities with the
vulnerability and consequence vatueThe flood risk calculations were observed to
vary the most in the micange flood depths. Though the exceedance probabilities
were observed to decrease as flood depth increased, the increasing vulnerability and
consequence curves result in the peatidlask occurring between flood depths of 4
to 6 feet. Due to the decreasing exceedance probabilities with increasing flood depth,
the calculated flood risk decreased as flood depth increased, despite the increased
vulnerability and consequences as flalmgbth increases. As flood depth increased,
the flood risk that corresponded to a given flood depth was observed to slightly
increase as the level of correlation increases, due to the previously observed increase
in exceedance probabilities with increasiegels of correlation. However, the
differences in calculated flood risks between the correlation scenarios are overall
minimal, suggesting that the trend may not be significant. These results do suggest
that the level of correlation between the sampliishave some influence on flood

risk calculations, but the influence may not be significant.
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Figure 4-52: Flood Risk Calculations Corresponding to Total Flood Depths for All Four Levels of
Correlation

4.3.3. Conclusions

Flood risks were calculated for each of the simulation scenarios to illustrate
the effect that a comprehensive flood frequency analysis would have on flood risk
assessments. These analyses also evaluated whether or not varniasonple size
or the level of correlation between the riverine and tidal samples would influence the
flood risk calculations. For two flood sources, the exceedance probabilities
calculated based on the simulation scenarios were used to calculate #ood ris
Variations in the sample size were not observed to result in impacts to the flood risk
calculations. Given that the sample size was also not observed to impact the results
of the joint distribution or the process of fitting distributions to the ftdatl depths
to represent the probabilities of total flood depths, it was not expected that sample
size would have a significant impact on flood risk calculations. It can be surmised
that as sample size increased a better representation of the excgedbabaity
would be possible, as the population representing the flood probabilities would be

better described, which would inherently result in more confidence in the flood risk
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calculations; however, trends were not observed to support or countesact thi

supposition.

The level of correlation between the riverine and tidal flood depth samples
was observed to have some influence on the results of the flood risk calculations. A
general trend of increasing exceedance probabilities as the level of comrelat
increased was observed in these scenarios. This also resulted in slight increases in the
flood risk calculations as the level of correlation increased, though there were some
exceptions to this trend. It was expected that the level of correlatidd Wwave
some impact on the flood risk calculations, as the correlation was observed to impact
the joint distributions developed using the copula and a trend was observed in the
parameters of distributions that were fitted to the total flood depths. These
distributions were used to calculate the exceedance probabilities used in the flood risk
calculations; thus, some impact was expected to be observed in the flood risk
calculations. Overall, these results suggest that the level of correlation between the
riverine and tidal samples has more influence on the results of the analysis than does

the sample size, which was observed in previous steps of the analysis as well.
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CHAPTER 5

TWO OBSERVED FLOOD SOURCES

5.1. Introduction

The simulation studies presedt& Chapter 4 provide an understanding of the
impact of sample size and sample correlation on the development of flood frequency
assessment based on two flood sources. Because only a limited amount of observed
data exist, these simulations studies weeessary to provide a context for results
obtained from the observed data. The process of developing a comprehensive flood
frequency analysis for a location in Florida, considering both a riverine and tidal

flood source, will be discussed herein and tssofl this procedure will be presented.

5.2. Description of Experimental Location

A location of interest was identified close to both a river and the coast on the
east coast of Florida. Discharge datdgjtfrom flow gage 02249007 on the Eau
Gallie River at Heather Glen Circle at Melbourne were obtained. The tidal gage from
which tidal height measurements (ft above NAVD 88 datum) were obtained was
8721604, located near Trident Pier. The tidal gage provided measurements of water
height in feet. Thisidal gage is approximately 20 miles from the location of interest,

which is not ideal, but a closer location was not available.
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5.3. Assessment of the Hazard

The first step to any risk assessment is to assess the hazard. The hazard is
usually considemrtas the probability of a specific event occurring. The following
sections will outline a methodology and present the results of assessing the flood

hazard for a location of interest that could be impacted by two flood sources.

5.3.1. Fitting Marginal Distributions to Observed Annual Maximum

Events

The first step to assessing the flood hazard when multiple flood sources must
be considered was to understand the probability of flooding from each of the two
flood sources. This first required calculatingaditl inundation depths based on
observed gage measurements, and then identifying a series of annual maximum
events. Finally, marginal distributions were fitted to the annual maximum flood

depth events.

5.3.1.1. Calculation of Riverin€€aused Inundation Defns

To perform a flood frequency analysis for the location in Florida required
observed riverine flow data. Discharge data were obtained from the United States
Geological Society and information from this location, including elevations and
channel charaetistics, were obtained from ArcGIS and GoogleEarth for use in
transforming the discharge data to flood depths at the location of interest. The
process of transforming the discharges to inundation depths at the location of interest

is explained here. Tharocess involves two steps: (1) transposing the discharge from
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the gaged site to a site on the river adjacent to the point of interest and (2)

transforming the river discharge to an inland depth.

Prior to obtaining riverineaused flood depths at thachtion of interest, it
was necessary to obtain discharge measurements at a flow gage. Because the number
of river flow gages is minimal, it is unlikely that a flow gage would be located at a
point within the stream that is adjacent to the location ef@st. Therefore, the
discharges measured at the flow gage had to be transposed downstream to a point
adjacent to the location of interest, which used the drainageaeanethod

(McCuen and Levy, 2000):

Q. =0, (j—;)” (5-1)

where Qis the dischage at the ungaged location (cfs), iQthe discharge measured

by the gage (cfs), fis the drainage area of the ungaged poinf)(nﬁijg is the

drainage area at the location of the flow gagé)(rand n is an empirical constant,

with a value of 0.8 empically derived. For the study location in Florida, was 3.8

mi?, as reported by the USGS, anglwtas 12.4 nfi, as calculated in ArcGIS. The

result of this step was a series of stream discharge estimates transposed downstream

to the stream crossectionadjacent to the location of interest.

The channel crossection information at the location of interest was not
available; therefore, an estimate of the bankfull channel dimensions was required.
The bankfull channel dimensions were first estimated dbtiaion of the gage.

Measured discharge and the corresponding gage heights were obtained from the gage.
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The flow depth corresponding to each discharge was calculated by subtracting the
gage datum, which was 11.39 feet, from the gage height measurerflentsdepths
were plotted against corresponding discharges, and a power model was fitted to
describe this relationship. The power model used to describe the relationship

between discharge and flow depth was:

Discharge = 1.2212 = Depth*5117 (5-2)

Based on the obserd gage data, the bankfull discharge at the location of the gage

was identified to be 428 cfs. Using EquatieB,3he bankfull depth was calculated

to be 3.563 feet. Assuming a rectangular channel with a hydraulic radius
approximately equal to the flodhe p t h , Manningds equation was
determine the corresponding channel width at bankfull flow. The bankfull channel

width at the location of the gage was estimated to be 99.8 feet. This provided an

estimate of the channel bankfull dimensionthatlocation of the gage.

The next step was to estimate the bankfull channel dimensions at the
downstream locationThe ratio of channel width to deptfas assumed to remaine
constant along the length of the channel. Using the downstream dischécgkderh
using Equaton8 and Manni ngdés equation, bankfull
doing so, channel depth was approximated as 0.0357 times the channel width, based
on the ratio of channel depth to width at the gage location. This resulted in an
estimated bankfull channel width of 123.5 feet at the location of interest. The ratio of
channel depth to width then provided an estimate of the bankfull depth to be 4.409

feet.
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Once bankfull channel dimensions had been estimated, the stream discharge
values could be translated to flood inundation depths at the location of interest. Flow
depths corresponding to the transposed discharges were calculated based on
Manningbés discharge equation. This was an
until the orresponding calculated discharge equaled the observed discharge rate.

Manningds equatdspsm for discharge (ft

149 1/2
= £

A Ay
A (35) *s] (53)

Q n
where n is the Manningés rougilsohammed coef fic
crosssectional area (ft), WP isetted perimeter (ft), and 8 the channel slope,
determined to be 0.0007 ft/ft. Both And WP are dependent on channel geometry.

A trapezoidal floodplain was assumed, with a slope of 49.2 feet horizontally for every
one foot increase vertically. Thalues of channel and floodplain slope were
determined using elevation data provided in ArcGIS foHbedalocation. Cross

sectional area and wetted perimeter (see Figureviere calculated as:

A=W, =d+z(d — D,)* (5-4a)

where dwas flow depth and z was 49.2 feet/feet, determined based on floodplain
slope. The channel geometry is illustrated in Figute This iterative procedure
identified the depth of flow corresponding to each discharge value in the sample

obtained from thé&lorida flow gage.
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Figure 5-1: Assumed Channel Geometry

Once flow depths had been calculated, flood inundation depths at the location
of interest could be determined. The next step in this process was to add the
calculaed flow depths to the channel bed elevation to obtain flow elevation. The
channel bed elevation was assumed to bée@4above the North American Vertical
Datum of 1988 (NAVD 88). This elevation was determined based on elevations
provided by ArcGIS fothe location in Florida. To determine the flood inundation
depth at the location of interest, the elevation of the location of interest was then
subtracted from the calculated flow elevation. The location of interest was assumed
to be at an elevation df2 feet above NAVD 88. This elevation was determined
based on elevations provided by ArcGIS for the location in Florida. By following
these steps, an estimate of the flood inundation depth at the location of interest can be

calculated for each discha&rgalue measured by the flow gage.

The procedure just explained was used to calculate flood inundation depths at
a location of interest in Florida based on riverine discharge measurements taken by a
local flow gage. Once flood inundation depths wereuwated, the annual maximum

events were identified and used as input to the remainder of the methodology.
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5.3.1.2. Calculation of TidallyCaused Inundation Depths

To determine the flood inundation depth at the location of interest due to tidal
flooding, a procedure identified in a 1977 National Research Council report (NRC,
1977) to the Federal Insurance Administration that examined the effects of wave
action on storm surge was used. The meanvgilér elevation, which is the sum of
astronomical tidand storm surge, the sum of which can be determined from tidal
gage measurements, was determined at the location of the tidal gage. Next, the
additional height caused by wave action was calculated and added to tvatstill
elevation. The shoreline geetry is illustrated in Figure-8. The equation to

determine wave height is (NRC, 1977):

H=078%F *E, (5-5)

where H is the wave height (ft), F is a factor related to the length of fetch, which is

the length of water over which the wind has blowrd Bxis the stillwater elevation

(ft above NAVDS88). For the Florida location, the fetch was taken as essentially
unlimited, as the location opens to the ocean rather than a bay, which corresponded to
a value of 1.0 for F. This provided the additionafgheiof waves at the location of

the tidal gage. In Tablebthe relationship is provided between fetch length and

fetch factor, F, as indicated in NAS (1977).
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Table 51: Relationship Between Fetch Length and Fetch FactoF;, Obtained from NAS (1977)

Fetch F (Fetch
(miles) Factor)
0.125 0.25
0.25 0.32
0.5 0.41
1 0.52
2 0.65
4 0.78
10 0.93
>20 1

The NRC procedure would next allow for the wave height past an obstruction,

such as a dune or seawall, to be calculatéalwvever, from GoogleEarth it was not

possible to determine whether or not such an obstruction existed. Thus, it was

assumed that an obstruction between the coastline and the location of interest did not

exist.
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Figure 5-2: Shoreline Geometry, where S1 is Stillwater Elevation, H1 is Wave Height, db and df are Water
Depths, H2 islnland Wave Height, xf is Inland Fetch, and Zw is Flood Elevation, the Green Line is the
Ground Surface, and the Brown Line is the Official Datum

Thenext step was to account for wave generation as the tidal surge moved

inland between the dunes and the location of interest. This wave generation would

primarily be caused by wind moving over the water surface. As the water travels

over the land surfac@dditional waves may be generated, primarily through the
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effects of wind. Wave height at the end of the inland fetghwhis calculated as

(NRC, 1977):

H. =/(G*=d;)*+ H? (5-6)

where G was a unitless value related to the inland fetch lengtlasdheaverage

depth over the inland fetch (ft), and H was the wave height (ft) calculated behind the
dunes. For the Florida location of interest, the inland fetch was determined to be 0.02
miles, estimated using GoogleEarth, corresponding to a G value off@eZ2average

depth, ¢ was calculated as the stillwater elevation minus the average elevation
between the coastline and the location of interest, which was taken to be 1 foot above

NAVD 88 based on measurements in ArcGIS.

Finally, the flood elevation dhe location of interest,Z was calculated using

(NRC, 1977):

Z,=E,+07*H, (5-7)

where Ewas the stillwater elevation (ft) previously calculated based on tidal gage
measurements and ttas the wave height (ft) calculated at the location of interes
(Equation 56). From Equation&, the flood inundation at the location of interest

was calculated by subtracting the elevation of the location of interest, which was 4.2

feet above NAVD 88 for the Florida location, from thgewvalues calculated.

Theprocedure just described was used to determine tidal flood inundation

depths at the location of interest. Once the tidal flood inundation depths had been
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calculated for the location of interest, the annual maximum events were identified.

The annual maxinmm events were used as input to the remainder of the methodology.

5.3.1.3. Calculation of Flood Frequency Curves for Each Source Individually

To calculate a flood frequency curve for a single flood source requires
identification of the annual maximum flos@ries. The annual maximum events
were ranked from largest to smallest, with the largest magnitude assigned to a rank of
1 and the smallest magnitude a rank of n. After developing a ranked list of annual
maximum flood inundation depths at the locatiéinterest caused by an individual
flood source, the Weibull probability equation was used to determine the exceedance

probability of each event. Wei bull 6s pl ot

P, =— (5-8)

where Ris the exceedance probability, itiee rank of the given flood depth, and n is

the number of sample values in the record. The flood depths were plotted against the
nonexceedance probability, calculated as 1.0 minus the exceedance probability,
which provides the probability of the floodmth not being equaled or exceeded in a
given year. Based on the pairs of data {agoeedance probability, flood depth), an
eqguation was fitted that would provide rexceedance probabilities for any flood

inundation depth value.

Though Bulletin 17B remmmends the Lo§earson Type Il distribution be
used to model riverine flood flows, and the GEV distribution is frequently used to

model tidal flood heights, clear evidence that either of these distributions provides
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greater accuracy than that providedaiyer distributions is not available. Further,

the variable of interest in this research was not discharge or tidal heights, as would be
typical in a riverine or tidal flood analysis, but rather, was flood inundation depths at
the location of interestlt was possible that the typical distributions would not be the
most appropriate distributions to represent flood inundation depths. Thus, several
distribution functions were fitted to the data to determine the most appropriate
distribution for each datset. All tested distributions were plotted against the flood
inundation depth data for comparison and probability plot correlation coefficients
were calculated for each distribution to further assess the goeafiriissFor
riverine-caused flood depthadia, the distributions tested included the-Rearson

type lll, lognormal, gamma, and Weibull distributions. For tidakysed flood

depth data, the distributions tested included the extreme value, generalized extreme

value (GEV), and Rayleigh distribans.

5.3.1.4. Calculation of Flood Frequency Curves Considering Two Flood Sources

To develop a joint flood frequency curve requires the marginal distributions,
or individual flood frequency curves that correspond to the two individual flood
sources. Tatypical process for conducting a flood frequency analysis, outlined in
section 5.3.1.3., was followed to determine the marginals, with one exception. When
two potentially interacting flood sources must be considered, the maximum flood
event experienceat the location of interest in a given year may not be caused by one
individual source, but instead by a combination of the two sources. Thus, to identify
the annual maximum flood depth at the location of interest, the riverine and-tidally

caused flood iandation depths at the location of interest were summed for
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corresponding time periods to identify the maximum total depth of flooding at the
location of interest in each yeaFhe assumption that the contributing flood depths
from each source could bersmed was a convenient assumption to make for the
purpose of conducting this research; however, this methodology was not determined

based on a technical analysis of the optimum approach for combining flood sources.

It was necessary to identify the annoaximum events while considering
both potential flood sources. As each of the gages from which observed data were
obtained took hourly measurements each day, the hourly measurements from each
gage were summed and a single daily maximum flood depth laictitéon of interest
was identified. Next, the annual maximum flood depth was identified based on the
daily maximum events. This does not suggest that the annual maximum event could
only occur through a combination of the two sources; this procedula stdu
identify an annual maximum event that was caused by only one source. The riverine
contributions to the annual maximum flood inundation depth and the tidal
contributionsprovidedtwo flood series and flood frequency curves were developed
from each These flood frequency curves served as the marginal distributions used as

input to the copula process.

5.3.1.5. Description of Results

In order to use the copula approach to develop joint distributions for the
riverine and tidal data, the riverine amdld flood depth samples must first have
marginal distributions fitted. The legearson Type lll, lognormal, gamma, and
Weibull distributions were fitted to the observed riverine sample. The extreme value,

GEV, and Rayleigh distributions were fitted beetobserved tidal sample. The fitted
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parameters for each probability distribution, along with the probability plot

correlation coefficient calculated for each, are presented in T&hleThe

probability plot correlation coefficients calculated for theerine distributions

exhibit much more variation than was observed in the simulation studies presented in
Chapter 4. This suggests that the choice of marginal distribution may have more
impact on the observed data. For the tidal sample, all three disthbutions appear

to provide reasonable goodneddit, as all three distributions have probability plot
correlation coefficients above 0.93. In the simulation studies, the probability plot
correlation coefficients typically indicated that the GEM &ayleigh distributions

would result in reasonably good fits to the generated data but that the extreme value

distribution would not result in an acceptable fit.

Table 52: Comparison of Parameters and Goodnessf-Fit Statistics for Four Marginal Distributions Fitted
to Riverine and Tidal Observed Data

Riverine Tidal
Extreme

LP3 Lognormal | Gamma | Weibull | Value GEV Rayleigh
Shape 20.6015 -1.3118| 0.4078| 0.5271 N/A -0.2224 N/A
Scale 0.4603 2.0893| 3.3007| 0.7652| 1.1498 1.1038 1.3356
Location -10.7949 N/A N/A N/A 2.0773 1.0476 N/A
Probability
Plot
Correlation
Coefficient 0.7970 0.8402| 0.9464| 0.9150| 0.9329 0.9648 0.9447

Figure 53 visually compares the four probability distributions of the observed
riverine data. The riverinkood depth sample was based on only sevenrzeoo
flood depths. In numerous years, as would be expected, the maximum discharge in
the stream did not exceed the bankfull discharge, so no flooding occurred at the

location of interest. In other yearsptigh the river exceeded bankfull discharge at
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some point in the year, the annual maximum total flood depth was caused by a large
tidal event with no contribution from the river. Thus, it was necessary to attempt to
fit a distribution to a sample in whichore than half of the record contained zero
values. In order to consider multiple distributions to represent the riverine data, a
very small value, which would not be large enough to impact the distribution of flood
depths, was added to the zeadues. This is one strategy that can be employed in
cases in which zerflood years must be analyzed (Jennings and Benson, 1969). A
value of approximately 1% of the maximum observed flood depth, or 0.05 feet, was
added to each zenmlue in the record, and athdr distributions were fitted. The

results of fitting the gamma distribution to this modified data set were compared to
the results of fitting a gamma distribution to the original data set, including zero
values, to confirm that the addition of the snvallues did not significantly alter the
probabilities calculated for the larger events. The addition of the small values was
not found to influence the parameters of the fitted gamma distributions or the
probabilities calculated using the gamma distributibus, the modified data set was
used so that all four distributions could be considered to represent the riverine flood

depth data.

The probability plot correlation coefficient in Table2%uggests that the
gamma distribution would by far be the bdstribution to represent the riverine data
set. Figure 8 suggests that none of the four distributions are able to fit the observed
data well, which is not surprising given the large number of measurements within the
sample that had the same value ©B50feet. However, the figure does agree with the

probability plot correlation coefficients that the gamma distribution would be the best
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distribution to represent the data, so it was selected for further use. That the
distributions do not perfectly fthe observed data is not a surprise, given the number

of zeroflood years and the small sample size. Only seventeen years of measured data
were available, and it was previously observed in the simulation studies that the

ability to fit marginal distributins to the generated samples improved as the sample
size increased from a record of 10 values to a record of 100 values. Thus, it was
expected that for a sample size of 17 it would be somewhat difficult to fit accurate

marginal distributions.
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¢ Obsenved Data

LP3 Distribution
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Gamma Distribution |
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Riverine Inundation Depth
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Figure 5-3: Comparison of Four Potential Marginal Distributions to Observed Riverine Flood Depth Data
where Flood Depths are in Feet

Figure 54 visually compares the fitted distributions to the observed tidal
flood depths. This figure céinms the conclusion based on evaluating the probability
plot correlation coefficients, that all three distributions could provide a reasonable fit
to the observed tidal flood depth data. Based on the probability plot correlation

coefficient, the GEV disibution was selected as the marginal distribution
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representing the observed tidal flood depths. The tidal data set contained feur zero
values, which stemmed from years in which tidal flood did not occur or years in
which the annual maximum total floodpth was caused by a riverine event without
any tidal contribution. Though zex@lues do not prevent any of three distributions
considered from being used, the inclusion of 4 measurements of the same value (0
feet) in the sample decreases the abilitycmugately fit any of the distributions.
Between the zergalues and the small sample, it was expected that the marginal

distribution would not provide as strong a fit to the observed sample.
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Figure 5-4: Comparison of Two Potertial Marginal Distributions to Observed Tidal Flood Depth Data
where Flood Depths are in Feet

5.3.2. Use of Copula Equations to Develop Joint Distributions

Once the marginals were developed, they were used as input to a copula

equation to determine the cbmed probability of the two flood sources occurring.
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The copula provided the probabilities of specifaotl depths being caused by both

flood sourcs simultaneously.

5.3.2.1. Description oMethods

Once the marginals had been developed based on theedbs@erine and
tidal flood inundation depths at the location of interest, a copula could be used to
determine the joint probability of depths from the two flood sources. The first step to
determining a joint distribution for the two flood sources veasaticulate the
appropriate dependence structure between t
used and is particularly convenient in bivariate scenarios because a direct relationship
exists between U and the copul Kemamd hédtse rJ
determined to serve as a measure of hydrologic dependence, which was defined as
floods from multiple sources that occur simultaneously or occurring due to a common
underlying cause. Kendall 6s Uiabesasur es th
simultaneously experience high or | ow valu

U could be used as a measure of hydrologic

Once Kendall 6s U was calculated, the mo
represent the riverine and tidal samples had to be determined. Numerous families of
copulas are available from which to choose. Several families were fitted and
compared using Akai ke 0 shespacifiomethetusign Cr i t er
AIC was desdbed in Chapter 1 of this document. When AIC values are calculated,
the smallest AIC value indicates the most appropriate copula family (&l
2010). The Gumbel, Clayton, and Frank copula families were chosen for

comparison as they are thrdeloe more popular Archimedean families. For each
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family, the copula parameter was cal cul

of association between the two data sets. The equations relating tau and the copula
parameters for the Gumblbugaard Clayton, and Frank families, respectively, are

as follows:

t=1—ag} (5-9a)
=5 (5-9b)
t=1-—(Dy(~a) — 1) (5-9¢)

whe e U i s t he csopKue nad aplal rfasthetfiraborder Dalbyei D

function which is calculated as:

Dy(~a) = [[° 5% (5-10)
Next, the copula cumulative distribution functions for the Guritmigaard,
Clayton, and Frank families, respectivevere calculated as:
C(X,Y) = exp{—[(—Inu)® + (— Inv) ¥V} (5-11a)
CX,Y)=(u*+v7%-1) (5-11b)
_1 (exp (au)—1) (explaw) -1} .
C(Xx,Y)= ~In[1+ o (@1 ] (5-11c)
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w h e r sthetbpula parameter and u andre éhe marginals, which were calculated
from the cumulative distribution functions of the original random vagmgbiverine

and tidal flood depths. The calculated copulas provided the cumulative joint
distribution of combinations of riverine and tidattpused flood inundation depths for
the location of interest. Joint pdfs that correspond to the variables uvesre v
calculated by taking the second derivative of the joint cdf with respect to both u and
v. To obtain joint pdf values that correspond to the riverine and tidal variables
required that the joint pdfs calculated for the variables u and v then beliadlbp

the marginal distribution pdf values (Waegal, 2009). The equations for the joint

pdfs, expressed in terms of the riverine and tidal variables, are as follows:

82ciux) fu dv
dudv dJdx dy

flxy) = (5-12)
where u and v represent the marginal distributions fitigtle riverine and tidal flood

depths and x and y represent the riverine and tidal flood depths, respectively.

5.3.2.2. Description of Results

The following section will provide the results of using the copula approach to
develop a joint distribution ofwerine and tidal flood depths. Prior to using the
copula approach, a copula parameter was first determined. Both a probability
distribution and a cumulative distribution were developed using the copula approach

and plots are provided.

5.3.2.2.1. Copu Fitting to Develop Joint Distributions
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In order to calculate joint distributions for the observed data the copula
parameter was calculated as a function of
riverine and tidal g a g-8.4689. Thisealueiadicates | at ed v
that hgh flood inundation depths did not typically result from both sources
simultaneously, but rather that high flood depths caused by one of the sources were
most often accompanied by low depths caused by the other flood source. Because
Kendal | 6s tivdvalue ohly the Framkgcapula family could be used to
develop the joint pdf and cdf. Based on the calculated copula parameter value, the
Frank copula parameter was determined using Equat@unté be-5.1978. Based on
the simulation studies, a netyat copula parameter was expected given the negative
value of Kendall ods U. The simulation stud
copula parameter increases as the magnitud
parameter on the orderdfwase x pect ed gi ven the magnitude
calculated for the observed data. However, it should be noted that the numereus zero
values in the riverine and tidal samples may have impacted the copula parameter as
well, since all of those values would have u a | ranks. Thus, when
calculated for the observed samples, it was based on a number of values with the

same rank.

5.3.2.2.2. Plotting Joint Distributions through Copulas

The joint distributions calculated for the observed riverinetatad flood
depth samples were next investigated. The joint pdf calculated for the riverine and
tidal samples is presented in Figur.5The peak of the joint cdf was observed to be

quite broad, as was observed in the simulation studies for scenahaswall sample
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sizes and low levels of correlation between the samples. The location of the peak in
the joint pdf also appears to be reasonable and rational given the observed riverine
and tidal flood depth samples. The riverine sample has numerouswerglues;

thus, the peak occurs at a very low riverine flood depth values. The tidal flood depth

ranged from approximately O to 4 feet, with the peak of approximately 2.5 feet.

Figure 56 shows the joint cdf for the riverine and tidal observatd gdets. As
would be expected given the riverine flood depth sample, a very steep rise was
evident in the joint distribution parallel to the riverine flood depth axis. The riverine
sample consisted of numerous zero flood depth values and otherwise framge
approximately 1 foot to 5 feet. The tidal flood depth sample contained several low
flood depth values, which resulted in a less steep slope parallel to the tidal flood depth
axis than was observed in the simulation studies. Because the tidatiépth
sample had fewer zero flood depth values than the riverine flood depth sample, the
slope parallel to the tidal flood depth axis was less steep than the slope along the
riverine flood depth axis. The general shape of the joint cdf agrees wihahe of
the joint cdfs developed for low sample size and low sample correlation within the

simulation study.
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Figure 5-5: Joint Probability Distribution Developed by Copula for Observed Riverine and Tidal Flood
Depths where FloodDepths are in Feet
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Figure 5-6: Joint Cumulative Probability Distribution Developed by Copula for Observed Riverine and
Tidal Flood Depths where Flood Depths are in Feet
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5.3.3. Calculation of Combined Flood Frequency Curves

The hird step in developing a flood frequency assessment based on multiple
flood sources used the joint pdf as input. While the joint pdf provided probabilities of
given combinations of flood events, it did not provide probabilities of total flood
depths withconsideration of the fact that the flood depths could be caused by one or
the other source individually or by some combination of the two sources. The final
step of the procedure calculated the probability of total flood depths while

considering the muftle ways in which those flood depths could occur.

5.3.3.1. Description oMethods

The results of the copula procedure described in section 5.3.2 were joint pdfs
and cdfs, which can provide the probability that corresponds to a specific joint event.
Howe\er, the primary interest is the probability of a certain flood depth occurring,
when that flood depth might be due to either one of the sources individually, or some
combination of the two sources, such that many possible combinations could result in
the desired flood depth. Because the riverine and tidal contributions to flood
inundation at the location of interest were summed in the process of identifying
annual maximum events, flood depths were also summed to identify probabilities
corresponding to totdlood depths (). Within the joint probability distribution, the
area corresponding to a specific total flood depth was identified as bounded by a
triangle of the riverine inundation depthsg{lpand tidal inundation depths {P axes
and a line connding the points (0, tidal depth of interest) and (riverine depth of
interest, 0). In other words, the points where the flood inundation depth of interest

was caused only by one of the sources, either riverine or tidal, were identified and
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connected by arle. All of the points on this line summed to a total depth equhkto
depth of interest, angbints inside the bounding triangle summed to total depths less
than the depth of interest. An illustration of the procedure is shown in Figure 5

Depth of Interest

Riverine Inundation Depth

Depth of Interest

Tidal Flood Depth

Figure 5-7: Graphical lllustration of Area Corresponding to Certain Flood Inundation Depth

The volumeunder the joint probability distribution within this bounding
region represents the n@xceedance probability for a given flood depithis was
calculated using a double integral. The lower and upper bounds of the outer integral
were 0 and total depth of interestjPrespectively. The lower and upper bounds

(By) of the inner integral were 0 and:

B, =D;— Dyt (5-13)

As an examm, if the total depth of interest was 6.5 feet and the riverine flood depth
was 3.5 feet, then the maximum tidal flood depth would be 3 feet. In this scenario,

the outer integral lower and upper bounds would be 0 feet and 6.5 feet, respectively,

223



and themner integral lower and upper bounds would be 0 and (6.5 ®é&tfeet), or

3 feet, respectively. The double integral was calculated in Matlab using the adaptive
Simpsond6s method, a numeri cal evaluation m
toapprox mat e the integral based on the error
rule. The norexceedance probability of each value of total flood depth was

calculated using this double integral procedure, and then the probabilities were

plotted against thiotal depth values.

The final task to determining the probability of total flood depths was to
identify the appropriate distribution to represent the probabilities that correspond to
the total flood depths. Four distributions were fitted to the totatlftepths: the
LP3, the GEV, the gamma, and the normal distributions. The GEV and gamma
distributions were chosen for consideration because they were the two marginal
distributions used to represent the simulated riverine and tidal data. The LP3
distribuion was selected for consideration because it is commonly used to represent
flood data. The normal distribution was selected for consideration because the
purpose of the copula is to develop a joint distribution when the marginals are
represented by diffent distributions; thus, it was believed that the results of the

copula might not follow either of the marginal distributions.

These four distributions were fitted to the total flood depth samples using
either Maximum Likelihood Estimation or Method bments and they were
compared to the probabilities calculated for each copula family based on the double
integral procedure. The fitted distributions were plotted against the total flood depths

and compared to a plot of the rRerceedance probabilitiealculated by double
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integral versus the total flood depths. These plots, as well as probability plot
correlation coefficients, were used to determine which of the four distributions could
best represent the total flood depth populations for each simglegedrio. The

result of this process was a population from which-e@oceedance probabilities
corresponding to total flood depths for the location of interest could be identified.
From this distribution, the true nature of the flood hazard for theidwcat interest

can be understood, which was the ultimate goal of this research.

5.3.3.2. Description of Results

The final step to develop a flood hazard analysis that considers multiple flood
sources was to determine the rexteedance probabilities thairrespond to total
flood depths. Four probability distributions were considered to represent these non
exceedance probabilities, the LP3, the GEV, the gamma, and the normal distributions.
Table 54 presents the fitted parameters for each distributiovelisas the probability
plot correlation coefficients calculated to assess the fit of each distribution to the total
flood depth values. As was observed in the simulation studies, the probability plot
correlation coefficients indicate that the LP3, GBJWd gamma distributions would
all be able to acceptably fit the observed data; however, the normal distribution would
not fit the data so well. The probability plot correlation coefficients suggest that the
LP3 and GEV distributions should perform essadhtiidentically and that either

could be selected to represent the total flood depths.
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Table 5-3: Parameter Values and Probability Plot Correlation Coefficients for Distributions Fitted to Total

Flood Depths

LP3 GEV Gamma | Normal
Shape 9.0005 0.3650 5.9509 N/A
Scale 0.1382 0.6796 0.4766 1.3063
Location -0.2876 2.1417 N/A 2.8363
Probability
Plot
Correlation
Coefficient 0.9913 0.9945 0.9773 0.9576

Table 54 provides the flood depths calculated for the 10%, 2%, and 1%
annualchance flood event using each of the four distributions evaluated. For the 10%
annual chance event little difference is observed in the calculated flood depths
between any of the four distributions. However, for the larger flood events a wider
difference in calculated flood depths is observed. For the 2% annual chance event the
flood depths could range from 5.5 feet to 8 feet, depending on the distribution, and for
the 1% annual chance flood event the depths could range from 5.9 to 10.3 feet. This
differences in how each distribution perform in the tail are responsible for the
differences in the calculated flood depths. These differences suggest that though the
probability plot correlation coefficients suggested that the LP3, GEV, and gamma
distribution would all be well able to represent the total flood depths, outside the
range of the observed data the distributions would perform quite differently. Care
must be taken in selecting the distribution used to represent the total flood depths in
order to dtain an accurate understanding of the larger flood depths, which are

typically of the most concern.
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Table 54: Flood Depths in Feet Calculated for Each Distribution for the 10%, 2%, and 1% Annual Chance

Events
Exceedance
Probabilty LP3 GEV Gamma | Normal
0.1 4.5193| 4.5131| 4.3906| 4.5104
0.02 7.0119| 8.0152| 5.6987| 5.5191
0.01 8.3107| 10.2606| 6.2128| 5.8752

The four fitted distributions plotted against the rexteedance probabilities
calculated using the double integral procedordtie total flood depths are shown in
Figure 58. This figure suggests that the LP3 and GEV distribution adequately
represent the total flood depths, approximately equally well, while the gamma and
normal distributions are slightly less able to fit thserved data. Based on Figure 5
8, the LP3 distribution should be selected to represent the observed total flood depths.
However, none of the four distributions are observed to fit the upper tail of the
observed total flood depths well at all. Though $mall sample size may have some
role in this, the distributions fitted to the simulation studies were observed to fit the
upper tails well overall, even for a sample size of 10, which suggests that further

explanation of the results for the observed!tdégpths is necessary.
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Figure 5-8: Comparison of Fitted Distributions to Non-Exceedance Probabilities Calculated for Observed
Total Flood Depths where Flood Depths are in Feet

The nonexceedance probability calculated correspagdo the maximum
observed total flood depth was 0.86, while the-agoeedance probability
corresponding to the maximum generated total flood depth in the simulation studies
was never below 0.97. The observed riverine and tidal data sets and theegenerat
data sets used in the simulation studies differed in two ways. First, the riverine and
tidal flood depth samples both contained numerouszages. The riverine depths
sample contained 10 zewalues out of 17 values and the tidal depths sample
confained 4 zerevalues out of 17 values. Having so many a&atues made it very
difficult to fit marginal distributions, which would influence the calculation of the
copula pdf and cdf values. Also, having so many equivalent values in the flood depth
sampes would influence tlhe asalatalidsavduidonz eo o Ke
have an equivalent rank. Thus, the zembies may make it more difficult to define
the joint distribution. The second major difference between the observed data sets

and the generated data sets was the level of relaijpobstween the riverine and tidal
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flood depth samples. The annual maximum flood depth occurring at the location of
interest was caused by a combination of the riverine and tidal flood sources in just 4
of the 17 years for which observed data was obtaifrethe other 13 years of the

record the annual maximum flood depth at the location of interest was caused by one
of the flood sources alone. Thus, a joint distribution is being developed based on
variables that did not frequently occur jointly. Stronggationships between the
simulatel riverine and tidallood depth samples were prescribsdch that the

riverine and tidal flood depths did typically occur jointly in the simulation studies.

Several studies were conducted to verify the impact afehevalues and the
lack of a strong relationship between the observed riverine and tidal flood depth
samples. First, the impact of the equivalent values in the riverine sample was
assessed. The zevalues in the riverine sample had previously beelacep by a
value of 0.05 feet such that the LP3 and lognormal distributions could be considered
to represent the flood depth sample. In the first test, all of these values of 0.05 feet
were replaced with varying values between 0.01 feet and 0.05 feeh wbuld
influence the cdlculAatsiecrm naf tkendavalsdé condu
values between 0.1 and 0.5 to determine if the proximity to a value of 0 impacted the
results. The first test, using varying small values between 0.01 and 0.05 was not
observed to result in a significant incsean the nofexceedance probability
calculated corresponding to the maximum total flood depth. The second test, adding
slightly larger values instead of the zemues was observed to slightly increase the
maximum norexceedance probability to 87%, lihis was not result a significant

improvement. A third and final test along these lines replaced the 4alees in the
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tidal sample with values ranging from 0.1 to 0.4, while keeping the varying values
between 0.1 and 0.5 in the riverine sample. Thgimum norexceedance

probability calculated for this scenario was above 0.9, which should be considered a
significant change as compared to the original results. This suggests that the large
number of zerevalues in the riverine and tidal flood depth gd&s influences the

joint distribution developed to represent the samples.

In the next study, the elevation of the location of interest was assumed to be
lower than originally expected, such that deeper flood depths would be calculated and
there would bdéewer zerevalues in both the riverine and tidal samples. When the
location of interest was assumed to be at an elevation of 1 foot, as opposed to the
original 4.2 feet above NAVDS88, the riverine sample included no-vaees and the
tidal sample includgonly 1 zerevalue. This reduced the impact of zexadues on
the analysis and also resulted in a stronger relationship between the riverine and tidal
flood sources. In this case, the annual maximum total flood depth was caused by only
one of the floodources rather than by a combination of the two flood sources in only
1 year out of 17. The maximum nexceedance probability calculated
corresponding to the maximum total flood depth was above 0.91 for these flood
depths. This suggests that the comtiamaof zerevalues in the floodlepth samples
and the lack o$trong relationship between the two flood sourcéisence the
development ojoint distributions as well as calculations of the fexeteedance

probabilitiesthat correspontb total fload defths, calculated based on the joint pdf.

A final test confirmed that the marginal distributions themselves did not

influence the development of joint distributions between the riverine and tidal
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samples. A riverine sample and a tidal sampta asamplesize of 17 were

generated using the same populations that were fitted to the observed data. Marginal

di stributions were fittUedwatso ctahl ecsuel astaendp. | e sB
negative value of Kendall és U, the corresp
family was calculated. The joint pdf and cdf were calculated for these samples, and

then the double integral under the joint pdf was calculate@termine the nen

exceedance probabilities corresponding to total flood depths. For this scenario, the

maximum norexceedance probability calculated was 0.95, which is much improved

over the value of 0.86 calculated using the observed data. This suthgeshe

marginal distributions fitted to the observed riverine and tidal flood depth samples

were not responsible for the low maximum rexteedance probability calculated

based on the observed data. Thus, it is believed that the high numberdineso

in both the riverine and tidal values, as well as the lack of a strong relationship

between the riverine and tidal flood depth sources, were responsible for the unusual

results calculated for the observed data sets.

5.3.4. Comparison of Flood HazarBased On Different Assumptions

It is of interest to determine how the understanding of the flood hazard for the
location of interest is changed by using the method that considers both flood sources
and the dependencies between the two sources. Thiigathérequency assessment
developed based on the joint distribution calculated by copula was compared to flood
frequency assessments for both flood sources individually and to a second joint flood

assessment that made the assumption of independent dlome:s.
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Annual maximum flood events were identified for both the riverine and tidal
flood depth samples individually, without consideration of the total flood depths if
flooding occurred from both sources simultaneously, in order to assess the
assumptia of independence. TableXprovides the parameters fitted for each of the
distributions used to represent the riverine and tidal observed, independent data, as
well as the probability plot correlation coefficients calculated to assess the geodness
of-fit of each distribution. Figure® visually compares the four distributions to the
observed, individual riverine flood depth sample. The results presented in T&able 5
and Figure 8 can be compared to Tabl€%nd Figure &, in which the annual
maximum events were identified based on which events from both sources caused the
maximum total flood depth at the location of inter&stassess the impact that
consideration of the joint occurrences of the flood sources had on the identification of
annual madnum riverine flood events. Small differences were observed in the
parameters of the fitted distributions based on the independent and dependent riverine

samples.

The number of zerwalues in the riverine flood depth sample was the most
significant difierence based on the assumptions of dependence and independence.
When identified based on the assumption of dependence, the annual maximum event
was caused entirely by the tidal source in several years, so the dependent sample had
a larger number of zerealues. Despite these additional zeedues in the dependent
riverine sample, differences in the marginal distribution parameters calculated for
each sample were fairly small between the independent and dependent samples.

Further, a significant differeecwas not observed in the marginal fexteedance
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probabilities calculated for similar flood depths between the two samples. The

assumption of independence or dependence between the flood sources is also not

observed to influence which distribution fiteetriverine flood depths best, based on

the probability plot correlation coefficients. The gamma distribution was selected as

the most appropriate distribution to represent the sample in both cases.

Table 5-5: Comparison of Parameers and Goodnes®f-Fit Statistics for Four Marginal Distributions Fitted
to Riverine and Tidal Observed, Independent Data

Riverine Tidal
Extreme
LP3 Lognormal | Gamma Weibull | Value GEV Rayleigh
Shape 113.6015 -0.7384 0.5415| 0.6584 N/A 0.0824 N/A
Scak -0.1770 1.8860 2.8120| 1.1643| 0.7784| 0.3941 1.5825
Location 19.3636 N/A N/A N/A 2.4925| 1.8982 N/A
Probability
Plot
Correlation
Coefficient 0.8864 0.8670 0.9697| 0.9546| 0.8397| 0.9533 0.9115
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Figure 5-9: Comparison of Four Potertial Marginal Distributions to Observed, Independent Riverine Flood

Depth Data where Flood Depths are in Feet
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Marginal distributions were also fitted to the annual maximum events from
the tidal flood source that had been identified by considering onhdéideflood
source rather thadentifying theannual maximum flood depths at the location of
interest which could be causedjbint occurrences of both flood sources. Tabk 5
provides the distribution parameters fitted to the individual tidal fletics and the
probability plot correlation coefficients calculated for each distribution, while Figure
5-10 provides a visual comparison of the three potential distributions to the observed
data. In comparing these results to those presented in Fa8l@adFigure 5,
differences are again observed between the parameters fitted for each distribution. A
primary difference in the annual maximum flood depth samples based on the
assumptions of dependence and independence is again the numbevalzes®m
the sample. When the flood depths were considered to be dependent the annual
maximum event was caused entirely by the riverine source in several years, which
resulted in additional zergalues in the tidal flood record for that assumption. The
differences in the nomexceedance probabilities calculated for tidal flood depths based
on the assumptions of dependence and independence were most significant for the
smaller flood depths, due to the additional zesues in the dependent sample, but
the differences for larger flood depths were minimal. The differences in the observed
samples based on the assumptions of dependence and independence were not
observed to influence the choice of marginal distribution used to fit the tidal sample.
In both cases, th@EV distribution was observed to be the most appropriate

distribution to represent the tidal sample.
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Figure 5-10: Comparison of Three Potential Marginal Distributions to Observed, Independent Tidal Flood
Depth Data where FloodDepths are in Feet

Once differences in the marginal distributions based on the assumptions of
dependence and independence had been identified, differences in the flood hazard
assessment based on those assumptions were examined. The flood hazard
assessnres for the location of interest developed using four different approaches
were compared. The flood hazard assessments based on the riverine source
independently, the tidal source independently, the joint sources calculated based on
an assumption of indepdence, and the joint sources calculated based on an
assumption of dependence between the sources were all compared. The flood hazard
assessments presented individually for each source were those calculated using the
parameters of Tables. The flood hzard assessment calculated based on the
sources jointly with an assumption of independence between them were the
exceedance probabilities calculated using the equation identified by Morris (1983)

(see Equation-B). The flood hazard assessment calculbtesid on the sources
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jointly with an assumption of dependence between the sources was the exceedance
probabilities calculated for total flood depths, which were developed based on the
copula. Figure 81 illustrates the exceedance probabilities corredipgrto a

sample of flood depths for each of the four methods used to calculate the flood

hazard.

Based on these results, it is evident that considering only one of the flood
sources independently could provide a much different understanding of the flood
hazard for the location than considering both sources jointly. The riverine flood
source, when considered independently, provides a significantly different
understanding of the flood hazard for the location of interest than the tidal flood
source when atsidered independently. The exceedance probabilities calculated
using each method were compared over a range of flood depths from 0.5 feet to 10
feet. Due to the high number of zaralues in the independent riverine sample, the
largest exceedance proliéles were calculated for flood depths less than 0.5 feet.

By a depth of 0.5 feet, the exceedance probability calculated for the independent
riverine sample had already decreased to approximately 0.60. The independent tidal
sample; however, had exceada probabilities of approximately 1.0 until the flood
depths increased above 2 feet. If only the tidal flood source were considered, it

would appear that a flood depth greater than 4 feet did not have a chance of
occurring, which would not be the caseiily the riverine independent sample were
considered. This indicates that considering only one of the possible flood sources that
could influence the location of interest would significantly impact the understanding

of the flood hazard that was develogedthe location.
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Figure 511 can also be used to assess the assumption of independence or
dependence between the two flood sources. In comparing the joint distributions
calculated based on the assumptions of independence and dependence, only a small
difference is observed in the exceedance probabilities. The difference in exceedance
probabilities is most significant between 2 and 5 feet of flood depth, which is the
range in which the independent tidal exceedance probabilities are decreasing most
stegly. In this range, the assumption of dependence results in higher exceedance
probabilities for a given flood depth, which means that the assumption of dependence
results in a higher expectation of flooding at the location of interest than does the
assumpon of independence. Based on available data, it is not possible to say that
one of the assumptions results in more AcoO
other. Both joint distributions decrease more gradually than the independent tidal
curve, duedo the influence of the riverine curve. As the flood depths increase beyond
approximately 6 feet, the four sets of exceedance probabilities converge to very low
values. Based on the observed data, it was unlikely that a higher flood depth would
occur. This analysis suggests that, for the location of interest, the assumption of
dependence or independence between the riverine and tidal flood sources would have
minimal impact on the final probabilities calculated to correspond to total flood
depths. Giverthe lack of a strong relationship between the riverine and tidal flood

sources previously discussed, this result was not unexpected.
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Figure 511 Comparison of Exceedance Probabilities Calculated Basl on the Assumptions of
Independence and Dependence Between the Riverine and Tidal Flood Sources

Though the assumption of independence or dependence between flood sources
was not found to be important for this location, it is not believed that this would
always be the case. For other locations, it is believed that this assumption could have
great significance on the results of the analysis. An evaluation of the correlation
between the riverine and tidal flood depth samples early in the analysis procedure
could be of assistance in determining whether or not an assumption of dependence or
independence should be made. If the data are found to be correlated, the assumption
that the flood sources are dependent seems to be the more rational assumption to
make. If the data are not found to be highly correlated, the assumption of
independence would likely be reasonable, which would allow for a more simple

procedure to be used to determine the probabitiigiscorrespond to the totdépths.

5.3.5. Conclusions

The process of developing a flood hazard assessment that considered both

riverine and tidal flood sources was successful. The observed riverine and tidal flood
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depth marginals were fitted to the gamma and GEV distributions, respectively.

Fitting distribuions to the riverine sample in particular was difficult due to the large

number of zerevalues in the sample. However, given that a river would not be

expected to flood every year, these zembies make sense from a hydrologic

perspective. Duetoared i ve value of Kendall os U bet we
sets, the Frank copula family was used to develop the joint pdf and cdf based on the

marginal distributions.

The nonexceedance probabilities corresponding to total flood depths were
calculated byaking the double integral under the joint pdf for each total flood depth
value. This provided a prediction of rerRceedance probabilities for total flood
depths for the location of interest in Florida that could be used as a general planning
tool to deermine the appropriate use of that land or to determine the best measures to
take to protect against flooding. In fitting a distribution to the total flood depths to
represent the neaxceedance probabilities, tfitted distributions agreed with the
resuts of the double integral under the joint pdf more potitgn had been observed
in the simulation studies. The nerceedance probability that corresponded to the
maximumobservedotal flood depth was only 0.86, while the fitted distribution
estimatech norrexceedance probability of 0.95. Several factors were considered to
be responsible for this discrepancy. First, the observed riverine and tidal flood depth
samples had numerous zefaues, as would be expected since the location of
interest shoulahot be expected to flood on a yearly basis. These zeros interfered with
the fitting of marginal distributions and the copula. Further, a strong relationship

between the riverine and tidal flood sources was not evident. In only 4 of the 17
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years was thannual maximum flood depth caused by a combination of the two flood
sources. Thus, a joint distribution was being fit to data that did not typically occur

jointly.

The assessment of the assumption of independence between samples provides
several intersting findings. It is clear that if both flood sources are not considered in
the process of calculating the flood hazard a different understanding of flood hazard
will be obtained. The exceedance probabilities fitted to the independent riverine and
tidal flood sources differed significantly for flood depths between 0.5 and 5 feet.
Further, if a joint flood hazard assessment is made based on the assumption that the
two flood sources are independent of each other, the resultingxoerdance
probabilitiescalculated will vary somewhat from those calculated based on the
assumption that the two flood sources are dependent. However, calculation of
exceedance probabilities based on both flood sources, based on assumptions of both
independence and dependeneeneen the sources, was found to produce very
similar exceedance probabilities. The most difference was evident between flood
depths of 2 and 5 feet. Because a strong relationship was not found to exist between
the observed riverine and tidal flood sasgit was not expected that a significant
difference would be found between the exceedance probabilities calculated based on

the assumptions of independence and dependence in this case.

This conclusion, that the assumption of independence or deperimnwezn
flood sources does not make a significant difference to the predicted exceedance
probabilities, may not necessarily hold true in all coastal locations though. While it

typically cannot be stated that the analyses made based on one assumpéon or th

240



ot her are fAcorrecto, whether or not a
least be demonstrated that based on an analysis of the correlation between the two

flood sources. A high correlation between the flood sources would suggest a strong

r el

relationship between them such that the assumption of dependence would reasonable.

In these cases, the methodology developed based on the copula should be used to
determine the joint probabilities and the probabilities corresponding to total flood
depths. A low correlation would suggest that a strong relationship did not exist
between the flood sources, such that the assumption of independence would be
reasonable. In these cases, Equati@nctuld be used to determine the probabilities
corresponding teotal flood depths, which is a much simpler and more

straightforward method than the method developed based on copulas.

5.4. Flood Risk Calculations

The previous sections have developed a process to assess the flood hazard for
a location of interest bas@th multiple flood sources. The flood frequency
assessments developed were based on joint distributions for all flood sources
calculated based on copulas. The flood hazard is only one part of flood risk. The
other two components of flood risk are thénarability to flooding and the
consequences that result from those flood events. Flood risk is calculated by
multiplying the exceedance probability, the vulnerability, and the consequences for a

given flood depth of interest.

The term vulnerability referto the ability of the system in place to protect the

location of interest from flooding. The system will include any structures near the
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location of interest designed to reduce the probability of flooding or any nonstructural
measures taken at or nele tocation of interest to reduce either the probability or

the consequences of flooding. Common examples of structural systems include
levees or floodwalls. Nonstructural measures include elevation of strudlooeis,
proofingstructures, or creatinglditional room to store waters naturally. Whatever

the system may be that is identified as protecting the location of interest, failure is
always a possibility. This uncertainty is incorporated into the vulnerability term of

the risk equation.

To compleg the flood risk calculations, the consequences of the flood event
must be assessed. Consequences may be identified in economic terms, such as
damages to structures and infrastructure, environmental damages, or loss of life or
injuries as a result of tHfeod event, though economic terms are the most commonly
used. For the purpose of providing an example of the method, economic
consequences will be considered because they can be easily calculated and

understood.

5.4.1. Description ofMethods

The exceednce probabilities calculated for the total flood depths using the
copula procedure were used as input to the flood risk calculations. Flood risk
calculations also rely on measurements of vulnerability and consequences.
Vulnerability is a weight, that reges between 0 and land indicates how well the in
place system to protect the location of interest from flood events is expected to
perform. Therefore, vulnerability will vary with flood depth. A hypothetical

vulnerability curve was created for use irpekmental calculations, as shown in
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Figure 451. Vulnerability increases with depth in a linear fashion, which indicates
that vulnerability is simply directly proportional to depth of flooding, which may be
true for certain systems. Without specificamhation about the system in place at

the location of interest this linear curve seemed to be a reasonable approximation of
vulnerability for the purpose of these calculations. Vulnerability will vary

significantly, depending on the system in place anthercondition of that system.
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Figure 5-12: lllustration of the Vulnerability Curve Used in Flood Risk Assessments

Consequences, measured as damage to the structure and its contents due to the
flood, will also vary with depth. Depittamage curves, shown in Figurd 3,
obtained from USACE (20033re used to determine the percentage of damage to the
structure and to contents based on depth of flooding. Thesepmkapdnt damage
curves are gemal curves that can be applied nationally, though it is also preferable to
derive specific curves for a given location. For a hypothetical scenario using
simulated data, the general curves were deemed to be appropriate. These percent
damage values werbkdn multiplied by the value of the structure and the value of the

contents to determine the total monetary damage due to varying flood depths. For the
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hypothetical scenario, the tvgtory residential structure without a basement was
assumed to be worth $@,000 and the contents were assumed to be worth $25,000.

The resulting deptimonetary damage curves are provided in Figut8.5
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Figure 5-13: Depth-Percent Damage Curves Obtained from USACE (2003)
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Figure 5-14: Depth-Monetary Damage Curves

Depending on the purpose of the risk analysis, it might be desirable in some
circumstances to fit equations to the vulnerability and consequence curves,asuch th
values could be determined for any flood depth of interest. However, the purpose of

this analysis is simply to demonstrate the effect of the comprehensive probability
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assessment on risk calculations. Thus, the population fitted to the exceedance
probabilities corresponding to the total flood depth values was used to determine the
exceedance probabilities corresponding to various depths of flooding for which
values of vulnerability and consequences had been obtained. These exceedance
probabilities werenultiplied by the vulnerability values and consequence values for

each flood depth to obtain flood risk values for each flood depth.

Several comparisons of flood risk were made using the observed data to
understand the impact of multiple flood sourcEsst, the flood risk was calculated
based on the exceedance probabilities corresponding to flood depths for each of the
individual flood sources. For this, the probability distributions fitted to the annual
maximum riverine and tidal flood depths, idéietl independently of each other, as is
typically done in flood frequency analyses, were used. This analysis illustrated the
impact of considering only one of the flood sources at a time on the understanding of

flood risk at a specific location.

Flood risk calculations were also made using the exceedance probabilities
calculated based on the copula, which considered both flood sources and the
dependence between them. This was believed to provide a more complete
understanding of the flood hazard, ahds should also provide a more complete
understanding of the flood risk. These flood risk calculations were compared to those
made using both of the individual flood source exceedance probabilities. The
purpose of this analysis was to illustrate howitiwéusion of both flood sources
impacted flood risk, as well as how this method resulted in a varied understanding of

flood risk for the location of interest.
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Finally, flood risk was calculated using the exceedance probabilities
calculated based on Edign 1-3. The results of this equation provided an
understanding of the joint probability of flooding; however, the EquatiBradsumes
that the two flood sources are independent. The purpose of this analysis was to assess
the impact that this assumptiof independence between flood sources would have

on the understanding of flood risk for the location of interest.

5.4.2. Description of Results

Several analyses were made using the observed data to assess flood risk under
various assumptions abouetfood hazard at the location of interest. First, the flood
risk calculated based on the probabilities of flooding of each source individually were
assessed and compared. Next, the flood risk calculated based on the joint
probabilities determined based the copula, which accounted for dependence
between the flood source, was compared to the risks calculated for each individual
flood source. This illustrated the impact of considering both flood sources on the
flood risk. Finally, the joint probabiligis calculated using an assumption of
independence between the flood sources were used to calculate flood risk. This
assessed the impact of the assumption of independence between flood sources on the

flood risk calculations.

Figure 515 provides the floodsk calculations for the observed flood depths,
based on the assumptions of independence and dependence between the flood
sources. Flood risk was calculated for the independent riverine flood depths, the
independent tidal flood depths, and for totabflalepths calculated based on

assumptions of independence (using Equati8rnd calculate exceedance
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probabilities) and dependence (using the copula procedure to calculate exceedance
probabilities) between the flood sources. The exceedance probahiliast

presented as they were provided in Figufel5 The flood risk calculated for the

joint distribution based on the assumption of dependence differed somewhat from the
flood risk calculations based on the simulated studies. The increase andelgcreas
risk as the flood depth increased was steeper than observed in the simulated studies
and the lowest values of flood risk for the observed joint distribution were lower than
found for the simulation studies. The exceedance probabilities calculated for

higher flood depths were much lower than for the simulation studies. This can be
attributed to the fact that the simulation studies typically contained a few large flood
depths that were not included in the observed riverine and tidal samples.|oltesse
exceedance probabilities resulted in lower flood risk for high flood depths, as would

be expected.

As the exceedance probabilities calculated for either flood source
independently were observed to differ, the flood risk calculations for eaudh flo
source independently also differed. The maximum exceedance probabilities for the
riverine flood source occurred at very low flood depths, below a depth of 0.5 feet.
Thus, the flood risk calculated for the riverine source independently was also lower
than for the other scenarios in Figurés The tidal flood source had a very low
probability of exceeding 4 feet of flood depth; thus, the flood risk decreases to very
low values above 4 feet of flood depth. These results indicate that only considering
one of these flood sources independently in evaluating flood risk would result in very

different understandings of flood risk.
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Flood risk calculations based on the assumptions of independence and
dependence between the flood sources were also evalUdtedlood risk
calculations based on these assumptions were not observed to differ significantly.
The flood risk calculations differ the most between flood depths of 1 foot and 5 feet,
which was similar to the range over which the exceedance proleshilire
observed to vary the most as well. Because the exceedance probabilities were not
observed to vary significantly based on the assumption of independence or
dependence, it was expected that the flood risk calculations also would not vary
significanty. However, it should be observed that the flood risk calculations based
on both joint distributions vary significantly from the flood risk calculations based on
the independent riverine and tidal flood sources. This would also be expected based
on thedifferences in exceedance probabilities calculated. This suggests that
considering only one of the potential flood sources that could impact a location of
interest would result in a much different understanding of the flood risk for that
location as wellas a much different understanding of the flood hazard. However,
because the flood hazard is a part of the flood risk calculation, this result would be

expected.

248



3500

3000

[
w
o
o

2000 +—Independent River

1500

—fi—Independent Tidal

Flood Risk ($)

1000 Independent Joint

500 === Dependent Joint

0 5 10 15
Flood Depth (ft)

Figure 5-15: Flood Risk CalculatedBased on Observed Riverine and Tidal Data with Assumptions of
Independence and Dependence Between the Flood Sources

5.4.3. Conclusions

Flood risks were calculated for the observed data to illustrate the effect that a
comprehensive flood frequency analysisuld have on flood risk assessments. For
two flood sources, the exceedance probabilities calculated based on the observed data
were used to calculate flood risk. Calculations of flood risk based on the observed
data were used to assess the impact ofmasidering both of the flood sources and
the impact of assuming the flood sources were either independent or dependent.
Considering either of the flood sources individually would result in quite different
understandings of the flood risk for the locatif interest, as would be expected.
The exceedance probabilities, and therefore flood risk calculations, for the
independent riverine flood source were highest at very low flood depths and then
decreased gradually, while the exceedance probabilitieBaaatrisk for the
independent tidal flood source were highest at a slightly higher flood depth, but
decreased very rapidly as flood depth increased. Considering the two flood sources

jointly does provide a more complete understanding of the flood eghrdless of
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which method of calculating the exceedance probabilities is used. For this location,
the assumption of independence or dependence between the flood sources was not
observed to have significant impact on the flood risk calculations. Howeiger,

believed that for other locations this assumption may in fact have significant impact.
Thus, it will be important to assess the observed data and determine whether or not
there are dependencies between the flood sources which must be considered. If

the assumption of independence cannot be justified, though the method of calculating

flood probabilities when independence is assumed is less complex.
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CHAPTER 6

THREE SIMULATED FLOOD SOURCES

6.1. Introduction

Previous chapters have discussed #sessment of a flood hazard when two
interacting flood sources must be considered. However, more than two potential
flood sources could impact a given location. Thus, it is important to develop
methodologies for assessing the flood hazard when moréviaifood sources
could impact a location. This chapter will develop a methodology for assessing the
flood hazard when three flood sources must be considered, i.e., riverine, tidal, and

pluvial, and will provide the results of such analyses.

As discussegreviously, analyses based on data obtained from multiple gages
will have a number of complicating factors. These include potential inaccuracies in
one or more of the gage records, temporal, and spatial variations in
hydrometeorological conditions, theeusf different reference datum by each gage,
and differences in the frequency of gage measurements, among others. The potential
complicating factors will increase when the number of flood sources increases from
two to three. Therefore, it is again benidi to use a hypothetical scenario and
simulated data as a preliminary step to verify the procedures developed and to better

understand the expected results.
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6.2. Assessment of the Flood Hazard

The first step of a risk assessment is to assess the h&zainis case, the
hazard was assessed by calculating the probability of certain flood inundation depths
thatoccurat the location of interest. The following sections will describe the
methods used to fit marginal distributions to each flood sourcesthef the copula
procedure to determine joint probabilities of given flood events, and the
determination of the probabilities that correspond to the total flood depths, as well as

presenting the results of each of these steps.

6.2.1. Generation of Correated Random Variables

Generation of three correlated random variables with different distributions
was somewhat more complicated than generation of two correlated random variables.
The first step to this process was to generate three correlated randnegaall of
which were normally distributed. Based on analyses of observed data for the location
of interest in Florida, appropriate normal distribution parameters for all three flood
sources were identified, along with levels of correlation betwaeh #ood source.

The normal distributions representing the riverine, tidal, and pluvial flood depths,

respectively, were calculated as follows, for i from 1 through sample size n:
R,=p,+:z2(0,1)a, (6-1a)

T, = p +22% x (R, — R) +2(0, 1), (1 — p3)°S (6-1b)

P, =p, +050,[p,z. + prpz. |+ 2(0,1)0,[1 - 05(p,, + 5., ) 1*°  (6-1C)
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whereyjwas t he popul at i gwasthepapulatbrostandarédr i abl e j ,
deviation for variable j# was the sample mean of random variable v (either R, T, or
P), S was the sample standard deviation of random variable v (either, R, T\ar P),
was a generated val ue of jwaathdpapulaten v (ei t he

correlation between random variables i and | (where i and j could be any combination
of R, T, and P). Within equationsl& through élc, z was defined aR‘%E and z

T

was defined ar‘; . The result of these equations was three sets of randomly

4

generated values with the desired levels of correlation between each variable.

The desired random variables; however, were not all intended to be normally
distributed. Thus, a transformation was needed from the normal distributions to the
distributions of interest. For each random variable, the scale was set based on the
minimum and maximum values of the random normal sample. The cumulative
normal distrilution that corresponded to each normal distribution was generated using
the trapezoidal rule to integrate from the normal pdfs. The minimum and maximum
values of the transformed variables were used to set the scale for each of the
transformed random vabées. The cumulative distribution functions that correspond
to the transformed distributions were generated using the trapezoidal rule to integrate
from the pdfs. The normal and transformed cdfs were then combined to create the
transformation curve. Fally, the transformation curve was used to generate three
correlated random variables with the desired distributions. This involved generating a
normal random value from the population N(), &ntering the normal cdf to obtain

the cumulative normal pbability that corresponded to the generated value, and then
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using the cumulative probability identified from the normal distribution to generate a
random variable from the desired distribution. For the riverine and pluvial flood
sources, the desired disttion was the gamma distribution and for the tidal flood
source the desired distribution was the generalized extreme value distribution. Thus,
the result of the generation procedure was three correlated random samples

represented by different probabylidistributions.

6.2.2. Overview of Simulation Scenarios

As with the scenarios in which two flood sources were investigated, two
characteristics of the samples were investigated in this simulation study. The first
characteristic was sample size andgbeond characteristic was the level of
correlation between each of the flood depth samples. It was important to understand
the effect of sample size because it is quite rare to have a long record of observed
flood data at a particular location, espegiddir three flood sources. Four sample
sizes, of 10, 25, 50, and 100 years, were evaluated. The minimum of 10 years was
chosen because that is the smallest sample size recommended for use in Bulletin 17B,
while the maximum of 100 years was chosen becagisefew longer observed
records are in existence. The correlation between the samples was held roughly
constant while samples of varying record length were generated, in order to

understand the independent effect of sample size.

The relationship bateen the three flood depth samples has significant impact
on the results of using copula equations. Thus, the effect of correlation between the
generated samples on the results of the analyses was important to understand. This

factor could not easily bassessed by using observed data because it would require
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analyses in multiple locations, which would introduce unnecessary variables.

Further, finding multiple locations of interest with a riverine, tidal, and rain gage

close to each other is unlikely.oithe simulation studies, two levels of correlation
between the variables were assessed, moderately high correlation and relatively low
correlation. Because many possible combinatiomsaxferatelyhigh (correlation of
approximately 0.3) and low (corréilen of approximately 0.1) correlation between

three sets of samples could arise, a total of six simulated data sets were developed to
provide an understanding of the impact of the correlation between samples. Two of
the generated sets of samples hadlamevels of correlation between the three
samples. One of these sets had relatively low correlation between all three samples
(designated as RLA) and the other had moderately high correlation between all three
samples (designated as RHA). The remaimong scenarios covered different
combinations of moderately high and low correlation between the sample sets. Table
6-1 presents the levels of correlation between each set of samples for all six of the
simulated scenarios. The names of the correlatienasios presented in Tablel6

indicate the level of correlation between each combination of variables. For instance,
scenario RHLH indicates that the correlation between the Riverine and Tidal samples
is high, the correlation between the Riverine and/idl samples is low, and the

correlation between the Tidal and Pluvial samples is high.
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Table 6-1: Explanation of Simulation Scenarios with Varying Correlation Between Samples, Where R
Indicates Correlation, H indicates HighCorrelation Between Samples, L Indicates Low Correlation, and
Position of R or L Indicates Combination of Variables for which the Designation Applies

Correlation Between Samples

Riverine Riverine | Tidal-
Scenario Tidal Pluvial Pluvial
RHA High High High
RLA Low Low Low
RHLH | High Low High
RLHL Low High Low
RLHH Low High High
RHLL High Low Low

6.2.3. Fitting Marginal Distributions to Annual Maximum Event
Samples

The first step to the hazard assessment was to determine the marginal
distributions. Tlese were determined by fitting probability distributions to the
generated riverine, tidal, and pluvial flood inundation depth samples. Several
possible marginal distributions were considered to represent each flood source. The
following section will desgbe the methods used to fit marginal distributions and then

present the results.

6.2.3.1. Description oMethods

Though generated data represented riverine, tidal, and pluvial flood depths
rather than riverine, tidal, and precipitation gage measuraptendetermine the
appropriate populations from which to generate samples it was necessary to
determine the inundation depths for an observed location of interest based on
measured gage data. The following sections describe the methods used to determine

the appropriate populations from which to generate samples of flood depths from
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each source and the methods used to fit the marginal distributions to the generated

flood depth samples.

6.2.3.1.1. Calculation of RiverineCaused Flood Inundation Depths

One vaiable of interest in this research was the flood inundation depth caused
by a given riverine flood source; thus, one of the simulated random variables
represented riverine flood inundation depths at the location of interest. Though the
simulated data repsented flood inundation depth at the location of interest, in order
to determine the appropriate populations from which to simulate these flood
inundation depths, a set of observed data from a location in Florida was assessed.
The analysis of these dgteovided information as to the appropriate riverine flood
depth population at the location in Florida. Discharge data from flow gage 02249007
on the Eau Gallie River at Heather Glen Circle at Melbourne was obtained.
Information from this location, inctling elevations and channel characteristics, was
also used to develop the simulation scenario. The population from which riverine
flood depths were simulated was based on observed riverine flow gage discharge
measurements translated to flood inundatigotiuat the location of interest. The
process of transforming the discharges to inundation depths at the location of interest
involves two steps: (1) transposing the discharge from the gaged site to a site on the
river adjacent to the point of interest gyl transforming the river discharge to an

inland flood depth.

The procedure used to calculate flood inundation depths at the location of
interest in Florida, based on riverine discharge measurements taken by a local flow

gage, is explained in detail Chapter 7, which discusses the analyses conducted for
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three flood sources based on observed data. For the simulation study, based on
information obtained from analysis of the location in Florida, generated samples
represented flood inundation depthshet location of interest rather than gage
measurements; thus, it was not necessary to transpose and transform simulated
discharge measurements to flood inundation depth measurements. Once a sample of
annual maximum flood inundation depths was generatedppropriate distribution

was fitted to the simulated data. Fitting a marginal distribution to the annual

maximum events will be discussed in more detail in Section 6.2.3.1.4.

6.2.3.1.2. Calculation of TidallyCaused Flood Inundation Depths

For the simuation studies, tidal flood inundation depths at the location of
interest were simulated. In order to determine the appropriate distribution parameters
to use as the basis for the simulation studies, a procedure was applied to calculate
tidal flood depthdased on tidal gage measurements for a location in Florida. The
tidal gage from which measurements were obtained was 8721604, located near
Trident Pier. This tidal gage is approximately 20 miles from the location of interest,

which is not ideal, but a@$er location was not available.

The procedure used to calculate flood inundation depths at the location of
interest in Florida, based on tide height measurements taken by a local tidal gage, is
explained in detail in Chapter 7, which discusses the seslgonducted using
observed data from three flood sources. For the simulation study, based on
information obtained from analysis of the location in Florida, the data generated
represented flood inundation depths at the location of interest; thus,nbtvas

necessary to transform tidal gage measurements to tidal flood inundation depths for
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the simulation studies. Once a sample of annual maximum flood inundation depths
was generated an appropriate population was fitted to the simulated data. Fitting a
marginal distribution to the annual maximum events will be discussed in more detail

in Section 6.2.3.1.4.

6.2.3.1.3. Calculation of PluviallyCaused Flood Inundation Depths

For the simulation studies, pluvial flood inundation depths at the location of
interest were simulated. In order to determine the appropriate distribution parameters
to use as the basis for the simulation studies, a procedure was applied to precipitation
gage measurements to obtain pluvial flood depths for a location in Florida. The
predpitation gage from which measurements were obtained was 085612, located at
the Melbourne Weather Forecasting Office. Precipitation depth measurements were
obtained from the gage and translated into runoff depths, which were then translated
into resultingdischarge measurements. These discharge measurements were assumed
to channelize in a street near the location of interest, and flood depths at the location

of interest were calculated based on these discharge measurements.

The procedure used to calculfiteod inundation depths at the location of
interest in Florida, based on precipitation depth measurements taken by a local
precipitation gage, is explained in detail in Chapter 7, which discusses the analyses
conducted using observed data from three flemarces. For the simulation study,
based on information obtained from analysis of the location in Florida, the data
generated represented flood inundation depths at the location of interest; thus, it was
not necessary to transform precipitation gage oreasents to pluvial flood

inundation depths for the simulation studies. Once a sample of annual maximum
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flood inundation depths was generated an appropriate population was fitted to the
simulated data. Fitting a marginal distribution to the annual mariewxents will be

discussed in more detail in Section 6.2.3.1.4.

6.2.3.1.4. Calculation of Flood Frequency Curves for Each Source Individually

To develop a flood frequency curve for a single flood source requires
identification of the annual maximum floodrges. The annual maximum events
were ranked from largest to smallest, with the largest magnitude assigned to a rank of
1 and the smallest magnitude a rank of n. After developing a ranked list of annual
maximum flood inundation depths at the locatiomtérest caused by an individual
flood source, the Weibull probability equation was used to determine the exceedance

probability of each event. The Weibull plotting position formula is:

Py = (6-2)

where Ris the exceedance probability, itiee rank of the given flood depth, and n is

the number of sample values in the record. The flood depths were plotted against the
nonexceedance probability, calculated as 1.0 minus the exceedance probability,
which provides the probability of the floodmth not being equaled or exceeded in a
given year. Based on the pairs of data {agoeedance probability, flood depth), a
cumulative distribution function was fitted using either Maximum Likelihood
Estimation or Method of Moments that would provide +@goeedance probabilities

for any flood inundation depth value.

Though Bulletin 17B recommends the Bgarson Type Il distribution be

used to model riverine flood flows, the GEV distribution is frequently used to model
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tidal flood heights, and the LP3 gamma distribution are frequently used to model
rainfall events, clear evidence that any one of these distributions provides greater
accuracy than that provided by others does not exist. Further, given that the variable
of interest in this research i®fd depth at the location of interest, rather than
discharge or tidal height; the typical distributions may not be the most appropriate
distributions. Thus, several distribution functions were fitted to the data to determine
the most appropriate distribon for each data set. All tested distributions were

plotted against the simulated data for visual comparison and probability plot
correlation coefficients were calculated to assess the goedhéssf each

distribution. For simulated riverine and pial data, the distributions tested included

the logPearson type lll, lognormal, gamma, and Weibull distributions. For simulated
tidal data, the distributions tested included the extreme value, generalized extreme
value, and Rayleigh distributions. Thisocedure was first conducted with the

observed data from Florida, in order to determine appropriate populations from which
to generate samples for the simulation study. It was also used in the simulation

studies to calculate the distributions bestrfgtthe generated samples.

6.2.3.1.5. Calculation of Flood Frequency Curves Considering Three Flood Sources

To develop a joint flood frequency curve requires calculation of the marginal
distributions, or individual flood frequency curves that correspotldetohree
individual flood sources. The typical process for conducting a flood frequency
analysis, which was outlined in section 6.2.3.1.4., was followed to determine the
marginals, with one exception. When calculating the flood frequency curve for an

individual flood source, the annual maximum flood event caused by the individual
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source was identified. However, when three potentially interacting flood sources
must be considered, it is possible that the maximum flood event experienced at the
location ofinterest in a given year may not be caused by one individual source, but
instead by a combination of the three sources. Thus, to identify the annual maximum
flood depth at the location of interest, the simulated riverine, tidal, and pluvial flood
inundaton depths at the location of interest for corresponding time periods were
summed.The assumption that the contributing flood depths from each source could
be summed was a convenient assumption to make for the purpose of conducting this
research; howevethis methodology was not determined based on a technical
analysis of the optimum approach for combining flood sourtés was completed

first using the observed data from the location of interest in Florida, in order to
identify the appropriate riverinéidal, and pluvial flood frequency distributions. The
same process was also used with the generated samples of riverine, tidal, and pluvial

flood inundation depths at the location of interest, as part of the simulation studies.

The simulated data repersted annual maximum flood depths; however, it
was necessary to use the observed data from the location in Florida in order to
determine the appropriate populations from which to generate the samples. Using the
observed data, it was necessary to idenitieyannual maximum events while
considering all three potential flood sources. As each of the gages from which
observed data were obtained took hourly measurements each day, these
measurements were summed and a single daily maximum flood depth at tio® loca
of interest was identified. Next, the annual maximum flood depth was identified

based on the daily maximum events. This does not suggest that the annual maximum
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event could only occur through some combination of the three sources; this procedure
coud still identify an annual maximum event that was caused by only one source
individually or two sources jointly. The riverine, tidal, and pluvial contributions to

the annual maximum flood inundation depth were separated into three flood series
and floodfrequency curves were developed for each. These flood frequency curves,
based on the observed data from Florida, served to identify the appropriate
populations from which samples of flood inundation depths should be generated for
the simulation study. Wdn the same process was used with generated samples, the
flood frequency curves served as the marginals, which were inputs to the copula

procedure.

6.2.3.2. Description of Results

The simulation study investigated both the effect of sample size anddbe ef
of correlation between the samples. The following sections will present the results of
fitting marginal distributions to generated riverine, tidal, and pluvial flood inundation
depth samples of varying sample size and varying levels of correlativadrethe

samples.

6.2.3.2.1. Effects of Varying Sample Size

Marginal distributions were fitted to the generated riverine, tidal, and pluvial
samples of varying sample sizes in the first step. For each flood source sample for
each sample size, the paraere of each potential distribution were calculated and
the probability plot correlation coefficient was calculated to assess the fit of the
distributions. To further assess the fit of the distributions each distribution was

plotted against the sampledetermine which distribution best agreed with the
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generated sample. In Table® @hrough &4 and Figures-4 to 63 the results for a

sample size of 10 were presented. For a sample size of 25 the results are presented in
Tables 65 through 67 and Figues 64 through 66. Results for samples of size 50

are presented in Tables3&hrough 610 and Figures-8 through 69 and results for

samples of 100 are presented in Tabld4 éhrough 613 and Figures-80 through

6-12. All results will be presenteahd then the results and implications will be

discussed in detail.

Table 6-2: Fitted Parameters and Probability Plot Correlation Coefficients for the Riverine Samples of Size
10

LP3 Lognormal | Gamma | Weibull
Shape 2.1117 -0.6463 0.5636 0.6905
Scale -1.4707 2.1372 2.8114 1.2751
Location 2.4595 N/A N/A N/A
Probability
Plot
Correlation
Coefficient 0.9949 0.9684| 0.9944| 0.9962
6 c c : : = c
¢ Simulated Data
LP3 Distribution
5K Lognormal Distribution
Gamma Distribution
- — Weibull Distribution
§
5
3
4

0.2

0.3 0.4 05 0.6
Nonexceedance Probability
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Figure 6-1: Comparison of Riverine Marginal Distribution Options for Sample Size of 10, where Flood
Depths are in Feet
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Table 6-3: Fitted Parameters and Probability Plot Correlation Coefficients for the Tidal Samples of Size 10

Extreme
Value GEV Rayleigh
Shape N/A -0.0296 N/A
Scale 1.0432 0.7032 1.4777
Location 2.3754 1.5131 N/A
Probability Plot
Correlation
Coefficient 0.8987 0.9496 0.9391
4.5 T T T T T T T T T
¢ Simulated Data
4 Extreme Value Distribution % /1
GEYV Distribution
354 Rayleigh Distribution i
S
g 25f .
}_
1.5F '
1 |- -
0.5 .
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Nonexceedance Probability

Figure 6-2: Comparison of Tidal Marginal Distribution Options for Sample Size of 10, where Flood Depths
are in Feet

Table 6-4: Fitted Parameters and Probability Plot Correlation Coefficients for the Pluvial Samples of Size
10

LP3 Lognormal | Gamma | Weibull
Shape 1.7405 -0.5578| 1.3665| 1.2873
Scale -0.8869 1.1701| 0.6303| 0.9255
Location 0.9859 N/A N/A N/A
ProbabilityPlot
Correlation
Coefficient 0.9828 0.9465 0.98 0.9817
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Figure 6-3: Comparison of Pluvial Marginal Distribution Options for Sample Size of 10, where Flood
Depths are in Feet

Table 6-5: Fitted Parametersand Probability Plot Correlation Coefficients for the Riverine Sample of 25

LP3 Lognormal | Gamma | Weibull
Shape 2.6544 -0.9135 0.4808 0.6171
Scale -1.5464 2.5194 3.1526 1.165
Location 3.1911 N/A N/A N/A
Probability Plot
Correlation
Coefficient 0.9454 0.8153 0.9634 0.9484
6 T T T T T T T T T
¢ Simulated Data
LP3 Distribution
51 Lognormal Distribution N
Gamma Distribution
g_ — Weibull Distribution
g4 1
§
g
g l
[v4
1 I~ -
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Figure 6-4: Comparison of Riverine Marginal Distribution Options for Sample Size of 25, where Flood

Nonexceedance Probability

Depths are in Feet
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Table 6-6: Fitted Parameters and Probability Plot Correlation Coefficients for Tidal Sample of Size 25

Extreme
Value GEV Rayleigh
Shape N/A | -0.1628 N/A
Scale 1.0166 0.8661 1.2885
Location 2.0469 1.1864 N/A
Probability Plot
Correlation
Coefficient 0.9495| 0.9785| 0.9705
45 T T T T T T T T T
¢ Simulated Data
Ar Extreme Value Distribution ¢
GEV Distribution
35 Rayleigh Distribution .

Tidal Inundation Depth

r r

r r

Figure 6-5: Comparison of Tidal Marginal Distribution Options for Sample Size of 25, where Flood Depths

are in Feet

Table 6-7: Fitted Parameters and Probability Plot Correlation Coefficients for the Pluvial Sample of Size 25
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0.6 0.7

Nonexceedance Probability

0.8 0.9

LP3 Lognormal | Gamma | Weibull
Shape 1.5137 -0.8546| 1.1658| 1.1602
Scale -1.0397 1.2792| 0.5937| 0.7259
Location 0.7193 N/A N/A N/A
Probability Plot
Correlation
Coefficient 0.9846 0.9278| 0.9864| 0.9888
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Figure 6-6: Comparison of Tidal Marginal Distribut ion Options for Sample Size of 25, where Flood Depths
are in Feet

Table 6-8: Fitted Parameters and Probability Plot Correlation Coefficients for the Riverine Sample of Size

50

LP3 Lognormal | Gamma | Weibull
Shape 2.5418 -0.6447 0.568 0.7022
Scale -1.3388 2.1344 2.7664 1.3097
Location 2.7582 N/A N/A N/A
Probability Plot
Correlation
Coefficient 0.9707 0.7867| 0.9712| 0.9591
6 T T T T T T T T “\ T
¢ Simulated Data
LP3 Distribution
5H Lognormal Distribution g
Gamma Distribution
s — Weibull Distribution
g4 T
§
g 3 1
g 5 |
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Figure 6-7: Comparison of Riverine Marginal Distribution Options for Sample Size of50, where Flood
Depths are in Feet
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Table 6-9: Fitted Parameters and Probability Plot Correlation Coefficients for the Tidal Sample of Size 50

Extreme
Value GEV Rayleigh
Shape N/A | -0.0764 N/A
Scale 2.0339 0.7803 1.2756
Location 0.9972 1.1529 N/A
Probability Plot
Correlation
Coefficient 0.9347 0.9958 0.9878
4.5 T T T T T ’L T T
¢ Simulated Data
a4r Extreme Value Distribution
GEYV Distribution
35 Rayleigh Distribution

Tidal Inundation Depth

r

r

r

Figure 6-8: Comparison of Tidal Marginal Distribution Options for Sample Size of 50, where Flood Depths

are in Feet

Table 6-10: Fitted Parameters and Probability Plot Correlation Coefficients for the Pluvial Sample of Size
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Nonexceedance Probability

0.9

50

LP3 Lognormal | Gamma | Weibull
Shape 1.8678 -1.0876| 0.7993| 0.9063
Scale -1.2291 1.6798| 0.8861| 0.6806
Location 1.2081 N/A N/A N/A
Probability Plot
Coarrelation
Coefficient 0.9833 0.7699| 0.9542| 0.9526
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Figure 6-9: Comparison of Pluvial Marginal Distribution Options for Sample Size of 50, where Flood
Depths are in Feet

Table 6-11: Fitted Parameters andProbability Plot Correlation Coefficients for the Riverine Sample of Size
100

LP3 Lognormal | Gamma | Weibull

Shape 2.7435 -0.6238| 0.5677| 0.6974
Scale -1.2501 2.0707 2.8287 1.3183
Location 2.8059 N/A N/A N/A
Probability Plot
Correlation
Coefficient 0.901 0.7011 0.9611 0.9405

6 T T T - T T T

¢ Simulated Data

LP3 Distribution

Lognormal Distribution

Gamma Distribution

— Weibull Distribution

Riverine Inundation Depth

Figure 6-10: Comparison of Riverine Marginal Distribution Options for Sample Size of 100, where Flood

Depths are in Feet
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Table 6-12: Fitted Parameters and Probability Plot Correlation Coefficients for the Tidal Sample of Size

100
Extreme
Value GEV Rayleigh
Shape N/A 0.0575 N/A
Scale 1.9657 0.743 1.2381
Location 0.992 0.986 N/A
Probability Plot
Correlation
Coefficient 0.91 0.9739 0.9751
4 T T T T T : ‘L T T T
¢ Simulated Data
3.5+ — Extreme Value Distribution H
GEV Distribution <>/
il Rayleigh Distribution i
3 M
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Figure 6-11: Comparison of Tidal Marginal Distribution Options for Sample Size of 100, where Flood
Depths are in Feet

Table 6-13: Fitted Parameters and Probability Plot Correlation Coefficients for the Pluvial Sample of Size
100

LP3 Lognormd | Gamma | Weibull
Shape 1.8097 -0.896| 0.9949| 1.0282
Scale -1.0235 1.3768| 0.7332] 0.7372
Location 0.9562 N/A N/A N/A
Probability Plot
Correlation
Coefficient 0.9861 0.7786| 0.9491 0.952
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Figure 6-12: Comparison of Pluvial Marginal Distribution Options for Sample Size of 100, where Flood
Depths are in Feet

For each sample size, distributions were first fitted to the riverine samples.
For a sample size of 10, the probability plot correlation coefficients suggest that the
LP3, gamna, and Weibull distributions would all adequately represent the sample, as
the correlation coefficients were above 0.99 for all three distributions. However,
from this information, it would not appear that the lognormal distribution would be
able to repreent the sample as well as the other three distributions. The plot
comparing the four distributions to the generated sample confirmed that the LP3,
gamma, and Weibull distributions all fit the sample well and slightly better than the
lognormal distributio. Though the results will not be presented until Chapter 7,
distributions had already been fitted to the observed data in order to determine the
populations from which to generate data; thus, it was known that the gamma
distribution was observed to pro the best fit to the observed data. In the interest

of having the simulated samples consistent with the observed data, the gamma
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distribution was selected for use in representing this sample, though it was not clearly

superior to the LP3 or Weibull drgtutions.

For a sample of 25, the probability plot correlation coefficient suggested that
the gamma distribution would be the best choice to represent the riverine sample,
which was confirmed by the plot comparing the distributions to the generatetksamp
An examination of the probability plot correlation coefficients and the plot for a
riverine sample of 50, the gamma distribution again appears to be the most
appropriate distribution to represent the sample. Finally, for a riverine sample of 100,
the probability plot correlation coefficients suggested that the LP3 and gamma
distributions should both be able to adequately represent the sample and should
perform better than either the lognormal or Weibull distributions. The plot
comparing the distribidns to the generated sample of 100 suggested that the gamma
distribution would be most appropriate to represent the sample. Thus, the gamma

distribution was selected to represent each generated riverine sample of varying size.

For each sample size digttions were next fitted to the generated tidal flood
depth samples. For a sample size of 10 the probability plot correlation coefficients
suggested that the GEV distribution would be slightly better than the Rayleigh
distribution to represent the sammed both distributions would better represent the
sample than the extreme value distribution. The plot comparing the three
distributions to the sample agreed with these findings and suggested that the GEV
distribution was the most appropriate distribatto represent this sample. For a
sample size of 25, the probability plot correlation coefficients suggest that the GEV

and Rayleigh distributions should perform approximately equally in representing the
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sample and somewhat better than the extreme vatréodtion. The plot comparing

the distributions to the sample agrees that the GEV and Rayleigh distributions are
superior to the extreme value distribution and that the GEV distribution is the best
choice to represent the sample. Based on the prdiggiddt correlation coefficients,

for a sample size of 50 the GEV distribution would be the best choice to represent the
sample, though the Rayleigh distribution would also adequately represent the sample.
The plot agreed that either distribution coul@euitely represent the sample; thus,

the GEV distribution was selected. For a sample of 100, the probability plot
correlation coefficients suggest that the GEV and Rayleigh distributions should both
adequately and approximately equally represent the saanpl the extreme value
distribution should not be able to represent the sample. The plot comparing the
distributions to the generated sample actually suggested that the GEV distribution
would be superior to the Rayleigh distribution. Thus, the GEViloigion was

selected to represent all four of the tidal samples of varying size, which was
consistent with the observed data, which was known to be best represented by the

GEV distribution.

The final set of samples to be evaluated for each sample sizbevalsivial
flood depth sample. For a sample of 10, the probability plot correlation coefficients
suggest that the LP3, gamma, and Weibull distributions should all be well able to
represent the sample, though the lognormal distribution would not prevetecarate
representation. The plot comparing the four distributions to the generated sample
agreed that the LP3, gamma, and Weibull distributions could all satisfactorily

represent the sample. Because the observed data was previously determined to be
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best represented by the gamma distribution, which will be discussed in Chapter 7, the
gamma distribution was selected to represent this sample. Similar results were
observed for a sample of 25; thus, the gamma distribution was also selected for a
sample oR5. For a sample of 50, the probability plot correlation coefficients
suggested that the LP3 distribution would be the best distribution to represent the
sample, the gamma and Weibull distribution would provide slightly less accurate, but
approximately egal, representations of the sample, and the lognormal distribution
would not be able to adequately represent the sample. The plot comparing the four
distributions to the sample suggested that the gamma and Weibull distributions could
adequately fit the saple. To be consistent with the observed sample, the gamma
distribution was selected to represent the sample of 50 pluvial flood depth values.
Similar results were observed for the probability plot correlation coefficients for a
sample of 100 pluvial flod depth values. The plot comparing the four distributions

to the sample again suggested that the gamma and Weibull distributions could
adequately represent the sample despite the slightly lower probability plot correlation
coefficient; thus, the gammastiibution was selected to represent this sample along

with the three smaller pluvial flood depth samples.

The results for each sample size must be compared to determine whether or
not trends can be attributed to sample size. In evaluating the paratiteits each
sample size, trends were not apparent. Though trends were not identified in the
marginal distribution parameters, the sample size did impact the marginal
distributions. The distributions appear to more accurately represent the data as

sampe size increases, which was an expected result. Because larger sample sizes
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better represent the underlying population, the distributions fitted to those samples are

expected to be more accurate.

6.2.3.2.2. Effects of Varying Sample Correlation

Margnal distributions were also fitted to six sets of generated samples with
varying levels of correlation between thef@enerally speaking, the samples did
exhibit the desired correlation structurdie same riverine sample was generated
for all six scenaos and the tidal and pluvial samples were varied in order to reach the
desired level of correlation. Thus, the results of fitting marginal distributions to the
riverine samples will be presented only once, in Takld &nd Figure43. The
probabilityplot correlation coefficients suggest that the LP3 and gamma distributions
should both adequately represent the riverine sample. The Weibull distribution
should also be reasonably able to represent the sample, though the lognormal
distribution could nobe expected to provide an accurate fit to the sample. The plot
comparing the distributions to the sample agree that the LP3, gamma, and Weibull
distributions could all adequately represent the sample, though the gamma
distribution appears to be slightlyserior. Because the gamma distribution appears
to be superior based on the probability plot correlation coefficient and the plot, and
because this distribution was previously observed to provide the best fit to the
observed data, it was selected to repne the riverine samples for the varying

correlation scenarios.
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Table 6-14: Fitted Parameters and Probability Plot Correlation Coefficients for the Riverine Sample Used

for All Six Varying Correlation Scenarios

LP3 Lognormad | Gamma | Weibull
Shape 2.5418 -0.6447 0.568 0.7022
Scale -1.3388 2.1344 2.7664 1.3097
Location 2.7582 N/A N/A N/A
Probability Plot
Correlation
Coefficient 0.9707 0.7867 0.9712 0.9591
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Figure 6-13: Comparison of Riverine Marginal Distribution Options for Scenario RHA

Marginal distributions were next fitted to the tidal samples. For all samples
with a high level of correlation between the riverine and tidal samples, including
scenarios RHA, RHLH, and RHLL, the same tidal sawphs generated. A different
tidal sample was generated for all three of the scenarios with a low level of
correlation between the riverine and tidal samples, including scenarios RLA, RLHH,
and RLHL. Thus, the results of fitting marginal distributionsato tidal samples
will be discussed. The marginal distribution parameters and probability plot

correlation coefficients for scenarios RHA, RHLH, and RHLL are presented in Table
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6-15 and Figure 44 compares the three fitted distributions to the genesategle.

The probability plot correlation coefficients suggest that the GEV distribution would
be the best distribution to represent the sample, though the Rayleigh distribution
would also be able to adequately represent the sample. The plot agrédes GREY

and Rayleigh distributions adequately represent the generated sample though the
extreme value distribution does not. The GEV distribution was selected to represent
the tidal sample for these three scenarios. The results for scenarios RLA, RidHH, a
RLHL are presented in Tablel® and Figure-45. The probability plot correlation
coefficients and the plot comparing the distributions to the generated sample again
suggest that either the GEV or the Rayleigh distribution could adequately represent
the sample, though the extreme value distribution could not. The GEV distribution
was selected to represent this sample as well due to the probability plot correlation
coefficient and because the GEV distribution was previously identified as the most

appr@riate distribution to represent the observed tidal sample.

Table 6-15: Fitted Parameters and Probability Plot Correlation Coefficients for the Tidal Sample Used for
Scenarios RHA, RHLH, and RHLL

Extreme

Value GEV Rayleigh
Shape N/A -0.0286 N/A
Scale 2.0499 0.7301 1.2818
Location 0.9942 1.1704 N/A
Probability Plot
Correlation
Coefficient 0.9248 0.9958 0.9883
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Figure 6-14: Comparison of Tidal Marginal Distribution Options for Scenarios RHA, RHLH, and RHLL

Table 6-16: Fitted Parameters and Probability Plot Correlation Coefficients for the Tidal Sample Used for
Scenarios RLA, RLHH, and RLHL

EV GEV Rayleigh
Shape N/A -0.0764 N/A
Scale 2.0339 0.7803 1.2756
Location 0.9972 1.1529 N/A
Probability
Plot
Correlation

Coefficient 0.9347| 0.9958| 0.9878
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Figure 6-15: Comparison of Tidal Marginal Distribution Options for Scenarios RLA, RLHH, and RLHL
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The pluvial samples generated were different for &ltsirelation scenarios.
The pluvial sample needed to be varied for each scenario in order to obtain the
desired levels of correlation between the riverine and pluvial and tidal and pluvial
samples. Table-&7 and Figure 4.6 provide the results for s RHA, Table 6
18 and Figure 4.7 provide the results for scenario RHLH, and Tabl®&nd Figure
6-18 provide the results for scenario RHLL. Tabl2®and Figure 4.9 provide the
results for scenario RLA, Table&l and Figure €0 provide the restd for scenario
RLHH, and Table €2 and Figure 21 provide the results for scenario RLHL. The
results and implications for each scenario will be discussed after all results have been

presented.

Table 6-17: Fitted Parameters and Robability Plot Correlation Coefficients for the Pluvial Sample for
Scenario RHA

LP3 Lognormal | Gamma | Weibull
Shape 1.147 -1.1497 0.7507 0.8762
Scale -1.7367 1.86 0.9365 0.6665
Location 0.8422 N/A N/A N/A
Probability Plot
Correlation
Coefficient 0.98® 0.74 0.9546| 0.9519
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Figure 6-16: Comparison of Pluvial Marginal Distribution Options for Scenarios RHA, where Flood Depths

are in Feet
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Table 6-18: Fitted Parameters and Probability Plot Correlation Coeficients for the Pluvial Sample for
Scenario RHLH

LP3 Lognormal| Gamma | Weibull
Shape 1.0842 -1.1397 0.7428 0.8737
Scale -1.833 1.9086 0.9651 0.6795
Location 0.8476 N/A N/A N/A
Probability Plot
Correlation
Coefficient 0.9889 0.7181 0.9494 0.9464
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Figure 6-17: Comparison of Pluvial Marginal Distribution Options for Scenarios RHLH, where Flood
Depths are in Feet

Table 6-19: Fitted Parameters and Probability Plot Correlation Coefficients for the Pluvial @ample for
Scenario RHLL

LP3 Lognormal | Gamma | Weibull
Shape 1.7002 -1.0569| 0.8106| 0.9168
Scale -1.2856 1.6763| 0.8904| 0.6972
Location 1.1288 N/A N/A N/A
Probability Plot
Correlation
Coefficient 0.9849 0.7617| 0.9508| 0.9498

281



2 T T T T T T T T T

- [
¢ Simulated Data RS
18r LP3 Distribution o 7
16- Lognormal Distribution <>§5<> |
: Gamma Distribution
< 14| Weibull Distribution i
= /
8 4
= 1.2 (/>/ 4
g 4 <>of§7’ |
2 o
© 081 i
g 7
=
o 06 E
% /<>
[ O -
0.4 RS "
0.2 <><><><> /i // - i
0 v r r r r r r r r
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Nonexceedance Probability

Figure 6-18: Comparison of Pluvial Marginal Distribution Options for Scenarios RHLL, where Flood
Depths are in Feet

Table 6-20: Fitted Parameters and Probability Plot Correlation Coefficients for the Pluvial Sample for
Scenario RLA

LP3 Lognormal | Gamma | Weibull
Shape 1.1659 -1.0942 0.775 0.8951
Scale -1.6732 1.8066 0.9322 0.6913
Location 0.8566 N/A N/A N/A
Probability Plot
Correlation
Coefficient 0.9894 0.7337 0.9487 0.947
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Figure 6-19: Comparison of Plwial Marginal Distribution Options for Scenarios RLA, where Flood Depths
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Table 6-21: Fitted Parameters and Probability Plot Correlation Coefficients for the Pluvial Sample for

Scenario RLHH

LP3 Lognormal| Gamma | Weibull
Shape 1.1424 -1.1462 0.75 0.8764
Scale -1.7473 1.8676 0.9413 0.6696
Location 0.8499 N/A N/A N/A
Probability Plot
Correlation
Coefficient 0.9867 0.7325 0.9514 0.9488
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Figure 6-20: Comparison of Pluvial Marginal Distribution O ptions for Scenarios RLHH, where Flood
Depths are in Feet

Table 6-22: Fitted Parameters and Probability Plot Correlation Coefficients for the Pluvial Sample for

Scenario RLHL

LP3 Lognormal | Gamma | Weibull
Shape 1.8678 -1.0876| 0.79%8B 0.9063
Scale -1.2291 1.6798| 0.8861| 0.6806
Location 1.2081 N/A N/A N/A
Probability Plot
Correlation
Coefficient 0.9833 0.7699| 0.9542| 0.9526
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Figure 6-21: Comparison of Pluvial Marginal Distribution Options for Scenarios RLHL , where Flood
Depths are in Feet

To determine which marginal distribution best represented the pluvial flood
depth sample for each correlation scenario the probability plot correlation coefficients
and the plot comparing the fitted distributions to the@a were examined. For each
of the six scenarios, the probability plot correlation coefficients suggested that the
LP3 distribution would be the best distribution to represent the sample, and slightly
better than either the gamma or Weibull distributiofie probability plot
correlation coefficients also suggested that the lognormal distribution would not be
able to accurately represent the sample in any scenario. An examination of the plots
comparing the fitted distributions to the samples agreedhitbdbgnormal
distribution was unable to represent the samples; however, the plots suggested that
the gamma and Weibull distributions would be able to accurately represent the
distributions despite their slightly lower probability plot correlation coieffits.

Because the gamma distribution was previously identified as the most appropriate
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distribution to represent the observed data, the gamma distribution was selected for

use in representing all six pluvial flood depth samples.

6.2.4. Using Copula Equabns to Develop Joint Distributions

Next in the process, joint distributions were developed for flood inundation
depths from the riverine, tidal, and pluvial sources. The joint distributions provided
probabilities of specific combinations of riverine,aigand pluvial flood depths. The
next sections will discuss the methods used to develop the joint distributions and

present the results.

6.2.4.1. Description oMethods

Once the marginals had been developed based on the generated riverine, tidal,
and plwial flood inundation depths at the location of interest, a copula could be used
to determine the joint probability of depths for the three flood sources. The first step
was to calculate the appropriate dependence structure between the three flood
sources As with the scenario in which two flood sources interacted, the dependence
structure was based on the ranks of the data; however, for three flood sources,
Kend&l was not appropriate. The met hod
likelihood estimation, which is an alternative to the method of moments (Genest and
Favr e, 2007) . This method determines the
exclusively on the ranks of thiverine, tidal, and pluvial samptiata, R, S, and T

respectively:

TR 5 T

SLotoh)

al L e ——
Ha)=o-= E:’*:l—aj—r—rizz} =0 (6-3)

‘n+a’n+sn4n
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Where) U) is the | ikelihood d(@ull)ctiiont tod dodcppulc
c(a) is the derivative of the copula pdf with respect to theutoparameter, n is the

sample size, and;R5, and T are the ranks of the riverine, tidal, and pluvial sample

values, respectively. This equation was solved based on the generated samples of

riverine, tidal, and pluvial flood depths for each of theudation scenarios in order to

determine the copula parameter value for each of the three copula families. To solve
Equation 63, the valueot) was varied by a step size of
expected values and the value that resulted in the equation being most closely equal to

zero was selected as the copula parameter.

Once the measure of dependence was calculated, the approprifgefami
copulas to fit with the data had to be determined. Numerous families of copulas are
available from which to choose. Several families were fitted and compared using
Akai keds I nformation Criteria (AIC). The
descibed in Chapter 1 of this document. When AIC values are calculated, the
minimum AIC value indicates the most appropriate copula family (kKdead, 2010).
Three Archimedean copula families, the Gumideligaard, Clayton, and Frank
families, were evaluatl. The equations for these three families, respectively, are as

follows:

Clu,v,w) =exp(—[(—Inu)*+ (—Inv)* + (—Inw) “‘]ﬁj (6-4a)

Clu,v,w) = (u™% +v™ % +w™%—2) Ve (6-4b)

[amE¥E_q)f g~ BV 1}(9_'1'“-—1})
)

Clu,v,w) = _:1 [103(1 + —F_q)z

(6-4c)
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where u, v, and w were the cumulative distributions fitted to the riverine, tidal, and
pluvial samples, respevily, and0 was t he copul a parameter

family.

Finally, the joint pdfs were calculated for each copula famllyint pdfs that
correspond to the variables u, v, and w were calculated by taking the second
derivative of the joint cdf with resped u, v, and w. To obtain joint pdf values that
correspond to the riverine, tidal, and pluvial variables required that the joint pdfs
calculated for the variables u, v, and w then be multiplied by the marginal distribution
pdf values (Wangt al, 2009). The equations for the joint pdfs, expressed in terms

of the riverine, tidal, and pluvial variables, are as follows:

35
floy.2) = 355

udwdw

) 2220 2w
! dx dy o=

C_(u,v (6-5)

where u, v, and w were the marginal cdf values corresponding to the riverine, tidal,
and pluvial flood depth samplagspectively, and X, y, and z represent the riverine,
tidal, and pluvial flood depth samples, respectivébyaphicaldisplays of the joint

pdfs and cdfs could not be produced for these scenarios adifioemsional plots

would have been required.

6.24.2. Description of Results

The effects of both sample size and correlation between marginal samples
were investigated in the simulation studies. Copulas were used to develop joint
distributions for each of the four sample sizes and each of the six seonglations

that were investigated in the simulation study.
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6.2.4.2.1. Effects of Varying Sample Size
For the four sample sizes considered, the most appropriate copula family was
first identified and then the identified copula families were used td@ey@nt

distributions. The results of these steps are presented in the following sections.

6.2.4.2.1.1. Copula Fitting to Develop Joint Distributions

The first step to using a copula to develop a joint distribution was to calculate
the copula paramatefor each copula family and then determine which copula family
was the most appropriate to represent each data set. The most appropriate copula
family was chosen based on Akai keds I nform
in Chapters 4 and 5. Thepula parameters calculated for each sample size for each
of the three potential families, as well as the AIC values calculated for each potential
family are presented in TableX3. For each sample size, the calculated parameters
met the constraint tihdahe GumbeHougaard parameter must be greater than 1.0 and

the Clayton and Frank parameters must be greater than 0.0.

Generally speaking, as the sample size increased, the copula parameter values
were observed to decrease, though for the Guidbabaad and Frank families, the
parameters for a sample of 50 were actually slightly higher than for a sample of 25.
The sample of 10 had the most significantly different parameter values, which
suggests that as the sample size increases beyond this low semapihe parameters
and also the joint distributions tend to stabilize. When two flood sources were
examined; however, the copula parameters were observed to have a fairly wide
standard error, which would suggest that the differences in copula parameters

Table 623 would not be significant. The joint distributions were calculated for the
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sample size of 10 using the parameters calculated based on the sample of 100 values
and these joint distributions were compared to the joint distributions originally
calculated for a sample of 10. The joint cumulative distribution values varied from
approximately 1% to 6% based on the different copula parameters. This suggests that
the four sets of copula parameters calculated for the different sample sizes were not
significantly different, such that the four samples of varying size could all be

represented by the same joint distributions.

In the process of attempting to calculate copula parameters for samples of
varying size, some impact from the level of correlabetween the samples was also
observed. The original set of samples generated for different sample sizes had
strongly negative levels of correlation between the samples, particularly between the
riverine and tidal and the tidal and pluvial samples. Fesdlsamples, it was not
possible to determine a copula parameter for any of the three families that resulted in
Equation 63 approaching a value of 0. When a second set of samples was generated
with more positive levels of correlation between the samptgsjla parameters
could be calculated for all three families. The level of correlation between the
samples would influence the ranks of the three sets of samples generated, and these
ranks were used to calculate the copula parameter. This suggeste/thed be
more difficult to represent a set of samples with strongly negative levels of
correlation between them using the three Archimedean copulas considered in this
research. When only two flood sources were considered, the Gttobghard and
Clayton f ami | i es were not able to represent

U, which was found to be related to the
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does not seem unreasonable that the copula families might also have difficulty
represenhg samples with negative levels of correlation between them when three

flood sources were considered.

Table 6-23: Copula Family Parameters and AIC Values Calculated for Three Simulated Sources of Varying
Sample Sizes

Gumbel | Gumbel
Hougard | Hougaard| Clayton | Clayton | Frank Frank
N Alpha AIC Alpha AIC Alpha AIC
10 1.2635 3.5674| 0.4266| 5.8091| 1.2828| 2.0633
25 1.0765 1.7691| 0.1881| 2.6517| 0.6867| 1.4221
50 1.0952| -1.0454| 0.1288| 2.1756| 0.6882 0.015
100 1.0202 1.5455| 0.0108| 2.1134| 0.2101| 1.7703

The AIC values must be examined in order to determine the most appropriate
copula family to represent each sample. For samples of 10 and 25, the Frank family
produces the lowest AIC values. For these samples then, the Frank family was
expectedo be the most appropriate family to represent the joint distributions. For
samples of 50 and 100 the Gumbldugaard family produces the lowest AIC value.
Thus, the GumbeHougaard family was expected to be the most appropriate family
to represent thessamples. However, for all four scenarios, all three copula families
will be used to calculate the joint distributions, to determine how significant the

choice of copula family could be on the development of joint distributions.

6.2.4.2.1.2. CalculationfoJoint Distributions

Once the copula parameters were calculated and the most appropriate copula
family determined for each scenario, the joint pdf and cdf were calculated. Though

the AIC values identified the most appropriate copula family for eachleaizes,
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all three copula families were used to calculate the joint pdf and cdf for each sample

size to illustrate the impact of the choice of copula.

Table 624 provides the joint pdfs and cdfs calculated based on the Gumbel
Hougaard, Clayton, and Friafamilies for a sample size of 10. The joint pdfs and
cdfs calculated based on each family were compared and minimal differences in the
joint distributions were observed. The differences in the joint cdfs were not observed
to exceed B%. This suggesthat the choice of copula family had very little impact
on the joint distributions developed for this sample of flood depths. In evaluating the
joint cdf, it is observed that the maximum joint cdf value for the sample did not
exceed 0.6. A maximum sameplalue closer to 1.0 would have been expected for a
cdf, which suggests that the sample of 10 values may not have been representative of
the population. Sampling variation could also have been responsible for the low
maximum joint cdf value. This wasmiirmed by calculating the joint cdf value for a
combination of the largest riverine, tidal, and pluvial flood depths, which could be
expected if high correlation existed between the three flood sources. For this
combination of flood depths the joint odtbuld exceed 0.86, which is closer to
expectation. The joint pdfs were necessary in order to calculate probabilities
corresponding to total flood depths, which is the next step of the procedure, but they

do not provide valuable information in and of thefass.
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Table 6-24: Joint PDFs and CDFs Calculated for a Sample Size of 10

Riverine | Tidal Pluvial

Flood Flood Flood Gumbel | Gumbel

Depth Depth Depth Hougaard| Hougaard| Clayton | Clayton | Frank Frank

(ft) (ft) (ft) pdf cdf pdf cdf pdf cdf
1.1092| 1.5744| 0.5649 0.1002 0.1598| 0.0932| 0.1634| 0.0883| 0.1477
0.5794| 4.0352| 0.4975 0.0050 0.2097| 0.0096| 0.2103| 0.0080| 0.2000
2.2926| 2.1996| 0.4259 0.0307 0.2335| 0.0336| 0.2242| 0.0293| 0.2180
0.0038| 1.7635| 0.8139 0.8475 0.0150| 0.3969| 0.0205| 0.8679| 0.0129
5.9868| 2.0517| 1.9953 0.0013 0.5931| 0.0016| 0.5669| 0.0016| 0.5709
1.2359| 2.3238| 1.6990 0.0170 0.4642| 0.0176] 0.4296| 0.0167| 0.4351
0.1463| 1.4513| 0.8172 0.2464 0.0750| 0.2212| 0.0897| 0.2240| 0.0679
0.1306] 1.0073| 1.5051 0.0545 0.0390| 0.0565| 0.0542| 0.0575| 0.0344

0.505| 1.9667| 0.0360 0.0883 0.0078| 0.0338] 0.0121| 0.0939| 0.0065

3.8553| 0.6013| 0.2585 0.0038 0.0097| 0.0030| 0.0172] 0.0046| 0.0079

An analysis for a sample of 25 values was next made. The joint distributions
calculated for a sample of 25 were very &mfo the joint distributions calculated for
a sample of 10, so a table of the results for a sample of 25 was not presented. For a
sample of 25, the choice of copula family was again observed to have minimal impact
on the joint distributions. The joictlfs were observed to vary by no more the392
based on the three different copula families. The maximum joint cdf value for this
sample again did not exceed 0.6. If a combination of the largest riverine, tidal, and
pluvial flood depth samples were toaur within this population, the maximum joint
cdf value would exceed 0.89. This suggests that due to sampling variation a sample
of 25 may still be too small to fully define the population of the joint distribution.
Trends in the joint pdfs and cdfs weamnot observed based on the tables of values;
however, it is possible that because the distributions cannot be visualized existing

trends cannot be discerned.

Joint distributions were next calculated for a sample of 50 riverine, tidal, and

pluvial flooddepths. Table-@5 provides the joint distributions for this scenario.
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The impact of the choice of copula families on the joint distributions was again
observed to be minimal. The differences in joint cdf values based on the copula
families were not aferved to exceed 3%. As the sample size has increased the
maximum joint cdf value has also been observed to increase. For a sample of 50, the
maximum joint cdf value has increased to above 0.75, which is closer to the results
that would be expected froencumulative distribution. The joint distributions
developed for each sample size were visually compared to determine whether there
were any trends in the joint cdfs or pdfs for similar combinations of riverine, tidal,
and pluvial flood depths. Such taswere not observed; however, because the
distributions could not be visualized, it is possible that there may be trends that are
not evident in tables of values. Based on the results observed for two flood sources;
however, the sample size was not expedo significantly impact the joint

distributions.

Table 6-25: Joint PDFs and CDFs Calculated for a Sample Size of 50

Riverine | Tidal Pluvial

Flood Flood Flood Gumbet | Gumbel

Depth Depth Depth Hougaard| Hougaard| Clayton | Clayton | Frank Frank

(ft) (ft) (ft) pdf cdf pdf cdf pdf cdf
1.1092| 1.5744| 0.5649 0.0601 0.2189| 0.0595| 0.2093| 0.0584| 0.2187
0.5794| 4.0352| 0.4975 0.0041 0.2479| 0.0055| 0.2417| 0.0050| 0.2480
2.2926| 2.1996| 0.4259 0.0220 0.3247| 0.0229| 0.3099| 0.0224| 0.3201
0.0038| 1.7635| 0.8139 0.5076 0.0147| 0.4188| 0.0161| 0.4724| 0.0145
5.9868| 2.0517| 1.9953 0.0009 0.6746| 0.0007| 0.6598| 0.0009| 0.6642
1.2359| 2.3238| 1.6990 0.0075 0.4745| 0.0074| 0.4562| 0.0081| 0.4655
0.1463| 1.4513| 0.8172 0.1369 0.0892| 0.1334| 0.0897| 0.1285| 0.0901
0.1306| 1.0073| 1.5051 0.0543 0.0626| 0.0561| 0.0656| 0.0532| 0.0633
0.5050| 1.9667| 0.0360 0.2283 0.0301| 0.2091| 0.0332| 0.2169| 0.0303
3.8553| 0.6013| 0.2585 0.0133 0.0525| 0.0137| 0.0555| 0.0130| 0.0529
1.6877| 0.3688| 0.3059 0.0288 0.0257| 0.0260| 0.0288| 0.0274| 0.0258
0.0105| 2.3460| 0.3493 0.4078 0.0211| 0.3713| 0.0235| 0.3897| 0.0210
0.0161| 0.9608| 1.9868 0.0681 0.0199| 0.0697| 0.0232| 0.0701| 0.0198
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0.4584| 0.3734| 1.5774 0.0119 0.0304| 0.0117| 0.0333] 0.0117| 0.0305
0.0028] 1.9336] 0.1655 1.7485 0.0058| 1.4917| 0.0078] 1.7331] 0.0056
2.5557| 0.4966| 0.7074 0.0105 0.0632| 0.0104] 0.0639| 0.0096| 0.0630
0.1181| 0.5485| 0.0031 1.2003 0.0005| 1.4005| 0.0014| 1.2266| 0.0004
2.0325| 0.7162] 0.1531 0.0552 0.0417| 0.0528| 0.0457| 0.0533] 0.0423
2.2027| 1.2558| 0.2441 0.0517 0.1289| 0.0519| 0.1271] 0.0494| 0.1300
0.0334| 2.1223| 0.1882 0.4662 0.0259| 0.4374| 0.0296| 0.4517| 0.0260
0.5331| 2.5339| 1.0237 0.0216 0.2961| 0.0237| 0.2843| 0.0223| 0.2923
2.1586| 3.2144| 1.9531 0.0015 0.6812| 0.0011] 0.6656| 0.0015| 0.6702
3.0516] 1.6912] 0.4613 0.0205 0.2923| 0.0215] 0.2793] 0.0209| 0.2893
3.3222| 2.2125| 0.4165 0.0127 0.3524| 0.0136| 0.3377] 0.0133] 0.3469
2.6521] 1.5382] 0.0045 0.0881 0.0086| 0.0696| 0.0097| 0.0842| 0.0084
1.7418| 2.2556] 0.0410 0.0544 0.0586| 0.0542| 0.0591| 0.0497| 0.0583
5.9349] 1.5450| 0.7219 0.0038 0.3683| 0.0043| 0.3549| 0.0043| 0.3640
2.7991| 0.6912]| 0.%78 0.0216 0.0742| 0.0217| 0.0758| 0.0205| 0.0748
0.8908| 2.3390| 1.2676 0.0152 0.3861| 0.0159| 0.3696| 0.0160| 0.3795
1.7783| 2.5741] 1.9451 0.0035 0.5905| 0.0031] 0.5718] 0.0037] 0.5791
2.0397| 0.5936| 0.0050 0.1170 0.0026| 0.1080| 0.0042| 0.1169| 0.0024
0.6548| 2.8419| 0.2303 0.0392 0.1557| 0.0437| 0.1530] 0.0396| 0.1564
1.5845| 1.3740] 0.5491 0.0468 0.2095| 0.0468| 0.2008| 0.0454| 0.2093
2.3893| 1.2985| 0.1957 0.0503 0.1190| 0.0508| 0.1179| 0.0480| 0.1200
0.0317] 0.8275] 0.4913 0.4557 0.0150| 0.4126] 0.0190] 0.4565| 0.0151
1.9830| 0.6023| 0.2434 0.0404 0.0437| 0.0383] 0.0472] 0.0386| 0.0442
0.1724| 1.4101] 0.2477 0.3418 0.0507| 0.3143]| 0.0545| 0.3327| 0.0520
2.7613| 0.0744| 1.0835 0.0017 0.0177| 0.0015| 0.0183| 0.0016| 0.0174
0.4493] 1.9860| 1.9517 0.0119 0.2736| 0.0138] 0.2641] 0.0126| 0.2708
0.0737| 2.4420| 0.%55 0.1052 0.0827| 0.1088| 0.0829| 0.0985| 0.0827
5.9161| 0.9561| 1.9255 0.0006 0.2534| 0.0008| 0.2482| 0.0007| 0.2506
1.1116f 1.0163] 1.0728 0.0285 0.1602| 0.0294| 0.1558| 0.0272] 0.1604
3.6203| 3.7034| 1.6821 0.0008 0.7805| 0.0004| 0.7667| 0.0005| 0.7698
0.3609| 1.1603| 0.0040 0.7512 0.0028| 0.6252| 0.0043| 0.7696| 0.0027
1.5643| 0.0048]| 0.5155 0.0073 0.0084| 0.0057| 0.0098| 0.0070| 0.0083
3.7035| 2.9762| 0.4539 0.0040 0.4339| 0.0045| 0.4204| 0.0046| 0.4270
0.0009| 0.5526| 0.0609 5.7175 0.0004| 7.3480| 0.0011] 5.7572] 0.0003
0.1282| 1.1263| 1.0026 0.1163 0.0649| 0.1134| 0.0675| 0.1108| 0.0658
0.1062] 1.0124| 0.5755 0.2443 0.0408| 0.2252| 0.0448| 0.2372] 0.0416
0.0914| 1.0541| 0.0303 1.0546 0.0059| 0.9987| 0.0092] 1.1049| 0.0058
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The final scenario evaluated for varying sample sizes involved a sample size
of 100. The joint distributions were similar to those presented for a sample size of 50
So a table of the joint distributions for a sample size of 100 was not presented. For a
sample size of 100 the copula family again had minimal impact on the joint
distributions. Variations in the joint cdf values of onk3% were observed based on
the different copula families. The maximum joint cdf value further increased as the
sample size increased. For a sample size of 100 the maximum joint cdf value was
above 8. This suggests that as the sample size increased the sample was a better
representation of the joint distribution population. The joint pdf and cdf values were
compared across sample sizes for similar combinations of riverine, tidal, and pluvial
flood depths to determine whether or not the sample size influenced the joint
distribution values. However, trends in the joint distributions related to sample size
were not observed. Trends may have existed that were not apparent in tables of the
joint distributions; however, trends were not expected given the results observed for
two flood sources. An indirect impact on the joint distributions may be attributed to
sample size, in that the cdfs calculated for each of the three flood source samples
become moraccurate as the sample size increases. This should suggest that the joint

cdfs and pdfs calculated also become more accurate as sample size increases.

6.2.4.2.2. Effects of Varying Sample Correlation

For the six levels of sample correlation considetleel most appropriate
copula family was first identified and then the identified copula families were used to
develop joint distributions. The results of these steps are presented in the following

sections.
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6.2.4.2.2.1. Copula Fitting to Develop Joint Mikbutions

For the samples with varying levels of correlation, the copula parameters and
the AIC values are presented in Tabl2® For all six scenarios, the parameters met
the requirements that the Gumibbugaard parameter be greater than 1.0 and tha
the Clayton and Frank parameters be greater than 0.0. It was observed that a
decreased level of correlation between the riverine and pluvial, the tidal and pluvial,
or the riverine and tidal samples resulted in decreased copula parameters, while
increa®d levels of correlation between the samples resulted in increased copula
parameters. The parameters for scenario RHA, which had high correlations between
all three flood sources, were the highest parameter values, while the parameters for
scenario RLA, wkich had low correlation between all three flood sources, were the
lowest parameter values. A similar trend in copula parameters was identified when
only two flood sources were examined. The level of correlation between the samples
was expected to influree the copula parameters because the parameters were
calculated based on the ranks of the data in the three flood source samples, which

would be influenced by the level of correlation between the samples.

Though trends were identified in the copula pagger variations due to the
level of sample correlation, the differences between the copula parameters was quite
small from one scenario to the other. Thus, it was not expected that the differences in
copula parameters would result in significant diffeesnin the joint distributions.
The joint distributions were calculated using the copula parameters from scenario
RLA and the samples from scenario RHA and the joint distributions were compared.

The joint cdfs based on the two different parameters vagadeen 1% and 4%,
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which was not a significant difference. When two flood sources were examined, it
was determined that the level of correlation could result in significant differences
between the samples; however, a broader range of levels of correlascexamined

in that case. For higher levels of correlation between the samples, it can be expected
that a more significant difference between the copula parameters would be apparent
for three flood sources as well because the higher correlation betvestiood

sources represents a different relationship between them that must be modeled by the
copula. The AIC values were examined to determine the most appropriate family to
represent each scenario. The Guntheligaard family produced the lowest AIC

value for each scenario, suggesting that it was the most appropriate family to use in

representing all six scenarios.

Table 6-26: Copula Family Parameters and AIC Values Calculated for Three Simulated Sources with
Varying Levels of Correlation between Samples

Gumbet | Gumbel

Hougaard| Hougaard| Clayton | Clayton | Frank Frank

Alpha AIC Alpha AIC Alpha AIC
RHA 1.1964| -6.9299| 0.2559| 2.0004| 1.4392| -5.3409
RHLH 1.1707 -5.205| 0.2276| 2.3404| 1.2307| -3.4997
RHLL 1.1356| -2.8447| 0.1695| 3.3645| 0.9/61| -1.2641
RLA 1.075 -0.089| 0.0843| 2.4599| 0.5388| 0.8291
RLHH 1.1317| -2.2034| 0.1593| 2.6769 0.955| -0.8578
RLHL 1.0952| -1.0454| 0.1288| 2.1756| 0.6882 0.015

6.2.4.2.2.2. Calculation of Joint Distributions

Based on the parameter values previously calculptied pdfs and cdfs were
calculated for the various correlation scenarios. Though the AIC values indicated that
the GumbeHougaard copula family was the most appropriate family to use in

representing all of the correlation scenarios, joint pdfs andnweetis developed using
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all three copula families, to determine how significant a difference the choice of

copula family could have on the results.

The first correlation scenario to be assessed was scenario RHA, which had

relatively high levels of correfmn between all three flood source samples. Table 6

28 provides the joint distributions calculated for correlation scenario RHA. The

choice of copula family was observed to have minimal impact on the joint

distributions, as was observed for the scemsanith varying sample size. The joint

cdfs were observed to vary by no more than 3% based on the different copula

families. The maximum joint cdf value was above 0.8, which may be due to the fact

that the sample size was 50.

Table 6-27: Joint PDFs and CDFs Calculated for Correlation Scenario RHA

Riverine | Tidal Pluvial

Flood Flood Flood Gumbet | Gumbel

Depth Depth Depth Hougaard| Hougaard| Clayton | Clayton | Frank Frank

(ft) (ft) (ft) pdf cdf pdf cdf pdf cdf
1.1092| 1.6230| 0.5802 0.0640 0.2629| 0.0608| 0.2413| 0.0623| 0.2663
0.5794| 3.9886| 0.6907 0.0028 0.3128| 0.0048| 0.2971| 0.0041| 0.3133
2.2926| 2.3254| 0.4884 0.0190 0.3985| 0.0194| 0.3675| 0.0200f 0.3917
0.0038| 1.2669| 0.7623 0.6781 0.0126| 0.4725| 0.0160| 0.6153| 0.0128
5.9868| 2.3713| 1.9955 0.0014 0.7664| 0.0006| 0.7390| 0.0011| 0.7474
1.2359| 2.3523| 1.7646 0.0073 0.5053| 0.0073| 0.4728| 0.0083| 0.4928
0.1463| 1.2803| 0.7845 0.1545 0.0897| 0.1458| 0.0917| 0.1394| 0.0943
0.1306| 1.0939| 1.1618 0.0884 0.0763| 0.0897| 0.0804| 0.0811| 0.0800
0.5050| 1.8974| 0.0479 0.2342 0.0498| 0.2106| 0.0547| 0.2081| 0.0520
3.8553| 0.8682| 0.2500 0.0164 0.0982| 0.0189| 0.1005| 0.0158| 0.1023
1.6877| 0.5270| 0.2753 0.0375 0.0391| 0.0328| 0.0444| 0.0335| 0.0407
0.0105| 1.8907| 0.3639 0.5728 0.0238| 0.4494| 0.0277| 0.5004| 0.0243
0.0161| 0.6359| 1.8014 0.0612 0.0123| 0.0684| 0.0186| 0.0636| 0.0122
0.4584| 0.3764| 1.4060 0.0112 0.0266| 0.0103| 0.0311| 0.0102| 0.0272
0.0028| 1.4030| 0.1625 2.9282 0.0062| 2.1104| 0.0101| 3.0046| 0.0062
2.5557| 0.7074| 0.6550 0.0134 0.1017| 0.0142| 0.1003| 0.0113| 0.1035
0.1181| 0.4131| 0.0050 1.4194 0.0009| 1.8693| 0.0035| 1.5369| 0.0007
2.0325| 0.8856| 0.1487 0.0671 0.0673| 0.0647| 0.0726] 0.0620f 0.0711
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2.2027| 1.4158| 0.2559 0.0523 0.1829| 0.0532] 0.1734| 0.0492| 0.1880

0.0334] 1.7773] 0.2011 0.6339 0.0316] 0.5473] 0.0380] 0.5876] 0.0331

0.5331] 2.4443| 1.0994 0.0199 0.3209| 0.0233] 0.2991] 0.0206| 0.3173

2.1586| 3.2799| 1.9566 0.0018 0.6971| 0.0012] 0.6697| 0.0018| 0.6800

3.0516] 1.8840| 0.5005 0.0189 0.3751| 0.0194| 0.3454] 0.0198] 0.3704

3.3222| 2.3959| 0.4851 0.0101 0.4364| 0.0108] 0.4064| 0.0112] 0.4271

2.6521] 1.7154| 0.0003 0.1139 0.0020] 0.0392] 0.0023] 0.1078] 0.0019

1.7418| 2.3369| 0.0618 0.0384 0.1006| 0.0426| 0.0987| 0.0319| 0.1014

5.9349| 1.8980| 0.7728 0.0035 0.5009| 0.0038| 0.4699| 0.0043| 0.4907

2.7991] 0.9079] 0.3532 0.0262 0.1207| 0.0278| 0.1194| 0.0240| 0.1250

0.8908| 2.3224| 1.3345 0.0146 0.4159| 0.0154| 0.3859| 0.0157| 0.4077

1.7783| 2.6434| 1.9958 0.0038 0.6196| 0.0030] 0.5871] 0.0041| 0.6026

2.0397| 0.7684| 0.0043 0.1671 0.0050| 0.1318] 0.0085| 0.1645| 0.0048

0.6548| 2.7650| 0.2918 0.0346 0.2070| 0.0417| 0.1970] 0.0357] 0.2111

1.5845| 1.4810] 0.5576 0.0505 0.2637| 0.0487| 0.2424| 0.0492| 0.2667

2.3893| 1.4691| 0.2097 0.0487 0.1728| 0.0506| 0.1646| 0.0454| 0.1773

0.0317] 0.5649| 0.4275 0.4431 0.0101] 0.4019| 0.0169| 0.4615] 0.0102

1.9830] 0.3521] 0.1870 0.0246 0.0184| 0.0205| 0.0236| 0.0228| 0.0188

0.1724| 1.2574| 0.2444 0.4160 0.0575| 0.3605] 0.0642] 0.4096| 0.0623

2.7613| 0.3145| 0.9637 0.0025 0.0328| 0.0022| 0.0338| 0.0020| 0.0327

0.4493| 1.9022| 1.9146 0.0122 0.2840| 0.0158| 0.2671] 0.0132] 0.2829

0.0737] 2.1517| 0.6326 0.1160 0.0916] 0.1185] 0.0911] 0.0970] 0.0935

5.9161| 1.5659| 1.9953 0.0008 0.5239| 0.0010| 0.5034| 0.0011| 0.5138

1.1116] 1.0907| 1.0225 0.0324 0.1916] 0.0338] 0.1808| 0.0302] 0.1953

3.6203| 3.8012| 1.9476 0.0009 0.8143| 0.0003| 0.7916| 0.0006| 0.7974

0.3609| 1.0961]| 0.0025 1.1729 0.0033] 0.7852| 0.0061] 1.2585| 0.0032

1.5643| 0.1709| 0.4412 0.0092 0.0119| 0.0060] 0.0144| 0.0081] 0.0119

3.7035| 3.1338| 0.5743 0.0030 0.5262| 0.0033| 0.4996| 0.0038| 0.5143

0.0009] 1.0921| 0.0275| 14.0654 0.0009| 14.6188| 0.0031] 14.9743] 0.0008

0.1282| 0.9630| 0.9286 0.1265 0.0595| 0.1209| 0.0655| 0.1168| 0.0628

0.1062| 1.1000| 0.3893 0.3878 0.0479| 0.3353] 0.0550] 0.3776] 0.0516

0.0914| 0.8650| 0.0282 1.4882 0.0071] 1.4329| 0.0137] 1.7056| 0.0071

Scenarios RHLH and RHLL resulted in very similar joint distributions so the
results of RHLL only are presented. Tabig&presents the joimlistributions for
this scenario. As was observed for scenario RHA, the choice of copula family had
minimal impact on the joint distributions. The joint cdf values based on the different

copula families did not vary by more than 3%. The joint distrilmstivere also
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compared to those developed for scenarios with higher levels of correlation between
the samples, including scenarios RHA and RHLH. As the level of correlation
between the flood depth samples decreased the joint cdf values were observed to
deaease as well. However, the differences in joint cdfs based on the different levels
or correlation were still fairly small, on the order of approximately 5%. However, the
difference in levels of correlation between these scenarios was only moderate. For
more significant change in levels of correlation between the samples a more
significant impact on the joint distributions would be expected, based on the results

observed when two flood sources were previously evaluated.

Table 6-28: Joint PDFs and CDFs Calculated for Correlation Scenario RHLL

Riverine | Tidal Pluvial

Flood Flood Flood Gumbe} | Gumbel

Depth Depth Depth Hougaard| Hougaard| Clayton | Clayton | Frank Frank

(ft) (ft) (ft) pdf cdf pdf cdf pdf cdf
1.1092| 1.6230| 0.5598 0.0640 0.2355| 0.0622| 0.2197| 0.0619| 0.2360
0.5794| 3.9886| 0.5090 0.0042 0.2552| 0.0061| 0.2451| 0.0054| 0.2558
2.2926| 2.3254| 0.3932 0.0196 0.3269| 0.0210| 0.3071| 0.0202| 0.3218
0.0038| 1.2669| 1.0336 0.4943 0.0121| 0.4009| 0.0143| 0.4662| 0.0120
5.9868| 2.3713| 1.9951 0.0011 0.7577| 0.0005| 0.7370| 0.0009| 0.7426
1.2359| 2.3523| 1.7230 0.0075 0.4895| 0.0073| 0.4642| 0.0082| 0.4782
0.1463| 1.2803| 0.9069 0.1347 0.0842| 0.1305| 0.0847| 0.1248| 0.0861
0.1306| 1.0939| 1.6695 0.0459 0.0742| 0.0501| 0.0764| 0.0450| 0.0757
0.5050| 1.8974| 0.0401 0.2280 0.0336| 0.2053| 0.0369| 0.2116| 0.0341
3.8553| 0.8682| 0.2226 0.0189 0.0793| 0.0206| 0.0813| 0.0185| 0.0810
1.6877| 0.5270| 0.2901 0.0383 0.0340| 0.0347| 0.0375| 0.0358| 0.0345
0.0105| 1.8907| 0.4519 0.5347 0.0227| 0.4545| 0.0252| 0.4882| 0.0228
0.0161| 0.6359| 1.9679 0.0557 0.0108| 0.0610| 0.0148| 0.0591| 0.0105
0.4584| 0.3764| 1.6698 0.0090 0.0247| 0.0088| 0.0276|/ 0.0087| 0.0248
0.0028| 1.4030| 0.2454 2.2813 0.0061| 1.7855| 0.0086| 2.2969| 0.0060
2.5557| 0.7074| 0.6658 0.0151 0.0938| 0.0157| 0.0923| 0.0136| 0.0942
0.1181| 0.4131| 0.0029 1.0921 0.0003| 1.4639| 0.0012| 1.0894| 0.0003
2.0325| 0.8856| 0.1391 0.0682 0.0529| 0.0654| 0.0566| 0.0648| 0.0543
2.2027| 1.4158| 0.2224 0.0544 0.1461| 0.0551| 0.1406| 0.0512| 0.1480
0.0334| 1.7773| 0.2392 0.5874 0.0287| 0.5235| 0.0327| 0.5585| 0.0292
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0.5331| 2.4443| 1.0658 0.0222 0.3033| 0.0248| 0.2861| 0.0229| 0.2990

2.1586] 3.2799| 1.9324 0.0016 0.6867| 0.0011] 0.6655| 0.0016| 0.6726

3.0516] 1.8840| 0.4172 0.0198 0.3140| 0.0210] 0.2946| 0.0202| 0.3100

3.3222| 2.3959| 0.3708 0.0105 0.3487| 0.0119] 0.3301| 0.0112] 0.3425

2.6521] 1.7154| 0.0046 0.0656 0.0097| 0.0491] 0.0107] 0.0604| 0.0096

1.7418| 2.3369| 0.0366 0.0427 0.0552| 0.0436| 0.0553| 0.0375| 0.0550

5.9349| 1.8980| 0.6177 0.0039 0.4308] 0.0044| 0.4092] 0.0046| 0.4236

2.7991| 0.9079| 0.3334 0.0289 0.1032] 0.0299| 0.1024| 0.0273] 0.1051

0.8908| 2.3224| 1.2922 0.0154 0.3968| 0.0160| 0.3734| 0.0164| 0.3888

1.7783| 2.6434] 1.9733 0.0035 0.6071| 0.0028| 0.5820| 0.0037| 0.5926

2.0397| 0.7684| 0.0043 0.1385 0.0032|] 0.1163] 0.0051| 0.1386| 0.0030

0.6548| 2.7650| 0.2344 0.0394 0.1606| 0.0451] 0.1553] 0.0396| 0.1622

1.5845| 1.4810] 0.5298 0.0512 0.2344| 0.0504| 0.2190] 0.0496| 0.2347

2.3893] 1.4691] 0.1752 0.0510 0.1327| 0.0524| 0.1285| 0.0476] 0.1342

0.0317] 0.5649| 0.5952 0.3140 0.0093| 0.2882| 0.0135] 0.3172] 0.0091

1.9830] 0.3521] 0.2267 0.0235 0.0169| 0.0205| 0.0203] 0.0224| 0.0169

0.1724| 1.2574| 0.2806 0.3692 0.0513| 0.3280] 0.0552] 0.3610] 0.0535

2.7613| 0.3145| 1.0359 0.0029 0.0314| 0.0027| 0.0319| 0.0025| 0.0310

0.4493] 1.9022| 1.9454 0.0128 0.2732| 0.0155] 0.2597| 0.0138] 0.2707

0.0737| 2.1517| 0.6846 0.1213 0.0863| 0.1240| 0.0852| 0.1082| 0.0867

5.9161| 1.5659| 1.8470 0.0010 0.5104| 0.0012] 0.4932| 0.0013] 0.5011

1.1116] 1.0907| 1.0806 0.0315 0.1805| 0.0327| 0.1716] 0.0298| 0.1813

3.6203| 3.8012| 1.6117 0.0009 0.7763| 0.0004| 0.7572] 0.0006| 0.7622

0.3609| 1.0961| 0.0040 0.8030 0.0028| 0.6285| 0.0046| 0.8394| 0.0026

1.5643| 0.1709| 0.5000 0.0095 0.0109| 0.0072| 0.0126| 0.0088| 0.0108

3.7035] 3.1338] 0.4006 0.0030 0.4075| 0.0038| 0.3915] 0.0037| 0.4004

0.0009| 1.0921] 0.1209 6.3821 0.0016] 5.5135] 0.0032] 6.7585| 0.0014

0.1282| 0.9630| 1.1153 0.1013 0.0555| 0.0995| 0.0589| 0.0962| 0.0568

0.1062] 1.1000| 0.6606 0.2361 0.0514| 0.2158] 0.0549| 0.2239| 0.0530

0.0914| 0.8650| 0.0437 1.0495 0.0064| 0.9927| 0.0107] 1.1442| 0.0063

The next scenario to be used to develop joint pdfs and cdfs was scenario RLA,
which had low correlation between all three flood source samples. T2Ble 6
presents the joint distributions calculated for this scenario. As with the other
scenarios, the choice of copula family had minimal impact on the joint distributions.
The joint cdfs typically varied by no more than 2% based on the copula family used

in their calculation. The joint distributions were also compared to those calculated for
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different levels of correlation in order to determine the impact of the correlation
between the samples. The joint cdf values were observed to decrease by up to 6% as
compared to the joint distributions for scenario RHA, which had high levels of
correlation between all three flood sources. When two flood sources were evaluated,
the level of correlation was observed to have a more significant impact on the joint
distributions. However, for two flood sources a wider range of correlations were
evaluated. It is expected that if the difference in the levels of correlation between the
samples for these two scenarios was more significant the impact on the joint
distributionswould also be more significant. It is also possible that the full impact of
the levels of correlation on the joint distributions was not evident based on the tables
of values. Since the joint distributions for three flood sources could not be visualized

it is possible that trends in the joint distributions were not fully evident.

Table 6-29: Joint PDFs and CDFs Calculated for Correlation Scenario RLA

Riverine | Tidal Pluvial

Flood Flood Flood Gumbet | Gumbel

Depth Depth Depth Hougaard| Hougaard| Clayton | Clayton | Frank Frank

(ft) (ft) (ft) pdf cdf pdf cdf pdf cdf
1.1092| 1.5744| 0.5593 0.0583 0.2107| 0.0575| 0.2004| 0.0567| 0.2101
0.5794| 4.0352| 0.5156 0.0041 0.2476| 0.0052| 0.2404| 0.0049| 0.2471
2.2926| 2.1996| 0.3907 0.0221 0.3027| 0.0228| 0.2896| 0.0224| 0.2990
0.0038| 1.7635| 1.0607 0.3621 0.0154| 0.3330f 0.0159| 0.3431| 0.0152
5.9868| 2.0517| 1.9947 0.0008 0.6679| 0.0006| 0.6552| 0.0008| 0.6591
1.2359| 2.3238| 1.7260 0.0071 0.4680| 0.0069| 0.4518| 0.0076| 0.4603
0.1463| 1.4513| 0.9167 0.1172 0.0892| 0.1162| 0.0873| 0.1114| 0.0895
0.1306| 1.0073| 1.6772 0.0447 0.0612| 0.0467| 0.0618| 0.0443| 0.0616
0.5050| 1.9667| 0.0409 0.2276 0.0330f 0.2164| 0.0341| 0.2186| 0.0331
3.8553| 0.6013| 0.2181 0.0146 0.0457| 0.0151| 0.0468| 0.0145| 0.0459
1.6877| 0.3688| 0.2870 0.0296 0.0236| 0.0276| 0.0250f 0.0286| 0.0236
0.0105| 2.3460| 0.4662 0.3325 0.0236| 0.3198| 0.0244| 0.3180| 0.0235
0.0161| 0.9608| 1.9573 0.0766 0.0189| 0.0788| 0.0205| 0.0781| 0.0188
0.4584| 0.3734| 1.6741 0.0111 0.0294| 0.0112| 0.0306| 0.0109| 0.0293
0.0028| 1.9336| 0.2565 1.3748 0.0071| 1.2209| 0.0082| 1.3518| 0.0070
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2.5557| 0.4966| 0.6585 0.0115 0.0591| 0.0116] 0.0585| 0.0108| 0.0589
0.1181] 0.5485| 0.0035 1.1620 0.0005| 1.2585| 0.0011] 1.1781] 0.0005
2.0325| 0.7162| 0.1372 0.0570 0.0374| 0.0550| 0.0389| 0.0556| 0.0377
2.2027| 1.2558| 0.2200 0.0531 0.1173] 0.0532] 0.1138] 0.0511] 0.1179
0.0334] 2.1223]| 0.2464 0.4041 0.0294| 0.3880| 0.0308] 0.3913| 0.0294
0.5331| 2.5339| 1.0725 0.0201 0.2940| 0.0216| 0.2826| 0.0207| 0.2904
2.1586| 3.2144| 1.9330 0.0015 0.6730] 0.0011] 0.6595| 0.0014| 0.6637
3.0516| 1.6912| 0.4127 0.0212 0.2682| 0.0219| 0.2564| 0.0214| 0.2658
3.3222| 2.2125| 0.3670 0.0130 0.3216| 0.0138| 0.3091| 0.0135| 0.3173
2.6521] 1.5382] 0.0046 0.0989 0.0092| 0.0882] 0.0098| 0.0956| 0.0090
1.7418| 2.2556| 0.0365 0.0592 0.0545| 0.0605| 0.0540| 0.0553| 0.0542
5.9349] 1.5450| 0.6062 0.0043 0.3320] 0.0047| 0.3203] 0.0047| 0.3290
2.7991| 0.6912| 0.3286 0.0231 0.0671| 0.0233] 0.0668| 0.0222| 0.0674
0.8908| 2.3390] 1.2961 0.0144 0.3804| 0.0147| 0.3653] 0.0150| 0.3746
1.7783| 2.5741] 1.9741 0.0033 0.5843| 0.0028] 0.5682| 0.0034| 0.5747
2.0397| 0.5936| 0.0043 0.1288 0.0023| 0.1223] 0.0032] 0.1287| 0.0022
0.6548| 2.8419]| 0.2365 0.0389 0.1555| 0.0425| 0.1508] 0.0393| 0.1556
1.5845| 1.3740| 0.5273 0.0466 0.1986| 0.0463| 0.1892] 0.0453| 0.1981
2.3893] 1.2985| 0.1730 0.0521 0.1070| 0.0525| 0.1043] 0.0501] 0.1075
0.0317| 0.8275| 0.6063 0.3601 0.0154| 0.3329| 0.0173] 0.3579| 0.0154
1.9830] 0.6023| 0.2227 0.0417 0.0397| 0.0401| 0.0409| 0.0403| 0.0400
0.1724] 1.4101] 0.2846 0.3055 0.0526] 0.2852| 0.0532] 0.2974| 0.0534
2.7613| 0.0744| 1.0252 0.0020 0.0168| 0.0019| 0.0171] 0.0019| 0.0166
0.4493] 1.9860| 1.9481 0.0125 0.2679| 0.0140] 0.2585| 0.0131] 0.2653
0.0737| 2.4420| 0.6970 0.0910 0.0859| 0.0958| 0.0841| 0.0864| 0.0855
5.9161] 0.9561] 1.8127 0.0008 0.2478| 0.0010] 0.2426] 0.0009| 0.2453
1.1116f 1.0163] 1.0790 0.0282 0.1550| 0.0288| 0.1491| 0.0272] 0.1548
3.6203| 3.7034| 1.6089 0.0007 0.7647| 0.0004| 0.7528| 0.0005| 0.7556
0.3609| 1.1603| 0.0005 1.2878 0.0005| 1.0730] 0.0008] 1.3155| 0.0005
1.5643| 0.0048| 0.4953 0.0077 0.0078| 0.0066| 0.0086| 0.0074| 0.0077
3.7035] 2.9762| 0.3971 0.0041 0.3966] 0.0046| 0.3856| 0.0046| 0.3914
0.0009| 0.5526| 0.1280 3.8780 0.0005| 4.1232| 0.0010| 3.9302| 0.0005
0.1282| 1.1263| 1.1264 0.0974 0.0642| 0.0968| 0.0642| 0.0939| 0.0647
0.1062] 1.0124| 0.6642 0.2054 0.0410] 0.1934| 0.0422] 0.1997| 0.0414
0.0914| 1.0541| 0.0453 0.9153 0.0076| 0.8483] 0.0095| 0.9470| 0.0075

Scenarios RLHH and RLHL were observed to hanelar joint distributions

so only the results of scenario RLHH were presented. TaBlegsovides the joint

distributions for scenario RLHH. The choice of copula family was not observed to
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lead to significant differences in the joint distributions.e Jdint cdfs were observed

to vary by only 23% based on the copula family. More significant impact based on
the copula family was observed in some cases for two flood sources; however, the
copula family was observed to have the most impact on the jetnbdtions when

the level of correlation between the flood depth samples was quite high. However, a
wider range of levels of correlation were assessed for two flood sources than for
three, so it is possible that a more significant difference in josttilolitions would be
evident for a higher level of correlation. The joint distributions were also compared
to those developed for other levels of correlation. As compared to scenario RLA,
which had low correlation between all three samples, the jointaddés were

observed to increase. This reinforces the conclusion previously drawn that for
decreasing levels of correlation between the samplesthe of thgoint

distributions decreased and for increasing levels of correlation between the samples

the values of thgoint cdfs also increased.

Table 6-30: Joint PDFs and CDFs Calculated for Correlation Scenario RLHH

Riverine | Tidal Pluvial

Flood Flood Flood Gumbet | Gumbel

Depth Depth Depth Hougaard| Hougaard| Clayton | Clayton | Frank Frank

(ft) (ft) (ft) pdf cdf pdf cdf pdf cdf
1.1092| 1.5744| 0.5784 0.0590 0.2351| 0.0573| 0.2189| 0.0571| 0.2358
0.5794| 4.0352| 0.7154 0.0027 0.3059| 0.0040| 0.2932|] 0.0037| 0.3046
2.2926| 2.1996| 0.4795 0.0210 0.3641| 0.0212| 0.3405| 0.0216| 0.3579
0.0038| 1.7635| 0.8307 0.4385 0.0158| 0.3578| 0.0171| 0.3938| 0.0157
5.9868| 2.0517| 1.9954 0.0010 0.6787| 0.0007| 0.6587| 0.0010| 0.6656
1.2359| 2.3238| 1.7790 0.0070 0.4865| 0.0069| 0.4616| 0.0078| 0.4757
0.1463| 1.4513| 0.8119 0.1319 0.0952| 0.1284| 0.0935| 0.1211| 0.0970
0.1306| 1.0073| 1.181 0.0822 0.0633| 0.0824| 0.0654| 0.0780| 0.0648
0.5050| 1.9667| 0.0495 0.2211 0.0460| 0.2066| 0.0484| 0.2048| 0.0469
3.8553| 0.6013| 0.2341 0.0130 0.0548| 0.0139| 0.0573| 0.0126| 0.0558
1.6877| 0.3688| 0.2654 0.0301 0.0266| 0.0269| 0.0297| 0.0282| 0.0270
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0.0105| 2.3460| 0.409 0.3318 0.0248| 0.3046| 0.0267| 0.3054| 0.0248
0.0161] 0.9608| 1.8842 0.0724 0.0213| 0.0756| 0.0246| 0.0736| 0.0213
0.4584| 0.3734] 1.4193 0.0138 0.0319| 0.0135] 0.0346| 0.0131] 0.0322
0.0028| 1.9336| 0.1876 1.5810 0.0072| 1.2882| 0.0094| 1.5446| 0.0071
2.5557| 0.4966| 0.630 0.0106 0.0641| 0.0108] 0.0639| 0.0094| 0.0643
0.1181| 0.5485| 0.0036 1.5493 0.0009| 1.7027| 0.0023| 1.6366| 0.0008
2.0325| 0.7162] 0.1415 0.0567 0.0457| 0.0542] 0.0491] 0.0540] 0.0468
2.2027| 1.2558| 0.2468 0.0508 0.1428| 0.0512] 0.1370] 0.0482| 0.1451
0.0334| 2.1223| 0.2196 0.4149 0.0323| 0.3889| 0.0355| 0.3911| 0.0328
0.5331] 2.5339] 1.1223 0.0182 0.3135] 0.0205] 0.2962] 0.0190] 0.3089
2.1586| 3.2144| 1.9694 0.0017 0.6864| 0.0011] 0.6655| 0.0017| 0.6726
3.0516] 1.6912] 0.4851 0.0198 0.3161| 0.0206] 0.2956| 0.0203| 0.3127
3.3222| 2.2125| 04711 0.0121 0.3950| 0.0126| 0.3719| 0.0129| 0.3874
2.6521] 1.5382] 0.0004 0.1616 0.0019| 0.0929| 0.0023] 0.1596| 0.0018
1.7418| 2.2556| 0.0601 0.0500 0.0905| 0.0533] 0.0884| 0.0444| 0.0905
5.9349| 1.5450| 0.7351 0.0036 0.3826| 0.0042| 0.3631] 0.0042| 0.3776
2.7991] 0.6912] 0.337/5 0.0215 0.0771| 0.0219| 0.0775] 0.0200| 0.0784
0.8908| 2.3390| 1.3499 0.0138 0.4017| 0.0143] 0.3786| 0.0147| 0.3938
1.7783| 2.5741] 1.9350 0.0039 0.5967| 0.0032] 0.5711] 0.0042] 0.5825
2.0397| 0.5936| 0.0049 0.1375 0.0036| 0.1254| 0.0057| 0.1371| 0.0034
0.6548| 2.8419| 0.2%81 0.0335 0.1977| 0.0387| 0.1887| 0.0346| 0.1989
1.5845| 1.3740| 0.5497 0.0464 0.2228| 0.0457| 0.2081] 0.0448| 0.2236
2.3893| 1.2985| 0.2011 0.0492 0.1343| 0.0502| 0.1295| 0.0466| 0.1364
0.0317] 0.8275] 0.4538 0.4859 0.0165| 0.4280| 0.0207| 0.4883| 0.0168
1.9830] 0.6023| 0.1756 0.0465 0.0406| 0.0439| 0.0441| 0.0441| 0.0416
0.1724] 1.4101] 0.2543 0.3401 0.0584| 0.3059| 0.0609| 0.3279| 0.0608
2.7613] 0.0744| 0.9348 0.0018 0.0177| 0.0016] 0.0183] 0.0016| 0.0174
0.4493| 1.9860| 1.9244 0.0119 0.2798| 0.0143| 0.2657| 0.0127| 0.2770
0.0737] 2.4420| 0.6684 0.0843 0.0918] 0.0912] 0.0900| 0.0764| 0.0921
5.9161| 0.9561| 1.9305 0.0005 0.2559| 0.0008| 0.2488| 0.0006| 0.2528
1.1116] 1.0163] 1.0194 0.0295 0.1656| 0.0305| 0.1574] 0.0278| 0.1667
3.6203| 3.7034| 1.9496 0.0008 0.8062| 0.0003| 0.7892| 0.0005| 0.7930
0.3609| 1.1603| 0.00L7 1.1344 0.0022| 0.8578| 0.0035| 1.1811] 0.0021
1.5643| 0.0048]| 0.4279 0.0079 0.0085| 0.0059| 0.0100] 0.0074| 0.0084
3.7035| 2.9762| 0.5612 0.0038 0.5029| 0.0039| 0.4817| 0.0044| 0.4926
0.0009| 0.5526| 0.0366 8.3622 0.0004| 11.0560| 0.0013] 8.4549| 0.0003
0.1282| 1.1263| 0.9594 0.1185 0.0689| 0.1151] 0.0702| 0.1109| 0.0706
0.1062] 1.0124| 0.3958 0.3359 0.0382| 0.2978| 0.0422] 0.3302] 0.0397
0.0914| 1.0541] 0.0316 1.1966 0.0081| 1.0882| 0.0121] 1.2786| 0.0080
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6.2.5. Calculation of Combined Flood Frequency Curve

The final step of the prodere required using a triple integral to calculate the
area under the joint distributions corresponding to total flood depths. This would
provide the norexceedance probabilities that correspond to total flood depths that
were influenced by all three fldosources. This would provide information about the
flood hazard when three dependent sources were considered to impact the location.
The following sections will explain the methods used to develop the flood frequency

assessment for total flood depths.

6.2.5.1. Description oMethods

The results of the copula procedure described in section 6.2.4 were joint pdfs
and cdfs, which can provide the probability that corresponded to a specific joint
event. However, the primary interest is the probability ofreateflood depth
occurring, when that flood depth might be due to either of the sources individually, or
some combination of the three sources, such that many possible combinations could
result in the desired flood depth. Because the riverine, tidaplamil contributions
to flood inundation at the location of interest were summed in the process of
identifying annual maximum events, flood depths were also summed to identify
probabilities that corresponded to total flood depths. Within the joint bilaia
distribution, the region that corresponded to a specific total flood depth was identified
as bounded by the riverine inundation depths, tidal inundation depths, and pluvial
inundation depths axes and a triangular plane connecting the pointsl(@epittaof
interest, 0), (riverine depth of interest, 0, 0), and (0, 0, pluvial depth of interest). In

other words, the points where the flood inundation depth of interest was caused only
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by one of the sources, riverine, tidal, or pluvial, were idedtifird connected by a
plane. All of the points on this plane summed to a total depth equal to the depth of

interest to be used in flood risk assessments.

The massinder the joint probability distribution within this bounding region
represents the neexceedance probability for a given flood depth. This was
calculated using a triple integral. Within the triple integral, the lower and upper
bounds of the outer integral were 0 and total depth of interest, respectively. The

lower and upper bounds of thedule integral were 0 and:

Upper Bound =
Total Depth of Interest — Riverine Contribution to Total Depth
(6-6)
The lower and upper bounds of the inner integral were 0 and:
Upper Bound =
Total Depth of Interest — River Contribution to Total Depth —
Tidal Contribution to Total Depth
(6-7)

As an example, if the riverine flood depth was 3.5 feet, the corresponding tidal flood

depth was 3 feet, and the pluvial flodepth was 2 feet, the total flood depth of

interest would be 8.5 feet. In this scenario, the outer integral lower and upper bounds

would be 0 feet and 8.5 feet, respectively, the middle integral bounds would be 0 and

(8.5 feeti 3.5 feet), or 5 feet, arttie inner integral bounds would be O feet and (8.5

feeti 3.5 feeti 3 feet), or 2 feet. The triple integral was calculated in Matlab using

the adaptive Simpsonés method, a numeri cal
recursive algorithm to approximate timéagral based on the error in estimates

cal cul ated wusi ng -8xceagasce prabability afi daechvaluedfhe non
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total flood depth was calculated using this triple integral procedure, and then the

probabilities were plotted against the total degthues.

The final task to determining the probability of total flood depths was to
identify the appropriate distribution to represent the population. Four distributions
were fitted to the total flood depths; the LP3, the GEV, the gamma, and the normal
distributions. The GEV and gamma distributions were chosen for consideration
because they were the two marginal distributions used to represent the simulated
riverine, pluvial and tidal data. The LP3 distribution was selected for consideration
because its commonly used to represent flood data. The normal distribution was
selected for consideration because the purpose of the copula is to develop a joint
distribution when the marginals are represented by different distributions; thus, it was
believed thathe results of the copula might not follow either of the marginal

distributions.

These four distributions were fitted to the total flood depth samples using
either MLE or MOM and they were compared to the probabilities calculated for each
copula familybased on the triple integral procedure. The fitted distributions were
plotted against the total flood depths and compared to a plot of thexaeeadance
probabilities calculated hlyiple integral versus the total flood depths. These plots, as
well as pobability plot correlation coefficients, were used to determine which of the
four distributions could best represent the total flood depth populations for each
simulated scenario. The result of this process was a population from which non
exceedance praibilities corresponding to total flood depths for the location of

interest could be identified. From this distribution, the true nature of the flood hazard
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for the location of interest could be understood, which was the ultimate goal of this

research.

6.25.1. Description of Results

For each of the sample sets of varying size and varying levels of correlation,
the cumulative probabilities that correspond to total flood depths were calculated and
then various distributions were fitted to represent thogeagtnilities. The results of

these efforts are presented in the following sections.

6.2.5.1.1. Effects of Varying Sample Size

Non-exceedance probabilities were calculated for the total flood depths by
fitting four distributions to each total flood deghmple. The accuracy of these
fitted distributions was assessed by comparing the resultingxweedance
probabilities to those calculated by taking the triple integral under the joint
distribution calculated using the previously identified most appatgpcopula family.
For a sample size of 10, Table® provides the parameters fitted to the sample for
each distribution as well as the probability plot correlation coefficients, while Figure
6-22 compares each fitted distribution to the total depthptanirhe fitted
distributions were compared to the rexceedance probabilities calculated by taking
the triple integral under the joint pdf calculated using the Frank family. The
probability plot correlation coefficients suggest that the LP3 and ganstnéodtions
would both be adequate, and approximately equally, able to represent the sample.
The normal distribution would be less able to accurately represent the sample, and the
GEV distribution would not be expected to be able to represent the sainafile The

plot agrees that both the LP3 and gamma distributions represent the sample
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reasonably well while the other two distributions do not. The gamma distribution was

selected to represent the total flood depths for this sample.

Table 6-31: Parameters and Probability Plot Correlation Coefficients Calculated for LP3, GEV, Gamma,
and Normal Distributions Corresponding to Total Flood Depths for a Sample Size of 10

LP3 GEV Gamma | Normal
Shape 6.4642| 1.4078 4.9412 N/A
Scale 0.1819| 0.5827 0.879 2.3229
Location 0.1881| 2.7587 N/A 4.3433
Probability Plot
Correlation
Coefficient 0.9962| 0.8921 0.9932 0.9726

11

¢ Simulated Data
10 LP3 Distribution @
GEV Distribution

Gamma Distribution
Normal Distribution

Total Flood Depth

2 r r r r r r r r r
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
NonExceedance Probability

Figure 6-22: Comparison of the LP3, GEV, Gamma, and Normal Distributions to NorExceedance
Probabilities Calculated for Total Flood Depths for a Sample Size of 10

For the larger samples of 25, 50, and 100 the results were very similar. Thus,
the tables of parameters will be presented for all three sets of samples but the plots
comparing the fitted dtributions to the total flood depth samples will be presented
only for samples of 25 and 100. The results and implications will be discussed after
all of the results have been presented. Tali2 &nd Figure &3 provide the results

of fitting distribuions to the total flood depth sample of 25. TabRS3Grovides the
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distribution parameters and probability plot correlation coefficients for a sample of
50. Table 634 and Figure @4 provide the results for a sample of 100 total flood
depth values. &t a sample size of 25, as with the sample of 10, the fitted
distributions were compared to the rexceedance probabilities calculated based on
the Frank family. For the larger sample sizes the fitted distributions were compared
to the norexceedance pbabilities calculated using the Gumidébugaard copula

family.

Table 6-32: Parameters and Probability Plot Correlation Coefficients Calculated for LP3, GEV, Gamma,
and Normal Distributions Corresponding to Total Flood Depths fora Sample Size of 25

LP3 GEV Gamma| Normal

Shape 8.6493| -0.0643| 3.5331 N/A
Scale -0.2012| 1.6164| 1.0677 1.9532
Location 2.9201| 2.9281 N/A 3.7723
Probability Plot
Correlation
Coefficient 0.9825| 0.9778| 0.9854 0.9465

10

¢ Simulated Data
LP3 Distribution
GEYV Distribution
Gamma Distribution
va Weibull Distribution

Total Flood Depth
[6)]
7

0 r r r r r r r r r
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
NonExceedance Probability

Figure 6-23: Comparison of LP3 Distribution to Non-Exceedance Probabilities Calculated for Total Flood
Depths for a Sample Size of 50
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Table 6-33: Parameters and Probability Plot Correlation Coefficients Calculated for LP3, GEV, Gamma,

and Normal Distributions Corresponding to Total Flood Depths for a Sample Size of 50

LP3 GEV Gamma | Normal
Shape 12.3858 0.065 3.3292 N/A
Scale -0.1689 1.5443 1.1515 2.1525
Location 3.2783 2.8341 N/A 3.8337
Probability Plot
Correlation
Coefficient 0.9864 0.9909 0.9869 0.9324

Table 6-34: Parameters and Probability Plot Correlation Coefficients Calculated for LP3, GEV, Gamma,

and Normal Distributions Corresponding to Total Flood Depths for a Sample Size of 100

LP3 GEV Gamma | Normal
Shape 12.265| 0.0317 3.2295 N/A
Scale -0.1728| 1.5907 1.1757 2.1165
Location 3.2911| 2.825 N/A 3.797
Probability Plot
Correlation
Coefficient 0.9864| 0.9875 0.9868 0.931
12
<& Simulated Data o
LP3 Distribution
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Figure 6-24: Comparison of LP3 Distribution to Non-Exceedance Probabilities Calculated for Total Flood
Depths for a Sample Size of 100

For all three of the larger sample sizes assessed, the probability plot

correlation coefficients and plots comparing the distributions to the samples were
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evaluated. The probadiby plot correlation coefficients in all cases suggested that the
normal distribution could not adequately represent the samples, but all three of the
other distributions could adequately and approximately equally represent the total
depth samples. Théqgts show the LP3, GEV, and gamma distributions as essentially
identical and all able to represent the sample very well. However, in all cases, the
normal distribution is observed to fit the samples more poorly than the others. For all
three samples, thgamma distribution was selected to represent the total flood depths.
As the sample size increased, the gamma shape parameter was observed to slightly
decrease and the scale parameter was observed to increase. This suggests that the
sample size may haw®me influence on the probabilities calculated corresponding to
the total flood depths; however, the impact is fairly minimal. The trend in parameters
may be due to the fact that as the sample size increased the distributions became more

accurate represtations of the population.

The impact of the choice of distribution to represent each sample was next
evaluated. Table-85 provides the predicted flood depths corresponding to common
exceedance probabilities for each distribution for each sampleFsizea sample of
10, there is significant difference in the predicted flood depths based on the chosen
distribution. The GEV distribution in particular predicts unreasonably high flood
depths for the larger events. This was expected given the poothg GEV
distribution observed in FigureZ. For the larger sample sizes, there was minimal
difference in the predicted flood depths for the smallest flood events. For the larger
flood events, there was minimal difference in the predicted flood deptiveén the

LP3, GEV, and gamma distributions; however, there tended to be more variation in
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the predicted flood depths based on the normal distributions. Based on the
similarities in the performance of the three distributions previously observed for the

larger sample sizes, these results were expected.

Table 6-35: Predicted Flood Depths (in Feet) Corresponding to Common Exceedance Probabilities for Each
Distribution for Each Sample Size

Exceedance
Probability | LP3 GEV Gamma | Normal

N=10

0.1 7.2558| 12.1799| 6.9594| 7.3202

0.02| 12.1285| 102.9333] 9.2242 9.114

0.01| 14.8325| 271.1479| 10.1214| 9.7472

N=25

0.1 6.5678| 6.3147| 6.4632| 6.2754

0.02 8.7652| 8.5062| 8.9292| 7.7837

0.01 9.5578| 9.3649| 9.9209| 8.3161

N=50

0.1 6.7051| 6.5764| 6.6509| 6.592

0.02 9.2043] 9.6929| 9.2609| 8.2544

0.01| 10.1556] 11.1145| 10.3135| 8.8412

N=100

0.1 6.6921| 6.5354 6.63 6.5094

0.02 9.2328 9.432 9.2696| 8.1438

0.01| 10.2023| 10.7029| 10.3357| 8.7207

6.2.5.1.2. Effects of Varying Sample Correlation

Distributions were nexitted to the total flood depth samples for the varying
levels of correlation. These n@xceedance probabilities were compared to the
probabilities calculated by taking the triple integral under the joint pdf calculated
using the GumbeHougaard copula foeach scenario. The results for all six
scenarios were quite similar, so the results and implications will be discussed after all
results have been presented. TabBS@&nd Figure &5 present the results for

scenario RHA. The results of scenario RHWiEre very similar, so the plot
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comparing the distributions to the sample was not presented. The fitted distribution
parameters and the probability plot correlation coefficients for this scenario are
presented in Table-87. The results of scenario RHlate presented in Table38

and Figure &6. For scenario RLA, results are presented in Tal3!@ &1d Figure 6

27. For scenario RLHH, the results are presented in Tadleahd Figure 8. The
results of the final scenario, RLHL, were very similartise plot comparing the
distributions to the sample was not presented. Tadle @rovides the fitted

distribution parameters and probability plot correlation coefficients for this scenario.

Table 6-36: Parameters and Probalility Plot Correlation Coefficients Calculated for the LP3, GEV,
Gamma, and Normal Distributions Corresponding to Total Flood Depths for Scenario RHA

LP3 GEV Gamma | Normal
Shape 26.3279 0.1262 2.9301 N/A
Scale -0.1229 1.5818 1.3143 2.3224
Location 4.404 2.7225 N/A 3.851
Probability Plot
Correlation Coefficientf 0.9925 0.9952 0.9876 0.9334
12
¢ Simulated Data
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Normal Distribution o /s“/
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Figure 6-25: Comparison of LP3 Distribution to Non-Exceedance Probabilities Calculated for Total Flood
Depths for Scenario RHA
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Table 6-37: Parameters and Probability Plot Correlation Coefficients Calculated for the LP3, GEV,
Gamma, and Normal Distributions Corresponding to Total Flood Depths for Scenario RHLH

LP3 GEV Gamma | Normal
Shape 22.0677 0.1109 3.0694 N/A
Scale -0.1311 1.5697 1.2592 2.2789
Location 4.0724 2.7708 N/A 3.8649
Probability Plot
Correlation
Coefficient 0.9914 0.9947 0.9876 0.934

Table 6-38: Parameters and Probability Plot Correlation Coefficients Calculated for the LP3 GEYV,
Gamma, and Normal Distributions Corresponding to Total Flood Depths for Scenario RHLL

LP3 GEV Gamma | Normal
Shape 19.2497 0.0978 3.1845 N/A
Scale -0.1377 1.5589 1.2152 2.2405
Location 3.8389 2.8053 N/A 3.8698
Probability Plot
Correlation
Coefficient 0.9907 0.9945 0.988 0.934
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Figure 6-26: Comparison of LP3 Distribution to Non-Exceedance Probabilities Calculated for Total Flood
Depths for Scenario RHLL
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Table 6-39: Parameters and Probability Hot Correlation Coefficients Calculated for the LP3, GEV,
Gamma, and Normal Distributions Corresponding to Total Flood Depths for Scenario RLA

LP3 GEV | Gamma | Normal
Shape 12.849| 0.0574 3.485 N/A
Scale -0.1615| 1.5276 1.1041 2.1163
Location 3.2726| 2.8716 N/A 3.8479
Probability Plot
Correlation
Coefficient 0.9866| 0.9912 0.9872 0.9345
12
¢ Simulated Data
LP3 Distribution
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Gamma Distribution
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Total Flood Depth

O r r r r r r r r r L
0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
NonExceedance Probability

Figure 6-27: Comparison of LP3 and Normal Distributions to NonExceedance Probabilities Calculated for
Total Flood Depths for Scenario RLA

Table 6-40: Parameters and Probability Plot Correlation Coefficients Calculated for the LP3, GEV,
Gamma, and Normal Distributions Corresponding to Total Flood Depths for Scenario RLHH

LP3 GEV Gamma | Normal
Shape 13.367| 0.0757 3.2086 N/A
Scale -0.1658| 1.558 1.1941 2.1909
Location 3.3952| 2.805 N/A 3.8315
Probability Plot
Correlation
Coefficient 0.9869| 0.991 0.9864 0.9317
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Figure 6-28 Comparison of LP3 and Normal Distributions to NonExceedance Probabilitie€Calculated for
Total Flood Depths for Scenario RLHH

Table 6-41: Parameters and Probability Plot Correlation Coefficients Calculated for the LP3, GEV,
Gamma, and Normal Distributions Corresponding to Total Flood Depths for Scenario RHL

LP3 GEV Gamma | Normal
Shape 12.3858| 0.065 3.3292 N/A
Scale -0.1689| 1.5443 1.1515 2.1525
Location 3.2783| 2.8341 N/A 3.8337
Probability Plot
Correlation
Coefficient 0.9864| 0.9909 0.9869 0.9324

For all six scenarios, the fitted distributions weoenpared to the results of
the triple integral procedure using the probability plot correlation coefficients and the
plots comparing the distributions to the samples. In all cases, the probability plot
correlation coefficients indicated that the LP3, GBNd gamma distributions would
all be able to adequately, and approximately equally, represent the total flood depth
samples. They also suggested that the normal distribution would not be able to

represent the samples as well as the other distributidmsse findings were
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confirmed by the plots that compared the distributions to the samples. In all cases,

the LP3, GEV, and gamma distributions were essentially identical and agreed very
well with the generated sample. The normal distribution; howevearnataobserved

to agree so well with the simulated samples. Thus, for all cases, the gamma
distribution was selected to represent the total flood depth samples. As the level of
correlation between the samples decreased, the gamma shape parametenves obse

to increase and the scale parameter was observed to decrease. This suggests that the
level of correlation between the samples does have some influence on the

probabilities that correspond to the total flood depths. This was expected given the
impactthat the level of correlation was observed to have when two flood sources

were considered.

The impact of the choice of distribution to represent the total flood depths was
next examined. Table&2 provides the predicted flood depths for severalnaom
exceedance probabilities for each distribution in each scenario. In all cases, minimal
differences in the predicted flood depths can be observed between the LP3, GEV, and
gamma distributions for any magnitude event. However, more variation between
these three distributions is evident than was evident for the larger sample size
scenarios. The differences in the predicted flood depths for the larger magnitude
events appear to be more significant in the scenarios with higher levels of correlation
betwea the samples. This suggests that the distribution selected to represent the total
flood depth samples would have more impact when higher levels of correlation exist
between the samples. TabldB demonstrates the difference in predicted flood

depths baed on the normal versus the other three distributions. As expected, the
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normal distribution would predict quite different flood depths, especially for the
larger magnitude events. This confirms that the normal distribution should not be
used to represethe total flood depths but the choice between the other three

distributions would have minimal impact on the results of the analyses.

Table 6-42: Predicted Flood Depths (in Feet) Corresponding to Common Exceedance Probabiliiéor Each
Distribution for Each Level of Correlation between the Samples

Exceedance
Probability LP3 GEV Gamma | Normal

RHA

0.1 6.9978 6.839| 6.8673| 6.8273

0.02] 10.2596| 10.6977| 9.7304| 8.6206

0.01] 11.6211) 12.5868| 10.8921| 9.2537

RHLH

0.1 6.9255| 6.7831 6.823 6.7854

0.02 9.9707| 10.4346| 9.6057| 8.5452

0.01] 11.2152] 12.1912] 10.7322| 9.1664

RHLL

0.1 6.8691| 6.7294| 6.7776] 6.7411

0.02 9.7472| 10.2115 9.494| 8.4712

0.01]| 10.9033] 11.8614| 10.5917 9.082

RLA

0.1 6.661 6.5412| 6.6115 6.56

0.02 9.0907| 9.5525| 9.1505| 8.1942

0.01] 10.0151) 10.9139| 10.1722| 8.7712

RLHH

0.1 6.7647| 6.6929| 6.6995| 6.6393

0.02 9.3938| 9.9429 9.375| 8.3311

0.01] 10.4085| 11.4438| 10.4558| 8.9283

RLHL

0.1 6.7051| 6.5764| 6.6509| 6.5922

0.02 9.2043] 9.6929| 9.2609| 8.2544

0.01| 10.1556] 11.1145]| 10.3135] 8.8412

6.2.6. Conclusions

The procedure developed provided a probability of flooding when flooding

could be caused by any combination of three sources. Cumulative probability
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distributions were fitted to the observed flood inundation depths from theneyeri

tidal, and pluvial flood sources. Once the marginal distributions had been obtained,

the copula parameters were calculated for the three copula families and then the most
appropriate copula family was identified
Information Criteria. Once the most appropriate copula families had been identified

for each simulation scenario, the joint pdfs and cdfs were calculated using the copula
equations. The joint pdfs were used to calculateenameedance probabilities that
corresponded to total flood depths, and then four distributions were fitted to the total

flood depths to represent these yexteedance probabilities. This procedure provided

an assessment of the flood hazard for a given location of interest when three flood

saurces could potentially impact the location.

The procedure developed was used in a series of simulation studies in order to
understand the effects of sample size and levels of correlation between the flood
source samples. Specific trends in marginaliistion parameters were not
observed due to either sample size or level of correlation. This is likely due to
sampling variation. As would be expected, as the marginal sample size increased, the
probability distributions better fit the simulated datesseAs the sample size
increased, the copula parameters were observed to generally decrease. The copula
parameters were also observed to decrease as the levels of correlation between the
three flood depth samples decreased. However, the copula pasacaétatated for
both the varying sample size and varying sample correlation scenarios were observed
to have a fairly wide standard error, as was also observed when two flood sources

were examined. The variations in copula parameters calculated fosteesgios
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did not result in widely different joint distributions. Thus, though trends in the copula
parameters were identified in the copula parameters, they were not significant.
However, it is expected that a wider variation in the levels of corraelagbwveen the
generated samples may result in a more significant difference in the copula

parameters, as was observed when two flood sources were assessed.

Based on the copula parameters identified, joint pdfs and cdfs were calculated
for each scenarioTrends in the joint distributions were not identified based on either
the sample size or the level of correlation between the flood depth samples. ltis
possible that because the joint distributions could not be visualized as they were when
only two fload sources were considered trends due to either factor may have been
overlooked. However, because the differences in copula parameters were observed to
be so minimal, it is expected that there would not have been trends in the joint
distributions due to #se factors. The choice of copula family used to represent each
scenario was also not observed to significantly impact the joint distributions. For two
flood sources, the choice of copula family was not observed to impact the joint
distributions developkfor varying sample size but the choice of copula family was
observed to impact the joint distributions for varying levels of correlation between the
samples. It is possible that the choice of copula family would also have a more
significant impact whethree flood sources were considered if a wider range of levels

of correlation were examined.

The next step in the procedure was to calculate the cdfs that corresponded to
total flood depths using a triple integral under the joint pdfs. Four distnitsuivere

fitted to each total flood depth sample and compared to thexmeedance
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probabilities calculated using the triple integral procedure. Th&é&agson Type Ill,
Generalized Extreme Value, and gamma distributions were typically observed to fit
the total flood depths quite well, though the normal distribution was not observed to
fit the samples as accurately. Based on a comparison of predicted flood depths that
corresponded to several common exceedance probabilities between the four
distributiors considered, it was determined that the choice of distribution among the
LP3, GEV, and gamma distributions had minimal impact. The parameters of the
fitted distributions were observed to vary slightly depending on the sample size,
which indicated that #hsample size may have some impact on the fitted distributions.
This may simply be due to the fact that the fitted distributions typically become more
accurate as the sample size increases. A small trend in the fitted distribution
parameters was also @vged for varying levels of sample correlation. This was

likely due to the fact that the level of correlation influenced the generated tidal and
pluvial samples and therefore influenced the total flood depth samples. However,
these changes in the fittedstribution parameters were likely not significant, given

the minimal impact that either sample size or sample correlation had on the joint
distributions. The probability distributions that represented theemoaedance
probabilities of the total floodepths could then be used to assess the flood risk at the
location of interest. The results of these simulation studies will help to understand the

results obtained using observed data.

6.3. Flood Risk Calculations

The previous sections have developguiaress to assess the flood hazard for

a location of interest based on multiple flood sources. The flood frequency
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assessments developed were based on joint distributions for all three flood sources
calculated based on copulas. However, the flood hazamly one part of flood risk.
The other two components of flood risk are the vulnerability to flooding and the
consequences that result from those flood events. Flood risk is calculated by
multiplying the exceedance probability, the vulnerability, tr@lconsequences for a

given flood depth of interest.

The term vulnerability refers to the ability of the system in place to protect the
location of interest from flooding. The system will include any structures near the
location of interest designed teduce the probability of flooding or any nonstructural
measures taken at or near the location of interest to reduce either the probability or
the consequences of flooding. Common examples of structural systems include
levees or floodwalls. Nonstructuraleasures include elevation of structufesd
proofingstructures, or creating additional room to store waters naturally. Whatever
the system may be that is identified as protecting the location of interest, failure is
always a possibility. This undainty is incorporated into the vulnerability term of

the risk equation.

To complete the flood risk calculations, the consequences of the flood event
must be assessed. Consequences may be identified in economic terms, such as
damages to structures andrastructure, environmental damages, or loss of life or
injuries as a result of the flood event, though economic terms are the most commonly
used. For the purpose of providing an example of the method, economic
consequences will be considered becausedaeye easily calculated and

understood.
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6.3.1. Description ofMethods

The exceedance probabilities calculated for the total flood depths using the
copula procedure were used as input to the flood risk calculations. Flood risk
calculations were then madbased on the other terms in the risk equation, the
vulnerability and the consequences. Vulnerabilityugeght thatranges between 0
and 1 and indicates how well thepface system to protect the location of interest
from flood events is expected perform. Therefore, vulnerability will vary with
flood depth. A hypothetical vulnerability curve was created for use in experimental
calculations, as shown in Figure28. Vulnerability increases with depth in a linear
fashion, which indicates that virability is simply directly proportional to depth of
flooding, which may be true for certain systems. Without specific information about
the system in place at the location of interest this linear curve seemed to be a

reasonable approximation of vulneitai for the purpose of these calculations.
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Figure 6-29: lllustration of the Vulnerability Curves Used in Flood Risk Assessments

Conseqguences, which are measured as damage to the structure @mie mis c

due to the flood, will also vary with depth. Degthmage curves (e.g., see Figure 6
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30) obtained from USACE (2003)e used to determine the percentage of damage to
the structure and to contents based on the depth of flooding. Thes@dejzth

damage curves are general curves that can be applied nationally, though it is also
preferable to derive specific curves for a given location. For a hypothetical scenario
using simulated data, the general curves were deemed to be appropriate to show the
methodology. These percent damage values were then multiplied by the value of the
structure and the value of the contents to determine the total monetary damage due to
varying flood depths. For the hypothetical scenario, the structure was assumed to be
atwo-story residential structure without a basement, assumed to be worth $150,000
with contents assumed to be worth $25,000. The resulting-depibtary damage

curves are provided in Figure3.
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Figure 6-30: Depth-Percent Damage Curves Obtained from USACE (2003) for-3tory Residential Home
Without Basement
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Figure 6-31: Depth-Monetary Damage Curves for 2Story Residential Home Without Basement

Depending on the purpose of the risk analysis, it might be desirable in some
circumstances to fit equations to the vulnerability and consequence curves, such that
values could be determined for any flood depth of interest. However, the purpose of
this anaysis is simply to demonstrate the effect of the comprehensive probability
assessment on risk calculations. Thus, the population fitted to the exceedance
probabilities that corresponded to the total flood depth values was used to determine
the exceedanceaqbabilities corresponding to various depths of flooding for which
values of vulnerability and consequences had been obtained. These exceedance
probabilities were multiplied by the vulnerability values and consequence values for
each flood depth to obtaftood risk values for each flood depth.

A total of 10 scenarios were investigated using the simulation study. Sample
sizes of 10, 25, 50, and 100 were investigated, as were sample correlation scenarios
RHA, RHLH, RHLL, RLA, RLHH, and RLHL. For each tlese scenarios, the
exceedance probabilities that correspond to flood depths of 1 through 16 feet were
first calculated using the probability distributions fit in the flood hazard assessment.

The exceedance probabilities corresponding to flood deptleswsed as input to the
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flood risk calculations for each simulation scenario. The exceedance probabilities
were then multiplied by the vulnerability curve previously identified in Fige28 6
and the consequences curve shown in FigtB& ® obtain caldations of flood risk

for each simulation scenario.

6.3.2. Description of Results

For each simulation scenario in which a flood hazard assessment was made,
resulting in norexceedance probabilities that corresponded to total flood depths,
flood risk calclations were then made. The following sections present the results of

these risk analyses for both varying sample size and varying levels of correlation.

6.3.2.1. Varying Sample Size

Prior to calculating the flood risk for flood depths of 1.0 to 16.0 tee
exceedance probabilities for that range of flood depths were calculated for each of the
four sample sizes as described in Section 6.2.5.1.1. These exceedance probabilities
are presented in Figure3. This information was used to calculate the
corresponding flood risks, which are presented in Fige®8.6 As expected given the
results presented when the distributions were fitted to the total flood depths, the
exceedance probabilities calculated for a sample of 10 differed somewhat from the
exceednce probabilities calculated for the larger sample sizes. Once the sample size
was greater than 25 the exceedance probabilities varied minimally, indicating that
sample size had minimal impact on the probabilities calculated for given flood depths
of interest. It can be assumed that the smallest sample size could not be as accurately

represented as the larger sample sizes.
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Figure 6-32: Exceedance Probabilities Calculated for Each Sample Size
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Figure 6-33: Flood Risk Calculations for Each Sample Size

Though the differences in exceedance probabilities calculated for a sample of
10 as compared to the larger samples did not appear to be extremelyharg
difference in flood risk calculations for a sample of 10 does seem to differ widely
from those calculated for the larger samples. Because the exceedance probabilities
calculated for a sample of 10 were larger than those calculated for the |angérssa
the sample of 10 also produced larger estimates of flood risk than the larger samples.

As expected, once the sample size reached 25, the flood risks calculated were
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essentially identical. This suggests that once the sample size was large enough to
provide an accurate representation of the underlying population, the sample size had
minimal impact on the understanding of the flood risk for the location of interest. In
examining the flood risk curves, it should be noted that the highest flood depths d

not have the highest calculated flood risk values. This is because the probability of
flooding decreased with increasing flood depths, though vulnerability and
consequences increased with increasing flood depths. Because flood risk calculations
are mae by multiplying probability, vulnerability, and consequence values for each

flood depth this result was expected.

6.3.2.2. Varying Sample Correlation

Flood risk calculations were also made for the six scenarios with varying
levels of correlation betweehe samples. Exceedance probabilities calculated based
on distributions fitted to the total flood depths for each correlation scenario were first
compared, as presented in Figurd4 It would appear that there is virtually no
impact on the exceedanpeobabilities based on the level of correlation between the
samples, as would be expected given the results observed when distributions were

fitted to the total flood depths for each scenario.

Based on these exceedance probabilities, flood risk catmdawvere made
for each scenario, which are presented in Fige88.6 The calculated flood risks for
each scenario were observed to peak at a flood depth of approximately 4 feet.
Though the exceedance probabilities decreased continuously with incrié@asthg
depth, the vulnerabilities and consequences increased with increasing flood depth,

leading to the location of the peak flood risk calculations. As there was virtually no
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difference in the exceedance probabilities based on the level of correlagionwas

also virtually no difference in the flood risk calculations based on the level of
correlation between the samples either. In Fige88,6a very slight trend can be
identified that as the level of correlation between the samples increasedthatedl

flood risk also increased, but for the range of correlations examined in these scenarios
the differences in calculated flood risk are minimal. This suggests that the level of
correlation between the samples has minimal impact on the understahttieg

flood risk for the location of interest, at least for the range of correlations examined in
this study. Based on the slight trend observed, it is believed that for higher levels of
correlation between the samples, a more significant differenbe iiood risk

calculations would exist. The results observed for an analysis of two flood sources
suggest that the level of correlation between the samples does have the ability to
significantly impact the results of the analysis; however, a wider refngerelations

were examined for two flood sources.
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Figure 6-34: Exceedance Probabilities Calculated for Each Level of Sample Correlation
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Figure 6-35: Flood Risk Calculations for Each Level of Sample Correlation
6.3.3. Conclusions

Flood risk was calculated for a series of simulated flood depths from three
flood sources impacting a location of interest. The flood risk calculations assessed
the impacbf sample size and level of correlation between the samples on the risk
calculations. Exceedance probabilities for each simulation scenario were calculated
using the copula procedure to develop joint distributions based on three flood sources.
As the reslts indicated, neither sample size nor sample correlation were observed to
produce any particular impacts on the flood risk. A difference was observed in both
exceedance probabilities and flood risk calculations for the smallest sample size of
10, but ore the sample size reached 25 an impact on the probabilities and risk
calculation was not observed. This suggests that once the sample size was large
enough to be reasonably accurate the sample size did not significantly impact the
results of the analysiSignificant trends were not observed in the flood risk
calculations based on the level of correlation between the samples. A very slight

trend of increased flood risk calculations with increased levels of correlation between
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the samples was observedf far the range of sample correlations evaluated in these
studies the impact on the results of the analyses was minimal. For larger levels of
correlation a more significant impact on the calculated flood risks would be expected
based on these minor trermswell as based on the more significant impact that level
of correlation was observed to have on the results when only two flood sources were
considered. These flood risk calculations will be helpful in providing some

understanding of future risk calations made using observed data.
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CHAPTER 7

THREE OBSERVED FLOOD SOURCES

7.1. Introduction

The simulation studies presented in Chapter 6 provide an understanding of the
impact of sample size and sample correlation on the development of flood frequency
asessment based on three flood sources. Because only a limited amount of observed
data exist, these simulations studies were necessary to provide a context for results
obtained from the observed data. In addition, because the mathematics of combining
three flood sources using the copula procedure are quite complex, the simulation
studies assisted in determining that the results obtained from the developed
procedures were rational and logical. The process of developing a comprehensive
flood frequency anasis for a location in Florida, considering a riverine, tidal, and

pluvial flood source, will be discussed herein and results will be presented.

7.2. Description of Experimental Location

A location of interest was identified close to both a river anddast on the
east coast of Florida. Discharge datdgjtfrom flow gage 02249007 on the Eau
Gallie River at Heather Glen Circle at Melbourne were obtained. The tidal gage from
which tidal height measurements (ft above NAVD 88 datum) were obtained was
8721604, located near Trident Pier. The tidal gage provided measurements of water
height in feet. This tidal gage is approximately 20 miles from the location of interest,

which is not ideal, but a closer location was not available. Precipitation depths (i
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inches) were obtained from rain gage 085612, located at the nearby Melbourne
Weather Forecast Office. The watershed area was 12ahthihe elevations over

the watershed ranged from approximately O to 35dbetve MSL

7.3. Assessment of the Hazard

The first step to conducting a risk assessment is to assess the hazard. The
hazard is usually considered as the probability of a specific event occurring. The
following sections will outline a methodology and present the results of assessing the

flood hazard for a loationwhich could be impacted by three flood sources.

7.3.1. Fitting Marginal Distributions to Observed Annual Maximum

Events

When three flood sources are considered, the first step to assessing the flood
hazard was to understand the piwibiy of flooding from each of the flood sources.
This required calculating flood inundation depths based on observed gage
measurements, and then identifying a series of annual maximum events. Finally,
marginal distributions were fitted to the depthshaf annual maximum flood events

from each flood source.

7.3.1.1. Description oMethods

Observed riverine, tidal, and pluvial samples were obtained and transformed
into flood inundation depths at the location of interest. Marginal distributions were
then fitted to these inundation depth samples. The following sections will describe
the methods used to calculate flood inundation depths from each source and to fit

marginal distributions to those samples.
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7.3.1.1.1. Calculation of RiverineCaused Flood Inundation Depths

To perform a flood frequency analysis for the location in Florida required
observed riverine flow data. Discharge data were obtained from the United States
Geological Society and information from this location, including elevations and
chamel characteristics, were obtained from ArcGIS and GoogleEarth for use in
transforming the discharge data to flood depths at the location of interest. The
process of transforming the discharges to inundation depths at the location of interest
is explainechere. The process involves two steps: (1) transposing the discharge from
the gaged site to a site on the river adjacent to the point of interest and (2)

transforming the river discharge to an inland depth.

Prior to obtaining riverineaused flood deps at the location of interest, it
was necessary to obtain discharge measurements at a flow gage. Because the number
of river flow gages is minimal, it is unlikely that a flow gage would be located at a
point within the stream that is adjacent to the fioceof interest. Therefore, the
discharges measured at the flow gage had to be transposed downstream to a point
adjacent to the location of interest, which used the drainageaeanethod

(McCuen and Levy, 2000):
AE.I. T
Q. =@, (g] (7-1)

where Qis the discharge at the ungaged location (cfgis@he discharge measured
by the gage (cfs), fis the drainage area of the ungaged point)(m; is the
drainage area at the location of the flow gagé)(rand n is an empirical constant,

with a value 00.8 empirically derived. For the study location in Floridgwas 3.8
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mi?, as reported by the USGS, anglwias 12.4 nfi, as calculated in ArcGIS. The
result of this step was a series of stream discharge estimates transposed downstream

to the stream cgssection adjacent to the location of interest.

The channel crossection information at the location of interest was not
available; therefore, an estimate of the bankfull channel dimensions was required.
The bankfull channel dimensions were first esti@d at the location of the gage.
Measured discharge and the corresponding gage heights were obtained from the gage.
The flow depth corresponding to each discharge was calculated by subtracting the
gage datum, which was 11.39 feet, from the gage heigasutements. Flow heights
were plotted against corresponding discharges, and a power model was fitted to
describe this relationship. The power model used to describe the relationship

between discharge and flow depth was:
Discharge = 1.2212 = Depth**'1’ (7-2)

Based o the observed gage data, the bankfull discharge at the location of the gage
was identifiedo be 428 cfs. Using Equation2? the bankfull depth was calculated

to be 3.563 feet. Assuming a rectangular channel with a hydraulic radius was
approximately eq a | to the flow dept h, Manningos
determine the corresponding channel width at bankfull flow. The bankfull channel
width at the location of the gage was estimated to be 99.8 feet. This provided an

estimate of the channel bankfdimensions at the location of the gage.

The next step was to estimate the bankfull channel dimensions at the

downstream location. A uniform channel was assumed, such that the ratio of channel
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width to depth remained constant along the length oftiaartel. Using the

downstream discharges calculated using Equatbn5a nd Manni ng6s equat
bankfull channel width was solved. In doing so, channel depth was approximated as

0.0357 times the channel width, based on the ratio of channel depth to tiltth a

gage location. This resulted in an estimated bankfull channel width of 123.5 feet at

the location of interest. The ratio of channel depth to width then provided an estimate

of the channel s bankful | depth to be 4.40

Once bankfull channel diemsions had been estimated, the stream discharge
values could be translated to flood inundation depths at the location of interest. Flow
depths that correspond to the transposed discharges were calculated based on
Manningds di schar gieraiévgprozdss, where deptlTwas variedva s a
until the corresponding calculated discharge equaled the observed discharge rate.

Manningds equatdspsm for discharge (ft

1.49
= =

T

T4 QT T
A ()7 * 5] (7-3)

Q

where n is the Manningb6s e00b;élsohamed coef fic
crosssectional area (ft); WP is wetted perimeter (ft); apd $he channel slope,

determined to be 0.0007 ft/ft. Both And WP are dependent on channel geometry.

A trapezoidal floodplain was assumed, with a slope of 49.2 feiomtally for every

one foot increase vertically. The values of channel and floodplain slope were

determined using elevation data provided in ArcGIS for the location of interest in

Florida. Crosssectional area and wetted perimeter (see Figudrewerecalculated

as:
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A=W, =d+ z(d — D,)? (7-4a)
WP=W,+2%D,+2%(d—D,)*V1+z? (7-4b)

where d was flow depth and z was 49.2 feet/feet, determined based on floodplain
slope. The channel geometry is illustrated in Figute This iterative procedure
identified the depth of diw corresponding to each discharge value in the sample

obtained from the Florida flow gage.

2(d-Db)

Wb

Figure 7-1: Assumed Channel Geometry

Once flow depths had been calculated, flood inundation depths at the location
of interest cold be determined. The next step in this process was to add the
calculated flow depths to the channel bed elevation to obtain flow elevation. The
channel bed elevation was assumed to bée@above the North American Vertical
Datum of 1988 (NAVD 88).This elevation was determined based on elevations
provided by ArcGIS for the location in Florida. To determine the flood inundation
depth at the location of interest, the elevation of the location of interest was then
subtracted from the calculated floveeation. The location of interest was assumed

to be at an elevation of 4.2 feet above NAVD 88. This elevation was determined
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based on elevations provided by ArcGIS for the location in Florida. By following
these steps, an estimate of the flood inudadiepth at the location of interest can be

calculated for each discharge value measured by the flow gage.

The procedure just explained was used to calculate flood inundation depths at
a location of interest in Florida, based on riverine discharge nesasuts taken by a
local flow gage. Once flood inundation depths were calculated, the annual maximum

events were identified and used as input to the remainder of the methodology.

7.3.1.1.2. Calculation of TidallyCaused Flood Inundation Depths

To deternme the flood inundation depth at the location of interest due to tidal
flooding, a procedure identified in a 1977 National Research Council report (NRC,
1977) to the Federal Insurance Administration examining the effects of wave action
on storm surge wassed. The mean stillwater elevation, which is the sum of
astronomical tide and storm surge, the sum of which can be determined from tidal
gage measurements, was determined at the location of the tidal gage. Next, the
additional height caused by wave aatwas calculated and added to the stillwater
elevation. The shoreline geometry is illustrated in Figu2e The equation to

determine wave height is (NRC, 1977):

H=0.78+F *E, (7-5)

where H is the wave height (ft), F is a factor related to thgtheof fetch, which is
the length of water over which the wind has blown, anid Ehe stillwater elevation
(ft above NAVD88). For the Florida location, the fetch was taken as essentially

unlimited, as the location opens to the ocean rather than a b eorresponded to
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a value of 1.0 for F. This provided the additional height of waves at the location of
the tidal gage. In Table T the relationship is provided between fetch length and

fetch factor, F, as indicated in NAS (1977).

Table 7-1: Relationship Between Fetch Length and Fetch Factor, F (NAS, 1977)

Fetch F (Fetch
(miles) Factor)
0.125 0.25
0.25 0.32
0.5 0.41
1 0.52
2 0.65
4 0.78
10 0.93
>20 1

The NRC procedure would allow for the wave height past anumtitn, such
as a dune or seawall, to be calculated. However, from GoogleEarth it was not
possible to determine whether or not such an obstruction existed. Thus, it was
assumed that an obstruction between the coastline and the location of interest did no

exist.

W, Wave

H1
H1

ko
‘| db 51

Lacation of : ol r___r—r——‘;‘_
Interest e

Figure 7-2: Shoreline Geometry, where S1 is Stillwater Elevation, H1 is Wave Height, db and df are Water
Depths, xf is Inland Fetch, H2 is Inland Wave Height, and Zw is Flood Elevation, the Green Line is the
Ground Surface, and the Brown Line is the Official Datum

The next step was to account for wave generation as the tidal surge moved

inland between the dunes and the location of interest. This wave generation would
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primarily be caused by wind moving over the watarface. As the water travels
over the land surface, additional waves may be generated, primarily through the
effects of wind. Wave height at the end of the inland fetghwhis calculated as

(NRC, 1977):

H = /(G *d,)? + H? (7-6)

where G was a unitlesslue related to the inland fetch lengthwas the average

depth over the inland fetch (ft), and H was the wave height (ft) calculated behind the
dunes. For the Florida location of interest, the inland fetch was determined to be 0.02
miles, estimatedsing GoogleEarth, corresponding to a G value of 0.2. The average
depth, ¢ was calculated as the stillwater elevation minus the average elevation
between the coastline and the location of interest, which was taken to be 1 foot above

NAVD 88 based on measments in ArcGIS.

Finally, the flood elevation at the location of interest, @as calculated using

(NRC, 1977):
Z,=E,+07*H, (7-7)

where Ewas the stillwater elevation (ft) previously calculated based on tidal gage
measurements and ttas thewave height (ft) calculated at the location of interest
(Equation #6). From Equation-7, the flood inundation at the location of interest

was calculated by subtracting the elevation of the location of interest, which was 4.2

feet above NAVD 88 for thElorida location, from the Zvalues calculated.
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The procedure just described was used to determine tidal flood inundation
depths at the location of interest. Once the tidal flood inundation depths had been
calculated for the location of interest, thaal maximum events were identified.

The annual maximum events were used as inpiletoemainder of the procedure

7.3.1.1.3. Calculation of PluviallyCaused Flood Inundation Depths

Pluvial flooding is typically overland flow caused by quantitiesamfifiall that
exceed the drainage capacity. Pluvial flooding is commonly considered as an urban
phenomenon, in which the capacity of the sewer system is overwhelmed. However,
in rural and other areas where sewer systems do not exist, the infiltratiaitycapa
the land may also be exceeded, leading to overland flow. Pluvial flood depths are

calculated as depth of runoff caused by a given depth of rainfall.

Calculation of pluvial flood depths is a mudtiep process that was necessary
to determine theopulation from which to generate pluvial flood depth samples. First,
total rainfall depths that correspond to individual storm events are identified. It was
assumed that the annual maximum pluvial flood depths would occur on the same date
and time as th annual maximum riverine flood depths. The annual maximum
riverine flood depth occurrences were previously identified in conjunction with tidal
flood depths. Thus, rainfall storm events that occur on the dates of the previously
identified annual maximumverine flood depths were identified and then the rainfall
depths for the duration of the storm were summed from the hourly rain gage
measurements. Once storm rainfall depths had been calculated, the Natural
Resources Conservation Service (NRCS) rudefith estimation method was used to

calculate corresponding runoff depths. Runoff depth, Q, was calculated as:
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(p—n.25)7

0= { = forP> 0.25} (7-8)
0,for P<0.25

where P is the rainfall depth, in inches, and S is the retention. The retention, S, was

calculated as a function of tiearve number (CN), which was based on land use and

soil type. The retention was calculated as:

__ 1000
CN

s 10 (7-9)

For the location of interest in Florida, a weighted curve number was required. The
location of interest was determined to be in &/fdeveloped urban area in fair
condition with soil from soil group A, containing deep sand, which would have a
curve number of 49. Based on aerial photographs of the watershed, a fraction of
impervious surface was estimated to be 0.5. The weighted icunvieer was

calculated as:
CN,, =CN,(1—f) +f(98) (7-10)

where CN is the curve number for pervious areas of the watershed, or 49, and f was
the fraction of impervious area (McCuen, 2005). The weighted curve number was
calculated to be 73. Based on this infiation, the runoff depth corresponding to

every measured rainfall value measured by the rain gage was calculated.

Once equations-8 through 710 had been used to calculate runoff depths at
correspond to the total storm depths, a peak discharge oveatiesked resulting
from these runoff depths could be calculated. From McCuen (2005), the following

equation was identified to calculate peak discharges:
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Gy = QumAm Q (7-11)

where g is the peak discharge ), qmis a unit peak discharge Y&edmi?in.), An

is the watershed area for the pluvial runoff, estimated to be 018 MicGIS, and

Q is the runoff depth (in.). The unit peak dischargg, was identified from a graph
based on the time of concentratiaf) &nd the ratio of initial altsaction to

precipitation depth {IP). To determine the ratio of P, |, must be calculated as

0.2*S. In order to calculate the time of concentration for the watershed, the following

equation was used:

1000

t, = 0.00526L°%(—~

— 9)075-08 (7-12)

where L is the watershdength (ft), CN is the curve number, and S is the watershed
slope (ft/ft). Using ArcGIS the watershed length was estimated to be 4,232 ft and the
watershed slope was estimated to be 0.004 ft/ft. This resulted in a time of
concentration of 3.26 hours.slag Equations-20 through 715, the maximum

discharge caused by rainfall events was estimated for the watershed.

Based on the calculated peak discharges, pluvial flood depths could be
calculated. It was assumed that the surface runoff ultimatelyedréimough a
roadway near the location of interest. This roadway was estimated to be 20 feet wide,
with a curb height of 0.75 feet. There was also a space 10 feet wide between the edge
of the road and the nearest building. The geometry of this stidestsated in
Figure 7#3. The pluvial discharge was conveyed through the roadway and the
sidewalkar ea bet ween the road and the buil ding:

flow depth corresponding to each measured discharge was computed. The area and
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wetted perimeter were calculated based on the geometry of the roadway, and
Manningbés coefficient of roughness was ass
pluvial flood depth values, which were evaluated to obtain the annual maximum flood

depth series. Thisformation provided information on the observed population,

from which pluvial flood depth samples were then generated.

Sidewalk (10 feet) Sidewalk (10 feet)

Curb (0.75 feet) Curb (0.75 feet)

Street (20 feet)

Figure 7-3: Geometry of Street Through Which Pluvial Flow is Conveyed

7.3.1.1.4. Calculation of Flood Frequeey Curves for Each Source Individually

To calculate a flood frequency curve for a single flood source requires
identification of the annual maximum flood series. The annual maximum events
were ranked from largest to smallest, with the largest magnitsigasd to a rank of
1 and the smallest magnitude a rank of n. After developing a ranked list of annual
maximum flood inundation depths at the location of interest caused by an individual
flood source, the Weibull probability equation was used to deterimenexceedance

probability of each event. Wei bull s pl ot

P, = (7-13)

where Ris the exceedance probability, i is the rank of the given flood depth, and n is

the number of sample values in the record. The floochdepere plotted against the
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nonexceedance probability, calculated as one minus the exceedance probability,
which provides the probability of the flood depth not being equaled or exceeded in a
given year. Based on the pairs of data {agceedance probdity, flood depth), a
cumulative distribution function was fitted using either Maximum Likelihood
Estimation or Method of Moments that would provide +@xeeedance probabilities

for any flood inundation depth value.

Though Bulletin 17B recommends the LBgarson Type Il distribution be
used to model riverine flood flows, the GEV distribution is frequently used to model
tidal flood heights, and the LP3 or gamma distribution are frequently used to model
rainfall events, clear evidence that any one of théstebutions provides greater
accuracy than that provided by others does not exist. Further, the variable of interest
in this research is flood depth at the location of interest, rather than discharge or tidal
height, as would be typical in a riverini@gal, or pluvial analysis. The watershed
processes are known to modify the distributions of the events, so it is possible that the
typical distributions may not be the most appropriate distributions. Thus, several
distribution functions were fitted thi¢ data to determine the most appropriate
distribution for each data set. All tested distributions were plotted against the
observed data for visual comparison, and probability plot correlation coefficients
were calculated to assess the goodioésa of each distribution. For simulated
riverine and pluvial data, the distributions tested included th&&agson type lll,
lognormal, gamma, and Weibull distributions. For simulated tidal data, the
distributions tested included the extreme value, geneth&xtreme value, and

Rayleigh distributions. This procedure was first conducted with the observed data
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from Florida, in order to determine appropriate populations from which to generate
samples for the simulation study. It was also used in the simukttidies to

calculate the distributions best fitting the generated samples.

7.3.1.1.5. Calculation of Flood Frequency Curves Considering Three Flood Sources

To develop a joint flood frequency curve requires the marginal distributions or
individual flood fequency curves that correspond to the three individual flood
sources. The typical process for conducting a flood frequency analysis, outlined in
section 7.3.1.1.4., was followed to determine the marginals, with one exception.
When three potentially intacting flood sources must be considered, the maximum
flood event experienced at the location of interest in a given year may not be caused
by one individual source, but instead by a combination of the three sources. Thus, to
identify the annual maximunidod depth at the location of interest, the riverine,
tidal, and pluvial flood inundation depths at the location of interest were summed for
corresponding time periods to identify the maximum total depth of flooding at the
location of interest in each yealhe assumption that the contributing flood depths
from each source could be summed was a convenient assumption to make for the
purpose of conducting this research; however, this methodology was not determined

based on a technical analysis of the optmapproach for combining flood sources.

It was necessary to identify the annual maximum events while considering all
potential flood sources. As each of the gages from which observed data were
obtained took hourly measurements each day, the hourlyureaents from each
gage were summed and a single daily maximum flood depth at the location of interest

was identified. Next, the annual maximum flood depth was identified based on the
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daily maximum events. This does not suggest that the annual maxweuatrceuld

only occur through a combination of the three sources; this procedure could still
identify an annual maximum event that was caused by only one source or by a
combination of two of the sources. The riverine contributions to the annual
maximum fbod inundation depth, the tidal contributions, and the pluvial

contributions were separated into three flood series and flood frequency curves were
developed from each. These flood frequency curves served as the marginal

distributions used as input to tbhepula process.

7.3.1.2. Description of Results

In order to develop a comprehensive flood frequency assessment, the first step
was to fit marginal distributions to the observed riverine, tidal, and pluvial flood
inundation depth samples. Tableg thraugh #4 provides the fitted marginal
parameters and the calculated probability plot correlation coefficients for each
potential marginal distribution for the riverine, tidal, and pluvial flood dgpth
respectively. In Figures-Z through 76, the possiblenarginal distributions are
compared to the observed riverine, tidal, and pluvial flood depth samples,
respectively. Based on the probability plot correlation coefficients and Figyrié 7
appears that the gamma distribution would be the distributisinelide to represent
the riverine data. Due to the large number of Zkerad years in the observed data, it
was difficult to fit any of the distributions and none were as accurate as would be
desired. The small sample size also likely contributed tditfieulty in fitting the

distributions to the observed riverine sample, as the simulation studies demonstrated
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that distributions could more accurately represent large sample sizes than small

sample sizes.

For the tidal data, the GEV distribution resufishe highest probability plot
correlation coefficient and Figureshows that the GEV distribution most closely
agrees with the observed tidal flood depths. Either of the other distributions would
also provide acceptable fits to the observed dabaigth the GEV distribution would
be superior. Thus, the GEV distribution was chosen to represent the tidal flood
source. The observed tidal flood depth sample was fitted more accurately than the
riverine sample because the tidal flood depth sample cedtéinver zerdlood years
than the riverine flood depth sample. However, the fit of the distributions to the
observed tidal sample was still less accurate than desired, due to the small sample
size. The simulation studies demonstrated that distributiomsl more accurately

represent large samples than small samples.

For the pluvial observed data, the probability plot coti@becoefficients and
Figure 76 suggests that the gamma distribution would be the most appropriate
distribution to represent thebserved data. Thus, the gamma distribution was
selected for use in representing the pluvial flood depths, though none of the
distributions considered fit the observed data as well as desired due to the large
number of zerdlood years. In addition tde zereflood years, another factor
influencing the accuracy of the fitted distributions was the sample size. The
simulation studies demonstrated that smaller samples could not be as accurately

represented by the potential marginal distributions as laegaples.
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Table 7-2: Fitted Parameters and Probability Plot Correlation Coefficients for the Observed Dependent

Riverine Sample

LP3 Lognormal| Gamma | Weibull
Shape 20.6015 -1.3118 0.4078 0.5271
Scale 0.4603 2.0893 3.3007 0.762
Location -10.7949 N/A N/A N/A
Probability Plot
Correlation
Coefficient 0.797 0.8402 0.9464 0.915
6 T T T T T T T T T
¢ Obsened Data
LP3 Distribution
5K Lognormal Distribution [
Gamma Distribution
£ Al —— Weibull Distribution o Q |
a
5
[
o
1k i
0 K>
0 01 02 03 04 05 06 07 08 09 1

Figure 7-4: Comparison of Riverine Marginal Distribution Options for Observed Data, Where Flood

Depths are in Feet

Table 7-3: Fitted Parameters and Probability Plot Correlation Coefficients for the Observed Dependent

Nonexceedance Probability

Tidal Sample

Extreme

Value GEV Rayleigh
Shape N/A -0.2224 N/A
Scale 1.1498 1.1038 1.3356
Location 2.0773 1.0476 N/A
Probability Plot
Correlation
Coefficient 0.9328 0.9648 0.9447
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Figure 7-5: Comparison of Tidal Marginal Distribution Options for Observed Data, Where Flood Depths
are in Feet

Table 7-4: Fitted Parameters and Probability Pla Correlation Coefficients for the Observed Dependent
Pluvial Sample

LP3 Lognormal | Gamma | Weibull
Shape 12.7906 -2.8569 0.3716 0.4949
Scale 0.5992 2.1429 0.9278 0.1695
Location -10.5207 N/A N/A N/A
Probability Plot
Correlation
Coefficient 0.8148 0.86& 0.9598 0.932
15 T T T T T T T T T
¢ Obsened Data <>‘\‘
LP3 Distribution |
Lognormal Distribution ‘J‘
Gamma Distribution o ‘
- —— Weibull Distribution ‘
§
T
>
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Figure 7-6: Comparison of Pluvial Marginal Distribution Options for Observed Data, Where Flood Depths

are in Feet

Nonexceedance Probability
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7.3.2. Using Copula Equations to Determine Joint Distributions

Joint distributions were developéar flood inundation depths from the
riverine, tidal, and pluvial sources. The joint distributions provided probabilities of
specific combinations of riverine, tidal, and pluvial flood depths. The next sections
will discuss the methods used to develapjthnt distributions and present the

results.

7.3.2.1. Description oMethods

Once the marginals had been developed based on the observed riverine, tidal,
and pluvial flood inundation depths at the location of interest, a copula could be used
to determindhe joint probability of depths for the three flood sources occurring. The
first step was to calculate the appropriate dependence structure between the three
flood sources. As with the scenario in which two flood sources interacted, the
dependence strture was based on the ranks of the data; however, for three flood
sources, Kendall 6s U was not appropriate.
pseudedlikelihood estimation, which is an alternative to the method of moments
(Genest and Favre, 2007). Themhod det er mines the value of
based exclusively on the ranks of the riverine, tidal, and pluvial sample data, R, S,

and T, respectively.

a1 g RS Ty
@) = 5, =, 5L =0 (7-14)
G rheane?

where c¢c(U) ic(a)isthedervaiye oflthe copugdf, n is the sample

size, and R S, and T are the ranks of the riverine, tidal, and pluvial sample values,
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respectively. This equation was solved based on the observed samples of riverine,

tidal, and pluvial flood depths in order to determine thiguta parameter value.

Once the measure of dependence was calculated, the appropriate family of
copulas to fit with the data had to be determined. Numerous families of copulas are
available from which to choose. Several families were fitted and cothpairey
Akai kebébs I nformation Criteria (AIC).
described in Chapter 1. When AIC values are calculated, the smallest AIC value
indicates the most appropriate copula family (Kletiral, 2010). Three Archimedean
copula families, the Gumbéfiougaard, Clayton, and Frank families, were evaluated.

The equations for these three families, respectively, are as follows:

Clu,v,w) =exp(—[(—Inu)*+ (—Inv)* + (—Inw) “‘]ﬁj (7-15a)

Clu,v,w) = (u™% +v™ % +w™%—2) Ve (7-15b)

,:H—nx-n_ﬂl:ﬂ—nx-u_ ﬂ,:ﬂ—nx-u'_ﬂ)
)

Clu,v,w) =_:1[10g(1+ (e-@_1)3

(7-15c)

where u, v, and w were the cumtiNa distributions fitted to the riverine, tidal, and

pluvial samples, respectively, and U

family.

Finally, the joint pdfs were calculated for each copula famllyint pdfs that
correspond to the variablesw,and w were calculated by taking the second
derivative of the joint cdf with respect to u, v, and w. To obtain joint pdf values that
correspond to the riverine, tidal, and pluvial variables required that the joint pdfs

calculated for the variables u, and w then be multiplied by the marginal distribution
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pdf values (Wangt al, 2009). The equations for the joint pdfs, expressed in terms

of the riverine, tidal, and pluvial variables, are as follows:
__ & du dv 3w 2
flx,v,z) = PR C (u,v,w) - (7-16)

where u, v, and w were timearginal cdf variables that correspond to the riverine,
tidal, and pluvial flood depth samples, respectively, and x, y, and z represent the

riverine, tidal, and pluvial flood depth variables, respectively.

7.3.2.2. Description of Results

As was done ithe simulation scenarios, the first step to determine the joint
distributions was to calculate the parameters for each copula family and identify the
most appropriate copula family for further use. Based on the observed data, the
copula parameters calctda were 1.0232, 0.0738, and 0.1945 for the Gumbel
Hougaard, Clayton, and Frank families, respectively. These parameters met the
requirements of trivariate copulas, in that the parameter for the Girinbiglaard
family is above 1.0 and the parameters far €layton and Frank families are above
0.0. These parameters tend to be a bit lower than the parameters calculated in the
simulation studies evaluating various samples sizes. Because the copula parameters
are related to the ranks of the data in thermeg tidal, and pluvial flood depth
samples, it was not expected that the sample size would greatly influence the
parameters. The copula parameters calculated for the observed data were similar
overall to the parameters calculated for the varying cdioelacenarios in which the
correlations between samples tended to be low. In particular, the copula parameters

were most similar to those calculated for scenarios RLA and RLHL. These scenarios
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were the most similar to the observed data. The levelroflation between the flood
source samples was expected to impact the copula parameters because the copula
parameters were based on the relative ranks of the three data sets. The level of

correlation would be expected to impactseelative ranks.

Basal on the calculated copula parameters, the AIC values were then
calculated for each of the three copula families in order to draw conclusions about the
most appropriate copula family for further use. The AIC values calculated were
35.9917, 17.3744, and BB69, for the GumbdHougaard, Clayton, and Frank copula
families, respectively. These values are quite a bit higher than the AIC values
calculated in the simulation studies. This suggests that it was more difficult to fit the
copulas to the observedtdahan the simulation study data, which would be expected
because the observed data contained numeroudlaedoyears that the observed
data did not. The most appropriate copula family appears to be the Frank family.
Though the AIC value suggests thta¢ Frank family is the best family to represent
the observed data, all three copula families will be used to calculate copula cdfs and

pdfs to determine the impact of the choice of copula family.

Table 75 provides the joint pdfs and cdfs calculatechgdoth the Gumbel
Hougaard, Clayton, and Frank copula families for the observed flood inundation
depth data. The joint pdfs are not valuable in themselves, but were necessary for
further use in determining the nexceedance probabilities correspondimghie total
flood depths. The joint distributions, both the pdfs and the cdfs, were very similar for
the three families. This suggests that the choice of copula family would not have a

significant impact on the development of the joint distributionse rEipresentation
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of the dependence between the flood depths is the primary difference between the
copula families. This suggests that the level of dependence between the three sets of

flood depths was such all three copula families could represent theqlally.

It should be noted that the maximum cumulative probability identified for the
sample in Table-b was only 0.58. However, if the largest riverine, tidal, and pluvial
flood depths had occurred jointly, the maximum joint cumulative prabatibuld
have been 0.88. This suggests that the joint distribution was a complete cdf;
however, the small sample did not fully represent the joint population. The copula
parameter was calculated based on the ranks of the observed riverine, tidal, and
pluvial flood depths, and for each sample, all of the-Hlexd years received equal
ranks. This may have skewed the resulting copula parameter, such that the observed
samples were not representative of the joint distribution. The maximum joint cdf
valuefor the observed sample based on two flood sources was also lower than
expected for a cdf; however, in that case the distribution could be plotted, which
allowed the full distribution to be visualized. Since the distribution cannot be
visualized for thredood sources, it is more difficult to understand the full population
of the joint cdf. The low maximum joint cumulative probability may also have been
influenced by both the sample size and the level of correlation between the samples,
based on observanhs from the simulation studies. The maximum cdf value for the
samples of size 10 and 25 were also observed to be lower than expected for a cdf, but
for larger sample sizes the maximum joint cumulative probability calculated for the
sample was observed increase. Further, lower joint cumulative probabilities for the

samples were observed for simulated samples with lower levels of correlation
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between the samples than for samples with high levels of correlation. The observed
data had low correlation lve¢en the riverine and tidal and tidal and pluvial samples;

thus, lower joint cdf values could be expected.

Table 7-5: Joint PDFs and CDFs Calculated for the Observed Flood Depth Data

Riverine | Tidal Pluvial

Flood Flood Flood Gumbel | Gumbel

Depth Depth Depth Hougaard| Hougaard| Clayton | Clayton | Frank Frank

(ft) (ft) (ft) pdf cdf pdf cdf pdf cdf
2.5685| 0.0000| 0.3400 0.0069 0.0573| 0.0065| 0.0602| 0.0067| 0.0574
5.0699| 0.0000| 1.1750 0.0004 0.0827| 0.0004| 0.0834| 0.0004| 0.0825
0.0500| 2.2087| 0.0100 3.3338 0.0337| 3.2328| 0.0392| 3.3042| 0.0341
0.0500| 1.5846| 0.0100 4.3147 0.0254| 4.1998| 0.0309| 4.3110| 0.0258
0.0500| 2.8648| 0.1350 0.3365 0.0985| 0.3362| 0.1032] 0.3317| 0.0990
4.1238| 0.1125| 0.7310 0.0014 0.0904| 0.0014| 0.0919| 0.0014| 0.0903
0.0500| 1.6486| 0.0100 4.2495 0.0263| 4.1318| 0.0318] 4.2407| 0.0267
0.0500| 2.6888| 0.0100 2.3414 0.0383| 2.2844| 0.0438| 2.3232| 0.0387
0.0500| 2.0007| 0.0100 3.7299 0.0312| 3.6156| 0.0367| 3.7029| 0.0316
1.9846| 0.0000| 0.0200 0.0837 0.0212| 0.0797| 0.0255| 0.0830, 0.0214
1.7504| 3.9849| 04970 0.0020 0.5846| 0.0021| 0.5821| 0.0021| 0.5823
0.0500| 2.1447| 0.0100 3.4602 0.0329| 3.3545| 0.0385| 3.4309| 0.0333
0.0500| 2.0167| 0.0100 3.7012 0.0314| 3.5877| 0.0369| 3.6738] 0.0318
2.7329| 0.0000| 0.0100 0.0856 0.0178| 0.0822| 0.0218| 0.0853| 0.0179
4.1497| 0.6565| 1.4000 0.0007 0.2143| 0.0008| 0.2147| 0.0007| 0.2137
0.0500| 2.0647| 1.4730 0.0302 0.1388| 0.0312| 0.1416| 0.0302| 0.1390
0.0500| 1.3606| 0.0100 4.4531 0.0220| 4.3570| 0.0274| 4.4700| 0.0224

7.3.3. Calculation of Combined Flood Frequency Curve

The final step of the prodere was to use the joint probability distribution
developed for the observed data to determine theemoeedance probabilities
corresponding to total flood depths. This provided information about the flood
hazard when three dependent sources were @esido impact the location. The
following sections will explain the methods used to develop the final flood frequency

assessment for total flood depths.
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7.3.3.1. Description oMethods

The results of the copula procedure described in section 7.3.2joivenedfs
and cdfs, which provide the probability that corresponded to a specific joint event.
However, the primary interest was the probability of a certain flood depth occurring,
when that flood depth might be due to one of the sources individuatipnos
combination of the three sources, such that many possible combinations could result
in the desired flood depth. Because the riverine, tidal, and pluvial contributions to
flood inundation at the location of interest were summed in the process wifyidgn
annual maximum events, flood depths were also summed to identify probabilities that
corresponded to total flood depths. Within the joint probability distribution, the
region that corresponded to a specific total flood depth was identified asdaboloyd
the riverine inundation depths, tidal inundation depths, and pluvial inundation depths
axes and a triangular plane connecting the points (0, tidal depth of interest, 0),
(riverine depth of interest, 0, 0), and (0, O, pluvial depth of interest)thér words,
the points where the flood inundation depth of interest was caused only by one of the
sources, riverine, tidal, or pluvial, were identified and connected by a plane. All of
the points on this plane summed to a total depth equal to the deptérest to be

used in flood risk assessments.

The massinder the joint probability distribution within this bounding region
represents the neexceedance probability for a given flood depth. This was
calculated using a triple integral. Within thipke integral, the lower and upper
bounds of the outer integral were 0 and total depth of interest, respectively. The

lower and upper bounds of the middle integral were 0 and:
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Upper Bound =
Total Depth of Interest — Riverine Contribution to Total Depth

(7-17)
The lower and upper bounds of the inner integral werad0 an
Upper Bound =
Total Depth of Interest — River Contribution to Total Detph —
Tidal Contribution to Total Depth
(7-18)

As an example, if the riverine flood depth was 3.5 feet, the corresponding tidal flood

depth was 3 feet, and the pluvial flood depth was 2 feet, the total flood depth of

interest would be 8.5 feet. In this scenario, the outegrat lower and upper bounds

would be 0 feet and 8.5 feet, respectively, the middle integral bounds would be 0 and

(8.5 feeti 3.5 feet), or 5 feet, and the inner integral bounds would be 0 feet and (8.5

feeti 3.5 feeti 3 feet), or 2 feet. The tripletigral was calculated in Matlab using

the adaptive Simpsonés method, a numeri cal
recursive algorithm to approximate the integral based on the error in estimates

cal cul ated wusi ng -8xcaagasce prababiiofeathealueof The non
total flood depth was calculated using this triple integral procedure, and then the

probabilities were plotted against the total depth values.

The final task to determining the probability of total flood depths was to
identify the apprpriate distribution to represent the population. Four distributions
were fitted to the total flood depths: the LP3, the GEV, the gamma, and the normal
distributions. The GEV and gamma distributions were chosen for consideration
because they were the twaarginal distributions used to represent the simulated

riverine, pluvial and tidal data. The LP3 distribution was selected for consideration
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because it is commonly used to represent flood data. The normal distribution was
selected for consideration besauthe purpose of the copula is to develop a joint
distribution when the marginals are represented by different distributions; thus, it was
believed that the results of the copula might not follow either of the marginal

distributions.

These four distribiions were fitted to the total flood depth samples using
either Maximum Likelihood Estimation or Method of Moments and they were
compared to the probabilities calculated for each copula family based on the triple
integral procedure. The fitted distribut®dwere plotted against the total flood depths
and compared to a plot of the rRerceedance probabilities calculated by triple
integral versus the total flood depths. These plots, as well as probability plot
correlation coefficients, were used to detemnivhich of the four distributions could
best represent the total flood depth populations for each simulated scenario. The
result of this process was a population from which-eoceedance probabilities
corresponding to total flood depths for the locatibimterest could be identified.

From this distribution, the true nature of the flood hazard for the location of interest

could be understood, which was the ultimate goal of this research.

7.3.3.2. Description of Results

Using the joint distributions deloped based on the observed riverine, tidal,
and pluvial flood depth data, n@xceedance probabilities were calculated that
corresponded to total flood depths. The LP3, GEV, gamma, and normal distributions
were fitted and compared to the rexceedancprobabilities calculated for total

flood depths. Table-8 provides the parameters calculated for each distribution for
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the observed total flood depths and the probability plot correlation coefficients
calculated for each distribution. The probabilitgtptorrelation coefficients indicate

that the LP3, GEV, and gamma distributions would all fit the observed total flood
depths well, and should perform approximately equally well. As was observed in the
simulation studies, the normal distribution doesapyear to be able to fit the total

flood depths as well as the other three distributions, based on the probability plot

correlation coefficients.

Figure 7-7: Comparison of LP3 and Normal Distributions Fitted to the Observed TotaFlood Depths

LP3 GEV Gamma | Normal
Shape 12.1435 0.459 4.4992 N/A
Scale 0.138 0.8221 0.707 1.6761
Location -0.6333 2.2406 N/A 3.181
Probability
Plot
Correlation
Coefficient 0.9985 0.9997 0.9916 0.9779

Based on the probability plot correlation caoaéints, it would appear that
either the LP3, GEV, or gamma distributions could be selected to representthe non
exceedance probabilities corresponding to the observed total flood depths. Fgure 7
compares the fitted distributions to the observed fltatl depths and the nen
exceedance probabilities calculated using the triple integral procedure for the Frank
copula equation, which was identified as the most appropriate copula to represent the
observed data. This figure suggests that the LP3, GE\Wandha distributions
perform approximately equally. However, none of the four distributions fit the upper
tail of the observed data, based on the-exteedance probabilities calculated using

the triple integral.Based ormprobability plot correlation cdécients and Figure -B,
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the gamma distribution was selected to represent the total flood depths. This

distribution appeared to better match the curvature of the observed data in Figure 7

In the simulation studies discussed in Chapter 6 the disotizuwere
observed to provide excellent fits overall to the total flood depths. However, that
none of the four distributions was found to fit the observed total flood depths was also
observed when only two flood sources were considered. For two flootesothe
poor fit to the upper tail of the observed data was determined to be primarily related
to the large number of zeftnod years in the flood depth samples. Because there
were numerous zetftood years in the observed data for three flood sowasegell,
it was expected that this remained a primary cause of the poor fit between-the non
exceedance probabilities calculated using the triple integral and the distributions fitted
to the total flood depths. When the poor fit in the upper tail wasiigated for two
flood sources, it was also determined that the lack of a strong relationship between
the two flood sources was also an important factor. A strong relationship was also
not evident between the three flood sources. To determine the gbiapiact of this
factor on the nomexceedance probabilities calculated for the total flood depths
influenced by three flood sources the largest riverine, tidal, and pluvial flood depths
were assumed to occur jointly. The rexceedance probability caletéd for this
combination of flood depths was 0.89, which was greatly improved over the
maximum norexceedance probability calculated by the triple integral in Figi&e 7
This suggests that, if a stronger relationship between three flood sources #xsted,
triple integral procedure would result in larger rexteedance probabilities as would

be expected for a cumulative distribution.
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Figure 7-8: Comparison of LP3 and Normal Distributions to NonExceedance Probabilities Calclated for
Total Flood Depths for the Observed Data

The impact of the choice of distributions to represent the total flood depths on
the predicted flood depths for several common exceedance probabilities was also
investigated. Flood depths were calculdtadusing each of the four distributions for
exceedance probabilities of 0.1, 0.02, and 0.01. For the exceedance probability of 0.1
there was very little difference in the predicted flood depths, which agreed with the
results presented in Figured7 Fa the larger events, exceedance probabilities of
0.02 and 0.01, the choice of distribution would have more influence on the predicted
flood depths. For an exceedance probability of 0.01, the predicted flood depths could
vary from approximately 7 feet t 2 feet, which was likely not an insignificant
difference. Thus, though the four distributions appear to perform similarly over the
range of the observed data, giving the impression that the choice of distribution is not
terribly important, the predictioof flood depths for larger flood events suggests that

this decision could greatly influence the understanding of the flood hazard.
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Table 7-6: Flood Depths (in Feet) Calculated For Common Exceedance Probabilities Using Each

Distribution
Exceedance
Probability | LP3 GEV Gamma | Normal
0.1 5.3695| 5.4811| 5.1899 5.329
0.02 8.7676| 11.1877| 6.9557| 6.6233
0.01 10.578| 15.2444 7.658| 7.0802

7.3.4. Comparison of Flood Hazard Based on Different Assumptions

The results presented previouslywédeen derived based on the assumptions
that all three flood sources must be considered together and that the three flood
sources are not independent of each other. These results can be compared to flood
frequency curves obtained using each of the thoeeces individually in order to
draw conclusions about the importance of considering all three flood sources
together. These results can also be compared to flood frequency curves computed
based on all three flood sources but with an assumption thifbddesources are

independent of each other.

Annual maximum flood deptHesr each independent flood soungere
identifiedwithout consideration of the other flood sources (independently of each
other)and flood frequency assessments were made. Bagbé atentified annual
maximum flood depths, distributions were fitted and used to provide an
understanding of the likelihood of flooding from each source. The marginal
distribution parameters fitted to the riverine, tidal, and pluvial flood depth data are
presented in Table-7 through 79, respectively, along with the probability plot
correlation coefficients computed to determine the most appropriate distribution to
use to represent each flood source. Figus#8 through 712 compare each possible

probability distribution to the observed independent flood sources. Based on the
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agreement of the fitted distributions to the observed flood depths in these figures and
the probability plot correlation coefficients, the gamma distribution was chosen to
repreent the independent riverine and pluvial flood depths and the GEV distribution
was chosen to represent the independent tidal data. As was observed for the
dependent flood sources, numerous #Z&rod years in the riverine and pluvial

samples made it diffult to fit distributions to these flood depth samples.

Table 7-7: Marginal Distribution Parameters and Calculated Probability Plot Correlation Coefficients for
Independent Observed Riverine Flood Sources

LP3 Lognormal | Gamma | Weibull
Shape 113.6015 -0.7384| 0.5415| 0.6584
Scale -0.177 1.886 2.812 1.1643
Location 19.3636 N/A N/A N/A
Probability Plot
Correlation
Coefficient 0.8864 0.867 0.9697| 0.9546

6 T T T T T T T T T
¢ Obsened Data
LP3 Distribution
Lognormal Distribution [ O
Gamma Distribution
— Weibull Distribution

Riverine Inundation Depth
w

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Nonexceedance Probability

Figure 7-9: Marginal Distributions Fitted to the Ind ependent Observed Riverine Flood Depths, where the
Flood Depths were in Feet
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Table 7-8: Marginal Distribution Parameters and Calculated Probability Plot Correlation Coefficients for
Independent Observed Tidal Flood Sources

Extreme
Value GEV Rayleigh
Shape N/A 0.0824 N/A
Scale 2.4925 0.3941 1.5825
Location 0.7784 1.8982 N/A
Probability Plot
Correlation
Coefficient 0.8397 0.9533 0.9115
4 T T T T T . 'L T T T /
O Observed Data /
Extreme Value Distribution /
351 GEV Distribution / i
Rayleigh Distribution /
g 3 .
A
é 25F i
1.5F bt
10 O.rl O.r2 O.r3 O.r4 0.r5 O.r6 O.r7 O.rB 0.r9 1

Nonexceedance Probability

Figure 7-10: Marginal Distributions Fitted to the Independent Observed Tidal Flood Depths, where the
Flood Depths were in Feet

Table 7-9: Marginal Distribution Parameters and Calculated Probability Plot Correlation Coefficients for
Independent Observed Pluvial Flood Sources

LP3 Lognormal | Ganma | Weibull
Shape 7.0022 -3.0935| 0.3698| 0.4953
Scale 0.7779 2.0584| 0.7435| 0.1303
Location -8.5404 N/A N/A N/A
Probability Plot
Correlation
Coefficient 0.8973 0.9449| 0.9837 0.976
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Figure 7-11: Marginal Distributions Fitted t o the Independent Observed PluviaFlood Depths, where the
Flood Depths were in Feet

Based on comparison of Figured.@ through 712, it appears that
consideration of only one of the potential flood sources would result in quite different
understandings dhe likelihood of flooding at the location of interest. When the
riverine flood source was considered independently, the maximum flood depth did
not change significantly, but the curvature of the frequency curve did vary, which
would impact the predicteitbod depths beyond the range of the data. The same held
true for the tidal and pluvial flood depth samples. When all three flood sources were
considered independently there were also feweriteod years in each flood depth
sample. Consideration did three flood sources dependently resulted in more
frequent occurrences of zeflood years because the three flood sources do not
always occur simultaneously and in some years the annual maximum flood event is
caused by only one or two flood sources.e3éndifferences in expected flood
probabilities based on which flood source was considered would certainly impact

precautions taken to protect against flood events.
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It is also important to compare the flood frequency curves to assess the
importance oftite assumption of independence. The marginal distribution parameter
values in Tables-7, 7-8, and 79 can also be compared to those presented in Tables
7-2, 7-3, and 74, which were developed based on the understanding that the three
flood sources were gendent. When the annual maximum flood depths caused by
each flood source were determined independently of each other, the riverine gamma
shape parameter increased and the scale parameter decreased. When the annual
maximum flood depths were calculatedependently the GEV distribution shape
and location parameters increased, while the scale parameter decreased. When the
annual maximum flood depths were calculated independently, the gamma distribution
shape parameter increased and the scale parameateasket This suggests that
consideration of the flood sources independently or dependently would influence the
annual maximum events chosen, and therefore also the marginal distributions fitted to

the annual maximum flood depth data.

It is also possild to calculate the joint probability of a given flood depth
occurring while making the assumption that the flood sources are independent of each
other. For three flood sources, the equation to dexqmanded from Equation3,
would be:

P'oint = F?‘ivar‘ + Ftiﬂ'a + F‘p!uviﬂ! - F?‘ivar‘ * Ftiﬁ'a - Fr'iz:ar' * F‘p!uviﬂ! - Ftiﬂ'a *

7
P’p!urirﬂ + Priz:ar = 'Prz'ris ® Pp!urirz!

(7-19)

where P indicates the exceedance probability corresponding to a given flood depth

and the subscript indicates the flood source. Figtlr2 @rovides the exceedance

369



probabilities corresponding to total flood depths for the independent rivedak, ti
and pluvial scenarios, the joint distribution calculated based on the assumption of

independence, and the joint distribution based on the assumption of dependence.

e

= Independent River

== Independent Tide

Independent Pluvial

==&=|ndependent Joint

Exceedance Probabilities

==¥e==Dependent Joint

Flood Depths (ft)

Figure 7-12: Exceedance Probabilies Calculated for the Independent Riverine, Tidal, and Pluvial Flood
Sources and the Independent and Dependent Joint Distributions

From Figure 712 it was clear that the consideration of only one of the flood
sources independently would result in a vdifferent understanding of the flood
hazard. The exceedance probabilities calculated for the independent tidal flood
source decreased much more steeply as flood depth increased than either the riverine
or pluvial flood sources. The riverine and pluviabd sources both had more zero
flood years than the tidal flood source; thus, the highest exceedance probabilities for
these flood sources occurred at very low flood depths. Because of tHopdro
years, the riverine and pluvial flood samples had nioxler exceedance
probabilities for flood depths below approximately 3 feet than did the tidal flood

source. The riverine flood source then had the highest exceedance probabilities for
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flood depths greater than 3 feet, which was expeagiiezh that the kierinedepth

samples had greater maximum flood depths than did the tidal or pluvial samples.

The importance of the assumption of independence or dependence between
the flood sources was assessed based on Figle The joint distributions result in
fairly similar exceedance probabilities overall. Both differ from the three
independent flood sources, as would be expected given that they are based on all
three of the flood sources. It can be expected that consideration of all three flood
sources, eithreindependently or dependently will result in a more complete
understanding of the flood hazard for the location of interest. Based on FijRre 7
it does appear that the assumption of dependence or independence could alter the
expected probability of given flood depth, but only for flood depths in the mid
depth ranges. The most significant differences would occur for theamig flood
depths, where the most difference exists in the exceedance probabilities calculated for
each flood source. Througihese flood depths, the exceedance probabilities
calculated using the assumption of dependence decrease more gradually, leading to a
higher expectation of these flood depths occurring when the three flood depths are

considered to be dependent.

Less sigriicant difference between the joint dependent and joint independent
exceedance probabilities were observed for two flood sources, where it was
conjectured that the lack of a strong relationship between the flood sources resulted in
the minimal differencen exceedance probabilities calculated based on the
assumptions of dependence and independence. For three flood sources, a strong

relationship did not exist between the riverine and tidal or the tidal and pluvial flood

371



depth samples, but a strong relatimpsvas evident between the riverine and pluvial
samples. This relationship may explain why the assumption of independence or
dependence between the flood sources seems to have more impact when three flood

sources were considered than when two flood ssunere considered.

7.3.5. Conclusions

A procedure was successfully developed to calculate the probability of
flooding when three flood sources could potentially impact a location of interest. The
procedure required identifying the annual maximum fleeents caused by each
flood source based on first identifying the annual maximum flood depths caused by
all three flood sources. Marginal distributions were then fitted to these annual
maximum event data sets. The gamma distribution was selecteddasemooth the
riverine and the pluvial flood depths and the GEV distribution was selected to

represent the tidal flood depths.

Once the marginal distributions were identified, joint distributions were
determined using copula families. The copula pextar was calculated and the
copula family most appropriate to represent the observed data was chosen. The Frank
family was determined to be the most appropriate copula family to represent the
observed data, as was the case in several simulation sttiie®ver, minimal
difference was observed between the joint distributions calculated based on all three
of the copula families, as was also observed in the simulation studies. The joint
probability distributions were then used to determine the probabilitytal flood
depths by taking the triple integral under the joint distribution. These non

exceedance probabilities were then compared to cdfs calculated by fitting four

372



distributions to the total flood depths. The gamma distribution was selectesl as th
best distribution to represent the total flood depths, as was observed in the simulation
studies, based on comparison to the results of the triple integral procedure. These
probabilities were used to represent the flood hazard for the location o$iriiased

on the three potential flood sources.

The importance of the assumption of independence or dependence between
flood sources was also assessed for three flood sources. Differences were observed
between the calculated probabilities that corredpdrto riverine, tidal, or pluvial
flood sources individually and between the joint probabilities when considering the
three flood sources as dependent or independent. This indicates that it is very
important to consider all possible flood sources in otd®btain a full understanding
of the likelihood of flooding at a location of interest. Further, the two assumptions
were observed to result in different probability estimates formamdje flood depths.
This suggests that the assumption of indeperelendependence has some impact on
the understanding of the flood hazard at the location of interest. The assumption of
independence or dependence was not observed to have a significant impact on the
flood hazard assumption when only two flood sourcegwensidered. However, a
strong relationship did not exist between the two flood sources, and for three flood
sources a strong relationship was apparent between the riverine and pluvial flood
depth samples. This relationship likely explains the morefgignt impact of the

assumption of independence or dependence observed for three flood sources.
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7.4. Flood Risk Calculations

The previous sections have developed a process to assess the flood hazard for
a location of interest based on multiple flemlirces. The flood frequency
assessments developed were based on joint distributions for all three flood sources
calculated based on copulas. However, the flood hazard is only one part of flood risk.
The other two components of flood risk are the vidbéity to flooding and the
consequences that result from those flood events. Flood risk is calculated by
multiplying the exceedance probability, the vulnerability, and the consequences for a

given flood depth of interest.

The term vulnerability refers tiie ability of the system in place to protect the
location of interest from flooding. The system will include any structures near the
location of interest designed to reduce the probability of flooding or any nonstructural
measures taken at or near thedtion of interest to reduce either the probability or
the consequences of flooding. Common examples of structural systems include
levees or floodwalls. Nonstructural measures include elevation of strudtooels,
proofingstructures, or creating adidihal room to store waters naturally. Regardless
of the system designed to protect the location of interest, failure is always a
possibility. This potential is incorporated into the vulnerability term of the risk

equation.

To complete the flood risk caltations, the consequences of the flood event
must be assessed. Consequences may be identified in economic terms, such as

damages to structures and infrastructure, environmental damages, or loss of life or
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injuries as a result of the flood event, thoughremic terms are the most commonly
used. For the purpose of providing an example of the method, economic
consequences will be considered because they can be easily calculated and

understood.

7.4.1. Description ofMethods

The exceedance probabilitiedadated for the total flood depths using the
copula procedure were used as input to the flood risk calculations. Flood risk
calculations also rely on measurements of vulnerability and consequences.
Vulnerability is a weight, that ranges between 0 andtiIadicates how well the in
place system to protect the location of interest from flood events is expected to
perform. Therefore, vulnerability will vary with flood depth. A hypothetical
vulnerability curve was created for use in experimental calcaktiés shown in
Figure 713. Vulnerability increases with depth in a linear fashion, which indicates
that vulnerability is simply directly proportional to depth of flooding, which may be
true for certain systems. Without specific information about teesyin place at
the location of interest this linear curve seemed to be a reasonable approximation of
vulnerability for the purpose of these calculations. Vulnerability will vary

significantly, depending on the system in place and on the conditiont slytam.
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Figure 7-13: lllustration of the Vulnerability Curves Used in Flood Risk Assessments
Consequences, which are measured as damage to the structure and its contents

due to the flood, will Bo vary with depth. Deptdlamage curves (e.g., see Figure 7
13) obtained from USACE (2003)e used to determine the percentage of damage to
the structure and to contents based on the depth of flooding. Thesgedeetht
damage curves are general @gvhat can be applied nationally, though it is also
preferable to derive specific curves for a given location. For a hypothetical scenario
using simulated data, the general curves were deemed to be appropriate. These
percent damage values were then iplidtd by the value of the structure and the

value of the contents to determine the total monetary damage due to varying flood
depths. For the hypothetical scenario, the structure was assumed to b&t@ywo
residential structure without a basementuassd to be worth $150,000 with contents
assumed to be worth $25,000. The resulting depihetary damage curves are

provided in Figure 714.
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Figure 7-14: Depth-Percent Damage Curves Obtained from USCE (2003)
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Figure 7-15: Depth-Monetary Damage Curves

Depending on the purpose of the risk analysis, it might be desirable in some
circumstances to fit equations to the vulnerability and consequenascanch that
values could be determined for any flood depth of interest. However, the purpose of
this analysis is simply to demonstrate the effect of the comprehensive probability
assessment on risk calculations. Thus, the population fitted to thelarcee
probabilities that corresponded to the total flood depth values was used to determine
the exceedance probabilities corresponding to various depths of flooding for which

values of vulnerability and consequences had been obtained. These exceedance
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probabilities were multiplied by the vulnerability values and consequence values for

each flood depth to obtain flood risk values for each flood depth.

Several comparisons of flood risk were made using the observed data to
understand the impact of multifleod sources. First, the flood risk was calculated
based on the exceedance probabilities corresponding to flood depths for each of the
individual flood sources. For this, the probability distributions fitted to the annual
maximum riverine and tidal fmd depths, identified independently of each other, as is
typically done in flood frequency analyses, were used. This analysis illustrated the
impact of considering only one of the flood sources at a time on the understanding of

flood risk at a specific kation.

Flood risk calculations were also made using the exceedance probabilities
calculated based on the copula, which considered all three flood sources and the
dependence between them. This was believed to provide a more complete
understanding of thikood hazard, and thus should also provide a more complete
understanding of the flood risk. These flood risk calculations were compared to those
made using each of the individual flood source exceedance probabilities. The
purpose of this analysis wasiliostrate how the inclusion of all flood sources
impacted flood risk, as well as how this method resulted in a varied understanding of

flood risk for the location of interest.

Finally, flood risk was calculated using the exceedance probabilities
calcubted based on Equationl®. The results of this equation provided an

understanding of the joint probability of flooding; however, the Equatidf 7
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assumes that the three flood sources are independent. The purpose of this analysis
was to assess the ingpahat this assumption of independence between the flood

sources would have on the understanding of flood risk for the location of interest.

7.4.2. Description of Results

Based on the exceedance probabilities calculated based on all three flood
sour@s, considered to be dependent, the vulnerability curve, and the consequence
curve, flood risk calculations were made. FigwEs/provides the exceedance
probabilities and Figure-I7 provides the flood risk calculated based on the
assumption that all tee flood sources should be considered to be dependent. The
exceedance probabilities decreased steeply over a range of flood depths from
approximately 1 to 6 feet. The flood risk peaked at a flood depth of approximately 4
feet and then decreased gradpab flood depth increases. Though the exceedance
probability calculated for this scenario peaked at a lower flood depth than the flood
risk, the multiplication of the exceedance probabilities with the vulnerabilities and
consequences resulted in thigiktly higher peak. The gradual decline in flood risk
does mirror the gradual design in exceedance probabilities as the flood depths

increased.
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Figure 7-16: Exceedance Probabilities Calculated for théndependent Riverine, Tidal, and Pluvial Flood
Sources and the Independent and Dependent Joint Distributions
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Figure 7-17: Flood Risks Calculated for the Independent Riverine, Tidal, and Pluvial Flood &rces and the
Independent and Dependent Joint Distributions

Comparison of the flood risks calculated based on each of the three flood
sources independently suggests that a much different understanding of flood risk
would be developed if only one of thedld sources were considered, as would be
expected given the variations in the exceedance probabilities calculated for each flood
source. For instance, the independent tidal flood depth sample resulted in the highest

flood risk for low flood depths, becarishe exceedance probabilities for this sample
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were highest for low flood depths. The pluvial flood depth sample resulted in very
low flood risk, which would be expected given the very low flood depths in this
sample. The riverine flood risk calculatedsagreater than the pluvial flood risk but
less than the tidal flood risk for low flood depths, and greater than both for larger
flood depths. The riverine flood risk also peaked at a higher flood depth than the
riverine exceedance probabilities, basedhenmultiplication of the exceedance

probabilities by the vulnerabilities and consequences.

The flood risk, when calculated based on the joint probabilities, appears to
differ widely when calculated based on the assumptions of dependence and
independene. The multiplication of the exceedance probabilities with the
vulnerabilities and consequences exacerbated the differences in the exceedance
probabilities. The assumption of dependence between the flood sources results in
higher flood risks calculate@f given flood depths. This was not unexpected, given
the typically higher exceedance probabilities observed for a given flood depth when
the assumption of dependence was made. This suggests that the difference in
exceedance probabilities based on tlseiamption of dependence and independence
carried over into the flood risk calculations, such that this assumption would
influence the understanding of the flood risk for the location of interest. The use of
either joint distribution also differs widely fno the flood risks calculated based on
the individual flood sources, though they align most closely with the riverine flood
risk calculations. This can also be explained by the differences in understanding of

probabilities of flood events for all of theseenarios. This suggests that the
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consideration of the flood sources jointly, either independently or dependently, would

result in a more complete understanding of the flood risk for the location of interest.

7.5.3. Conclusions

Flood risk calculations we made using the probabilities of flooding
calculated based on all three flood sources. The primary purpose of this assessment
was to determine how consideration of all three flood sources would influence
understanding of the flood risk at a locationrdérest. Flood risk calculations were
made based on joint probabilities calculated under the assumptions of independence
and dependence and based on probabilities calculated for riverine, tidal, and pluvial
flood sources independently. These resultgesgthat only considering one of the
flood sources does not provide an understanding of the full risk of flooding at a
location. Further, consideration of the joint probabilities calculated based on the
assumption of dependence typically resulted indasxceedance probabilities, and
therefore larger flood risk, than based on the assumption of independence. Neither
set of probabilities can be considered
the observed flood sources; an argument for thenality of the assumption of
dependence can be made. This variation in calculated probabilities of flooding and
flood risk will influence the planning steps taken to prepare for and reduce damages
from flood events, so the decision as to what methoddaanuassessing the flood

hazard and flood risk should be made with careful thought and consideration.
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CHAPTER 8

UNCERTAINTY ANALYSES FOR MULTIPLE

FLOOD SOURCES

8.1. Introduction

In addition to developing and testing a method of assessing the impact of
multiple flood sources on flood hazard and flood risk assessments, another objective
of this research wase quantify the various sources of uncertainty that could be
associated with each of the potential sources of flocamigshow the effect of the
uncertanties on flood risk estimatedVhen considering multiple potential sources of
flood waters, such asverine flow, coastal watesurface water flow, ogroundwater
numerous sources of uncertainty are associated with each individual. slource
additionto the uncertainty associated with each individual flood source, the process
of developing a flood hazard assessment based on all possible sources of flooding
may increase or otherwise alter the level of uncertainty.

Singhet al.(2007) defined uncertaiy as a measure of the imperfect
knowledge or probable error that could occur in an analysis. This error could be
introduced through data collection, modeling and analysis of engineering systems,
and prediction of a random process. Categories and soafrc@certainty identified
included natural, model, parameter, data, computational, and operational. Based on

these definitions, the uncertainty analysis was defined as the study of the uncertainty
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in a model 6s out put as sarcdsofurcertaimyn of an
associated with the model inputs.

Many sources of uncertainty enter into flood risk assessments. For instance,
the exact location of a flood event cannot be specified with certainty, nor can the
timing or intensity of the event (@&bng, 2009). Uncertainty in measured flow data
influences the computed inundation depth in the surrounding area, asitepidrge
relations are imprecise. This can be estimated based on knowledge of the
topography, but these estimates will always imgsome level of uncertainty. In
addition to the physical processes that influence flooding, uncertainty results from the
simplification of the hydrologic and hydraulic models used. Numerous parameters
used throughout the flood frequency analysis proeedre estimated based on
uncertain data, which can lead to uncertain model results. Understanding the
uncertainties in both the physical processes and the modeling of floods will be
valuable in improving the use of flood estimates. By quantifying ticerainties
that may be associated with a flood frequency analysis and determining which of
these uncertainties are most significant, an understanding can be developed of where

to focus future research efforts to improve the accuracy of flood predictions.
8.2. Two Flood Sources

The level of uncertainty was first assessed for consideration of two potential
flood sources. The following sections describe the methods used to assess the

uncertainty in the analysis when riverine and tidal flooding are afeisitethough the

methodology would be applicable to other combinations of two flood sources as well.
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The results provide a quantification of the level of uncertainty in the assessment of

the flood hazard for the location of interest in Florida.
8.2.1. Description of Methods

The purpose of this uncertainty analysis was to identify the impact that
uncertainties or errors throughout the analysis procedure had on the flood depths
calculated for desired exceedance probabilities. The typical method of togdauc
uncertainty or error analysis requires identifying the magnitude of errors that can
reasonably be expected for given parameters or coefficients in order to determine the
magnitude of expected impacts (McCuen, 2003). The analysis conducted for the
observed data at the location of interest, presented in Chapter 5, included: (1) the
calculation of flood inundation depths based on gage measurements; (2) the fitting of
marginal distributions to the flood inundation depth records; (3) the fitting df join
distributions using the copula equations; (4) the calculation oeroeedance
probabilities that correspond to total flood depths using the double integral procedure;
and (5) the fitting cumulative distributions to represent the probabilities assbciate
with total flood depths. However, steps 2 through 4 were used only to assess the
goodnesf-fit of several distributions fitted to the total flood depths.

In order to determine the cumulative probabilities of total flood depths, the
steps that wereeguired included: (1) the calculation of riverine inundation depths
based on gage measurements; (2) the calculation of tidal inundation depths based on
gage measurements; (3) the calculation of total flood depths by summing the
corresponding riverine andlal inundation depths; and (4) the fitting of distributions

to the total flood depth data series. Within this procedure, uncertainties were present
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in the processes used to calculate flood inundation depths based on the gage data.
Further uncertainty myahave been introduced through the choice of distribution fitted
to the total flood depths, as clear guidance for choosing one distribution or copula
family over the other possibilities does not exist.
8.2.1.1. Generation of Simulated Gage Measurements @attulation of Flood
Depths

The first step of the uncertainty analysis for two flood sources was to
randomly generate the riverine and tidal gage data. In order to make the results of the
uncertainty analysis comparable to the results of the obsertedaaples
representing 17 annual maximum flood deptiese generated for each flood source.
In order to understand the error associated with the procedure, a total of 3,000 sets of
samples were generated and used in the assessment of uncertaintyerirtee r
samples were generated using both aRegrson Type Ill population (shape
parameter of 196.4906, scale parameter of 0.1477, and location parameter of
24.5884) while the tidal samples were generated using a GEV population (shape
parameter 0f0.6427, scale parameter of 1.4606, and location parameter of 2.8305).
These parameters were estimated based on the observed gage measurements. The
simulated riverine gage measurements were then transposed downstream, as
described in Chapter 5. This processolved one uncertain parameter. The value of
the transposition parameter for each run was randomly generated fromahog
population with a mean of 0.8 and a standard deviation of 0.28n@am 0f0.2809
and logstandard deviation of 0.34 for theg-normal distribution), where the mean

value was identified from the observed data and the standard deviation was
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approximated by multiplying the mean value by the expected error, which was
believed to be approximately 35%. The expected error wasfiddriased on
experience working with hydrologic data.

Next, riverine flood inundation depths were calculated based on the
transposed discharge data using the process described in Chapter 5. The parameters
and coefficients of urbtaofuncenant ; this stepafoi on wer
each simulation run, each parameter value was generated randomly from lognormal
populations, with mean values identified as\hkie calculated for thebserved data
setand standard deviations identified as theeex@d error in those parameteFor
Manningdés roughness, the mean, based on th
standard deviation wds015 (for the loghormal distribution the lognean was
3.0388 and the legtandard deviation was 0.2936), which wppraximatedbased
on an expected errorinManning r oughness coefficient of 3
in all parameters was expected based on experience working with hydrologic data.
For thechannel slope the mean was 0.0007, based on the observeahddtee
standard deviation wds000105 (logmean of-7.2756 and logtandard deviation of
0.1492), which wagpproximatedased on an expected error of 15¥he hydraulic
radius could not be randomly generated, though this coefficient could have significa
uncertainty associated with it, becausehbmétted perimeter and area artunction
of depth. Because discharge was given, the hydraulic radius had to be calculated in
order to determine inundation depteh. Prio
inundation depths corresponding to the each discharge value, the discharge values

were compared to the estimated bankfull discharge for the given channel slope and
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roughness coefficient. If the discharge value was less than the bankfull discharge, the

flood inundation depth at the location of interest was equal to zero. If the discharge

was greater than bankfull discharge then M
the corresponding inundation depth at the location of interest.

Flood inundation dpths also had to be calculated for the tidal flood source
based on the generated tidal gage measurements. In this process, the coefficients
were determined based on the observed data. The coeffiwemd$ and G, which
were based on the fetch lengtidanland fetch length, respectivelyhese
parameters were discussed in more detail in Chapter 5, and were determined from
tables which related the fetch and inland fetch lengths to F and G, respectively.
Because the location of interest was along fhenacean, rather than along a harbor
or bay, the fetch length was not randomly varied, and the value of F was a constant,
unitless value of 1.0 for all simulations. The length of the inland fetch was randomly
generated from a lognormal population witk thean identified as the observed data
value and the standard deviation identified based on the expected error. The mean of
the inland fetch was 0.02 and the standard deviation was approximated to be 0.003
(log-mean 0f-3.9231 and logstandard deviationf®.1492 for the lognormal
distribution), based on an expected error of 15%. Based on this information, the
method and equations presented in Chapter 5 were used to compute tidal flood
inundation depths corresponding to the generated tidal gage meadsremen
8.2.1.2. Fitting Distributions to Total Flood Depths

Once the riverine and tidal flood depths that correspond to the generated gage

measurements had been determined, the total flood depths that impacted the location
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of interest could be calculate As explained in Chapters 4 and 5, the observed
riverine and tidal flood depths that occurred together were summed in order to
determine the total flood depths. For each simulation in the uncertainty analysis, the
generated riverine and generated tfttadd depths were summed to calculate the total
flood depths.

Once the total flood depths were calculated, a distribution was required to
provide the norexceedance probabilities corresponding to each flood depth. The
analysis procedure examined thetability of the following four distributions: the
LP3, the GEV, the gamma, and the normal distributions. The LP3, GEV, and gamma
distributions were all typically observed to perform fairly well, while the normal
distribution was not typically found ta@vide a good fit to the data. Therefore, the
uncertainty analysis examined the potential distinctions between the LP3, GEV, and
gamma distributions. The three distributions were fitted to each set of total flood
depth values calculated in the uncertaiamalysis. Then, each distribution was used
to calculate the total flood depths corresponding to thea2, 10year, 25year, 50
year, and 10Qear events (exceedance probabilities of 0.5, 0.1, 0.04, 0.02, and 0.01,
respectively). This provided a measwf the uncertainty that could be caused in the
final flood depth estimates due to uncertainty in the parameters used to calculate the
flood inundation depths based on the observed gage data and due to the uncertainty in
the choice of the distribution @d to model the neaxceedance probabilities of the

total flood depths.
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8.2.1.3. Analysis of Simulation Results

The objective of this analysis was to demonstrate the range of flood depths
that could result from different parameter values and differesiteh of distributions
fitted to the total flood depths. For each of the three distributions evaluated, several
flood depths were identified. These flood depths corresponded teythag,210year,
25-year, 50year, and 10§ear events. For each floodpmth, from the 3,000
simulation runs, the minimum depth, thH2ercentile, the 1®percentile, the 25
percentile, the SDpercentile, the 7Bpercentile, the 9Bpercentile, the 95
percentile, and the maximum flood depth were identified. Tiugiged information
similar to a boxandwhisker plot about the likely range of flood depths that could be
predicted, depending on the level of uncertainty in the parameters and distributions.
This analysis also allowed for comparisons to be made acsigbulions, to
determine whether certain combinations of distributions resulted in more or less
uncertainty in the resulting flood depths. The same range of flood depths was also
identified based on the entire set of simulated data as well, in ordiemtay the full
range of uncertainty in flood depths while taking into account the possible variations
due to parameters and choice of distributions. This information was provided in table
form and graphically. The results of the observed data setpisted against the

full setof uncertainty analyses place the results of the observed data into context.
8.2.2. Results and Discussion

The flood depths that correspond to thgear, 10year, 25year, 50year, and
100-year return periods were idengifl from each simulation run. For each of the

three distributions fitted to the total flood depths, a range of flood depths were

390



identified that corresponded to each return period of interest. The range of flood
depthspredictedfor each distribution arpresented and then the combined results for
all three distributions are compared to the observed flood depths.

8.2.2.1. LogPearson Type Il Distribution

The first distribution to be evaluated to represent the total flood depths was
the LP3 distribution.This analysis assessed the uncertainty caused by the parameters
used to calculate the riverine and tidal flood depths, and the parameters of the fitted
LP3 distribution. Table-8 and Figure & provide the range of flood depths
calculated for various eeedance probabilities. Based on these results, it is evident
that for all exceedance probabilities, a wide range of flood depths might be calculated
based on the combination of parameters used in the analysis. Further, the level of
uncertainty appears increase as the exceedance probability increases. Far the 2
year flood (exceedance probability of 0.5) the flood depths range from 0.74 to 6.50
feet, which is a much smaller range than observed for thegd@Oflood (exceedance
probability of 0.01). Br the larger return period, flood depths range from 4.35 to
51.97 feet. This level of uncertainty in the larger return periods is significant because
they correspond to the larger flood events of most concern.

This wide range of flood depths calculatedeach return period suggests the
importance of obtaining accurate information in order to calculate the riverine and
tidal flood depths. Potentially inaccurate flood depth parameters can be observed to
have very large impact on the estimated totaldldepths corresponding to different
return periods. For instance, an estimate of the& flood depth of 0.74 feet versus

6.50 feet would make significant difference in the preparations taken foryter 2
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flood. The range of flood depths estimatedtfe 100year flood event are even
larger and so would have an even more significant impact on preparations taken,

based on whether a flood depth of 4.35 feet or 51.97 feet were expected.

Table 81: Flood Depths (in feet) Catulated for Multiple Return Periods to Assess Uncertainty in the
Analysis Procedure When the LP3 Distribution is Used to Represent the Total Flood Depths

Exceedance Probability

Flood Depth 0.5 0.1 0.04 0.02 0.01
Minimum 0.74 3.79 4.18 4.33 4.35
5th Pecentile 1.20 5.32 6.68 7.31 7.76
10th Percentile 1.32 5.84 7.57 8.41 8.98
25th Percentile 1.59 6.85 9.39 10.96 12.12
50th Percentile 1.94 8.18 11.67 14.09 16.14
75th Percentile 2.38 9.69 14.52 18.16 21.95
90th Percentile 2.83 11.27 17.08 21.60 26.35
95th Percentile 3.18 12.39 18.56 23.88 29.77
Maximum 6.50 20.77 28.72 39.91 51.97

Figure 8-1: Plot lllustrating Variability in Expected Flood Depths for Various Exceedance Probabilities
Based onthe LP3 Distribution Fitted to Total Flood Depths

The maximum flood depths identified, particularly for the larger return
periods, do not seem particularly reasonable. A predicted flood depth of 52 feet
corresponding to the 1% annual chance flood depttearly unreasonable for this

watershed. In examining the results of the uncertainty analyses, it was determined

that the particularly large predicted flood depths for the larger return periods were the

392













































































































































































































































