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Abstract

Global climate is predicted to have significant impacts on the chemical, biological, and
physical characteristics of wetlands and the watersheds in which they are contained. In
particular, climate prediction models suggest a significant increase in extreme
precipitation events — both more frequent and more intense flood and drought
occurrences. A wetland model that incorporates surfacewater-groundwater interactions
(WETSAND?2.0) was used to investigate the potential impacts of these stochastically
generated extreme events on wetland flow regimes in an urban watershed. The results
predict increases in streamflow and flooding as well as drought conditions on a near
yearly basis. However, the model also shows that the impact on the Sandy Creek-Duke
University watershed will not be as extreme as many suggest. Although flooding will
occur, it will be relatively minor and comparable to historic flows. And although
droughts are also predicted, the balance of wet and dry in this wetland watershed can
actually be a positive for the environment. Therefore watersheds, no matter the spatial
scale, must be analyzed individually. Although some comparisons can be made between
similar regions, the effects of extreme precipitation events vary greatly depending on

watershed characteristics.
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1. Introduction

1.1 Overview

Over the past decade, global climate change has evolved from being an abstract
theory to acceptance as a real threat. Thus, significant work in the field of predictive
modeling is being conducted to determine what effects global climate change may have
on our environment. Initial studies show that dynamic changes can be expected —
affecting chemical, physical, and biological processes on multiple scales (IPCC, 1997).
Additional emphasis is being placed on wetlands due to their important role in ecological
processes and sensitivity to dynamic change.

Additionally, the occurrence of extreme climatic events proposed by many
scientists, including the United Nations Climate Panel, is expected to increase (Cubasch,
1995; Gregory and Mitchell, 1995 ). These events include elongated and more frequent
flooding and drought, water quantity shortages, sporadic, uncharacteristic rainfall
patterns, increase in high intensity rainfall events, and higher possibility for impaired
water quality due to increased pollutant constituents present in rainfall (Adams, 2002).

This thesis examines the role of global climate change and its effect on wetlands
through the use of stochastically generated, extreme precipitation data sets as input for a
hydrodynamic transport model. These hydrodynamic processes play a critical role in the
biologic, chemical, and physical make-up of a wetland. Surface run-off, groundwater-
surfacewater interactions, and precipitation are all major contributors to the water cycle
in a wetland. Therefore, establishing the proper variables and mathematical relationships

between these components is important. Mitsch (1992) stated that the focus of most
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design wetlands was to control non-point source pollution while minimizing
maintenance. Therefore, numerous models were created to evaluate the efficiency of
pollutant removal with minimal input and complexity. However, more recent studies
suggest that these first order treatment models are inadequate for assessing the efficiency
of wetlands (Kadlec, 2000). Carleton, et al (2000) supported the necessity of more
complex wetland models by showing that the simple introduction of a weir to a treatment
wetland can significantly increase pollutant removal efficiency.

Additionally, Werner and Kadlec (2000) studied the importance of precipitation
input for a treatment wetland model. Particularly, they found that stochastic precipitation
data sets produced more realistic flow inputs and therefore more accurate and reliable
output. Kadlec (1997) was one of the first studies to use stochastic input to evaluate the
effectiveness of non-point source pollution treatment in a wetland. He notes that
although calibration data is now available for many wetlands, many design equations are
purely deterministic and therefore appropriate stochastic input is necessary. Wong and
Somes (1995) also suggested the use of stochastic input when designing wetlands for
stormwater pollution control and detention in order to properly size the basin and

evaluate potential efficiency.

1.2 Motivation for the Study

Wetlands were first recognized as part of the Clean Water Act (EPA, 1995).

Since then, they have been studied in great detail, particularly treatment wetlands (Kadlec
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and Knight, 1996). However, the role of designed wetlands as a best management
practice is a newer idea (Borin, et al, 2001). Wetlands stabilize water supplies, clean
polluted water, help control flooding, erosion and stormwater, and have complex
biological and chemical functions (Richardson, 1995). Additionally, investigating
groundwater-surfacewater interactions within wetlands has become a necessary part of
wetland flow dynamics and contaminant transport analyses (Kazezyilmaz-Alhan, et al,
2007).

Although the concept of global climate change is now widely accepted in the
scientific community, the specific effects of climate change on wetlands are still being
studied. Rogers and McCarty (2000) suggest that wetlands will be one of the most
impacted ecosystem types due to their complexity and multi-functioning nature.
Furthermore, Burkett and Kusler (2000) suggest that degradation of natural wetlands will
be prevalent and many designed wetlands will have significantly decreased functionality
and efficiency. Freshwater, inland wetlands face many issues ranging from increased
erosion and habitat loss to decreases in water treatment effectiveness and increased
greenhouse gas production (Bridgham, et al, 1995). Saltwater, coastal, and brackish
wetlands (including estuaries) face problems with increased saltwater intrusion, sea level
rise, and loss of habitat, among others (Michener, et al, 1997).

Winter (2000) suggest that although all wetlands will be effected by climate
change, certain wetland ecosystems are at a much higher risk than others. Particularly,
those fed by primarily by groundwater tend to be much more stable and resistant to

climate change. Conversely, those fed by precipitation and surface flow tend to be much
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more variable and at greater risk. Therefore, it is extremely important to quantify the
groundwater-surfacewater interactions both within a wetland and the watershed area that
it drains. As a result, a complex numerical model that varies both temporally and
spatially is a necessity for producing accurate results in the context of climate variability.
Other studies have shown the immense effects of flooding and drought on wetland
ecosystems. Casanova and Brock (2000) showed the variability of wetland plant
community composition during flooding events of variable depth, duration, and
frequency. Conversely, Freeman, et al (1997) demonstrated that drought has adverse
effects on biogeochemical cycling in wetlands, particularly carbon and its constituents.
This study will quantify inflow and outflow from wetlands for different storm events and
compare those flows to flood and drought conditions. Potential short and long-term

impacts will then be assessed.

1.3 Site Overview

The Duke University restored wetland site is located in the Sandy Creek
watershed in the southern section of Durham County. The wetland covers 554.41 ha
(1,370 acres). Sources of storm water runoff into the wetland include the Duke University
campus and the City of Durham, NC. This watershed is mainly urban and suburban with
a high percentage of impervious surfaces. Forested areas, located on the Duke campus,
comprise less than 10 percent of the watershed. Urban residential, mixed use and

commercial activities, and multiple parts of the Duke Campus account for the rest of the
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land use. Sandy Creek is a tributary of New Hope Creek, which flows into Jordan
Reservoir. The Cape Fear River, which the basin is named for, begins below the dam at
Jordan Reservoir. Jordan Reservoir and the Cape Fear River are used as drinking water
supplies for portions of the state of North Carolina, including parts of Durham and
Orange counties.

The wetland stream restoration project was designed to transform the degraded
portion of Sandy Creek into 2 ha (5 acres) of wetland by re-contouring and raising the
water level of the creek. Over 579 m (1900 ft) of Creek has been restored by closing part
of the original streambed and opening a new streambed. The new area of stream has
more meanders in order to enhance the water flow over the floodplain and aid in the
removal of nutrients and sediments. A dam was also installed, which created additional
wetland surface area around the lake.

The boundaries of the Duke University and wetland sites are shown in Figure 1.1.
There are 20 sampling wells located throughout the wetland site at which ground water
level measurements are taken once every two weeks. There are also sampling locations
for streamflow and water chemistry located along Sandy Creek. These locations are
monitored at various time scales ranging from continuous to daily. Data from these
locations aided in calibration of the transport model, which will be discussed in detail in
Chapter 2. The lake portion of the site was finished in 2006 as a result of the
construction of the dam. It has a surface water level of 89.92 m (295 ft) above mean sea

level.
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The WETSAND model was developed my Kazezyilmaz-Alhan and Medina in
2005 to analyze water quantity and quality throughout the Duke campus watershed and
wetland. To do this, the area was discretized into six upland and ten wetland sections.
The boundary between an upland and wetland section was selected according to the land
slope change, with uplands being on the upper side of steep slopes. The transition from
upland to wetland occurs along an approximate elevation boundary of 91.14 m (299 ft).

Figure 2 shows the drainage system of Duke University West Campus that was
modeled with SWMMD5 during the previous study and this study. The campus is divided
into two main watersheds, A and B, which flow into the wetland watershed, C (Figures
1.2 and 1.3). The calculated outflow rates at node 335 in watershed A and at node 329 in
watershed B are routed into watershed C. This enters watershed C through the Sandy
Creek channel and flows into the lake area. The wetland restoration, which altered
routing and added the lake was shown to effectively decrease peak flow rates and
increase hydraulic residence time. Both of these processes contributed to an
improvement in water quality.

The majority of the soil around Sandy Creek and the wetland site is a silt loam.
The land cover is mixed deciduous with significant amounts of deciduous brush and
moderate amounts of grasses. The Manning coefficient for Sandy Creek is given in the
range of 0.080-0.170 for overbank sections and 0.050-0.059 for channel sections (ATC
Associates, 2003).

Additionally, portions of the watershed have significant groundwater-

surfacewater interactions. Kazezyilmaz-Alhan (2005) showed that these interactions
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played a major role in groundwater recharge and discharge as well as affecting the
temporal and volumetric flux of water in the wetlands. Therefore, these interactions are
considered a crucial part of the hydrodynamics of the watershed, particularly under

extreme conditions.
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Figure 1.1: Duke University and wetland site watersheds in Durham, North
Carolina (National Geographic, 1998 & Kazezyilmaz-Alhan, 2005)
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Figure 1.2: Duke University West Campus Drainage System (Medina, 2004).

The campus is divided into two main watersheds, watershed A and watershed B,
shown by the thick line. The dashed thick line shows part of the watershed A from which
the storm water drains into the wetland area. The conduits can be channels or pipes.

(Kazezyilmaz-Alhan, 2005)
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Figure 1.3: Restored wetland and stream site at Sandy Creek in Duke Forest,
North Carolina (Duke Wetland Center). Contour lines are shown at 30 cm. The stream
and lake restoration areas are shown as darkened areas in the map. Numbers along grey

lines (T) indicate water well locations. (Kazezyilmaz-Alhan, 2005)

18



2. Wetland Transport Model

2.1 Overview of WETSAND

The WETIand Solute TrANsport Dynamics (WETSAND) model was developed
by Kazezyilmaz-Alhan and Medina (2005) to analyze flow regimes and contaminant
transport in an urban watershed that drains into a wetland. WETSAND incorporates
groundwater-surfacewater interactions and flow dynamics based on both the kinematic
and diffusion waves for overland and channel flow. The implicit and explicit
MacCormack method is used as the solution technique for both kinematic and diffusion
wave equations in the model. This method uses a finite difference approach and is most
applicable to discrete storm event simulation (Kazezyilmaz-Alhan, et al, 2005).
However, continuous simulations were proven to also compute reliable results.

WETSAND was the first wetland model to examine water quality, wetland
hydrology, and groundwater-surfacewater interactions. The flow regime of the model is
driven by rainfall as the initial input. Other major components of the flow regime include
infiltration, surface runoff, groundwater recharge and discharge, lateral flow, and
evapotranspiration. These parameters are then coupled with the water quality aspect of
the model to produce mass flow rates. WETSAND currently examines total nitrogen,
total phosphorous, organic nitrogen, ammonium nitrogen, and nitrate nitrogen.

For this study, WETSAND was modified to incorporate continuous simulations

and stochastic processes such as the generation of rainfall data sets and inter-event times.
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WETSAND?2.0 also allows for modeling on variable temporal scales and simplified input

of SWMM flow data.

2.2 Domain, Initial, and Boundary Conditions

As previously mentioned, the Duke Wetland watershed is examined using three separate
sections: A, B, and C, respectively. This is done to simplify the routing mechanisms
used in the model by modeling each as separate entities. Each sub-domain encompasses
a different area of the watershed, but has the same boundary conditions. The outer
boundaries, located at the watershed boundaries, are no-flow. The inner boundary, where
watersheds A and B contact, is also a no-flow boundary. The boundaries of watersheds C
and A as well as C and B are inflow boundaries. Flow occurs through a point on each
boundary and is temporally variable. Additional boundary conditions are established by
precipitation input, which causes run-off across the watershed as well as volumetric
inflow and the related hydrograph, necessary for routing. The mathematical relationships
governing these boundaries are discussed in section 2.4.

Initial conditions were determined from baseline data acquired from
Kazezyilmaz-Alhan, et al, 2005. This includes values for baseline streamflow and
detention storage. The other major forcing variable in the model, precipitation, was
generated stochastically at each time step. Details of precipitation generation can be seen
in Chapter 3.

Model calibration was completed by Kazezyilmaz-Alhan by comparing her flow

results to field data collected in 2002. She found that her results were within statistically
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significant agreement. Although further calibration is not possible due to the scenario
being modeled, quality assurance-quality control steps were taken. Calculations were
done to assure the stochastically generated data did indeed meet “extreme” criteria based
on historical precipitation and flood or drought events in central North Carolina. An
additional analysis was done to ensure resulting streamflows met different levels of

extreme criteria. These calculations are detailed in Chapter 3.

2.3 Coupled Flow: Groundwater-Surfacewater Interactions

Over the past decade, the role of surface-ground water interactions has taken
center stage in water resources engineering (Hakenkamp et al, 1993; Winter, 1995;
Packman and Bencala, 2000; Bencala, 2000 and Medina et al, 2002). The interaction of
ground water occurs with all types of surface waters (e.g., streams, lakes, wetlands, and
reservoirs), by either recharge or discharge processes. The result is changes of both water
quantity and quality.

Understanding these interactions is necessary for multiple reasons. Not only does
it improve comprehension of water supply and water quality in existing hydrologic
systems, but also aids in development of new systems. Often these new systems are more
cost effective and efficient. Another role of these interactions is their effect on wetlands

and wetland functions — a key part of the local ecohydrologic processes.

21



WETSAND?2.0, as well as the original, incorporates groundwater-surfacewater
interactions both in the upland and wetland portions of the watershed. This includes
groundwater interactions with streams, lakes, and wetlands.

The interaction between groundwater and streams is controlled by hydraulic
gradient. It can be classified as gaining (flow from groundwater to stream) or losing
(flow from stream to groundwater). While some streams can be classified as gaining or
losing for the entire body of water, others may have both classified differently on
different stream reaches. Additionally, some streams may be losing at certain times of the
year and disconnected from the groundwater table at other times. This can occur either in
the hyporheic zone or the bank storage zone. The hyporheic zone is the region beneath
and alongside streams where shallow groundwater and surfacewater interact (Winter et
al, 1998). The bank storage zone is defined as the temporary area of water accumulation
in stream banks, most commonly associated with high flow periods resulting from large
amounts of run-off.

The interaction between ground water and lakes occurs throughout the entire lake
bed. This means that lakes can be gaining, losing, or both at the same time based on the
water table-lake level relationships. The different between groundwater interactions with
lakes, as compared to streams, is the absence of a bank storage zone. The bank storage
zone is absent because abrupt changes in lake levels are typically uncommon. However,
processes such as evapotranspiration are become much more important.

The interaction between groundwater and wetlands is dependent on the

geomorphology of the area around the wetland. Wetlands gain water if they are located
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below the water table level, creating seepage often associated with large slopes, or if a
stream is located near the wetland. Wetlands lose water if they are located at an elevation
above the groundwater table. Water level in wetlands is most directly affected by
precipitation, inflow, run-off, and evapotranspiration. This can mean sudden, dramatic
changes in water level — particularly those fed by streams and rivers. This makes
interactions within wetlands even more complex and consequently more difficult to
model.

There have been a number of studies aimed at modeling of wetlands and
improvements on these models. Winter et al. (1998) discussed the interactions between
ground water and streams, lakes and wetlands in detail. Price and Wadington (2000)
discussed the hydrological processes of wetlands and the importance of surface/ground
water interactions in wetlands on wetland functions. Winter (1999) also discussed the
role of topography, geology, water table level and climate on groundwater interactions
with streams, lakes and wetlands. Many specific wetland studies have also been
completed. For instance, prairie potholes, typically ephemeral wetlands receiving inputs
from precipitation and run-off, may have groundwater inputs in particular circumstances
(Winter and Rosenberry, 1995).

Many more studies have been devoted to the role of water quality and solute
transport due to groundwater-surfacewater interactions. Choi and Harvey (2000)
developed a combined water and solute mass balance approach to obtain temporally
variable groundwater recharge and discharge distributions. Warren et al (2001) compared

the differences of sulfate behavior in confined and unconfined portions of a stream within
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a temperate wetland during a dry period. He observed that water could flow from the
stream to the wetland in its unconfined part and in the opposite direction in its confined
part. Krasnostein and Oldham (2004) developed a conceptual model to describe the
interactions between a wetland, the surrounding catchment, and local ground water. The
method provided a tool for determining whether a wetland is dominated by groundwater
or surfacewater. Keefe et al (2004) added transient storage to a solute transport model to
evaluate the transport of chemical constituents in three wastewater-dependent wetlands.
However, WETSAND and WETSAND2.0 go a step further than these models in
the context of groundwater-surfacewater interactions. They handle both water quantity
and quality, include spatially and temporally distributed variation in parameters, and take
into account all inflows from areas upstream from the wetlands. They also apply
comprehensive, dynamic mathematical modeling in order to adequately represent flow

and transport processes.

2.4 Overview of Mathematical Basis

The diffusion wave equation is used for solving flow over wetland areas due to its
applicability to mild slopes. This is the case for most wetlands, located within very mild
topography. Kinematic wave solutions are insufficient for these areas. The diffusion

wave equation is given as follows:

oy oy oy -
—Z+c=>=K,—+ 1
ot ox  ox? q )
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where y is the surface water depth (L), t is time (T), X is the distance (L), c is the
wave celerity (L/T), Ky is the hydraulic diffusivity (L¥T) and q is the water source/sink

terms (L/T). The wave celerity ¢ and the hydraulic diffusivity K; are given by:

vy
c=mv K, =—— 2
T 2)

where v is the water velocity (L/T), So is the bottom slope (L/L) and m is the
exponent of water depth that appears in the relationship between flow rate and water
depth. In order to calculate the overland flow on a wetland site, the water depth (found by
solving the diffusion wave equation) is related to the flow rate. Kadlec et al (1981)
investigated the hydrology of overland flow in wetlands and found that results using the
Manning equation (which is a formula relating water velocity, slope and catchment
roughness) do not match well with collected data. This is because flows in wetlands are
usually transitional, somewhere between laminar and turbulent. Later, Kadlec (1990)
explained that calculations of overland flow in wetlands can be accomplished with an
appropriate friction rule. This rule encompasses a power law for velocity in terms of
depth and friction slope. It also includes the effect of a vertical vegetation stem density
gradient and a bottom-elevation distribution. Accordingly, the flow rate in a wetland is

given by the following equation (Kadlec and Knight, 1996):

- {(5 x10’ )Wy‘°’SO sparsevegetation

(1><107)Wy‘°‘80 dense vegetation _|1x10’ )
5x10’
where Q is the flow rate in (m*/day), W is the wetland width (L), K is the
coefficient which reflects the vegetation density (L™*T™), and the exponent of y is m = 3.
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The flow rate can also be written as:

(1x107)y?(S,)

(5x107)y?(s,) )

Q=vA=vWy = v:{

%y

In diffusion wave theory, the term Sy is replaced by S, — e Therefore, the
X

surface water velocity through a wetland area is calculated as follows:

oVl s Y
o (1x107)y (so Z);j 5
(5x107)y (so—&j

The term a in equation (1) is a hydraulic source-sink term. It includes rainfall,

ground water discharge, lateral inflow, infiltration, and additional sources. It also

includes evapotranspiration and ground water recharge as sink terms. It is given by:

=0, —Uin —Yet +Ygren + G (6)
where ¢ is the rainfall intensity (L/T), Qins is the infiltration rate (L/T), g is the
evapotranspiration (L/T), qqren i the ground water recharge/discharge (L/T) and q; is the

lateral inflow term.

The rainfall intensity is measured at gauging stations. In order to calculate the
infiltration rate, the modified version of the Green-Ampt method (Chu, 1978) is applied
for an unsteady event. The original Green-Ampt equation is formulated to describe
infiltration processes under a ponded surface (Green and Ampt, 1911). If there is no

ponding, then all rainfall infiltrates the soil. For a steady event, all rainfall initially
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infiltrates with no ponding occurring. Ponding begins later when the rainfall rate exceeds
the infiltration rate, over the duration of the event. For an unsteady event, there may be
several periods when the rainfall intensity exceeds the infiltration rate. Therefore, it is
important to use the Green-Ampt method to determine the time that ponding begins. The
formulation of the modified Green-Ampt method is given by:

Scenario 1: No ponding occurs: (i< f, < f,)

i <f; Fi.=F; +iAt 7
=K 12| M=g-, ®)
I:j+l
if f,,,>1, = f, =i, otherwise, Case 2 applies.

j+Hl =

Scenario 2: Ponding begins to occur: ( f, <i< f,)

F,—-F.
Fp: KZMS §t:( P- J) (9)
I;-K i
F..,+MS F.—-F
Fi.=F +K,(At-at)+MSIn| 22——| = f =—121 (10)
F, +MS At
Scenario 3: Ponding occurs. ( f, < f, <i)
i > f, (11)
Fj+MS Fiu—F
Fin=F+KAt+MSIn ——-—| = f;= (12)
F, +MS At

where ij is the rainfall intensity (L/T), fj is the infiltration rate (L/T), F; is the total

infiltration (L), S is the suction head at wetting front (L), K; is the vertical hydraulic
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conductivity (L/T), M is the moisture of water deficit, & is the initial moisture content, &
is the saturated moisture content, F;, is the total infiltration when ponding begins (L) and

At is the time to the start of ponding (T).

Evapotranspiration is calculated by the Thornthwaite Method as follows (1948):

n, L A
e 1602 20T @)

A=(6.75x107 x I° —7.71x10°° x 1% +1.792x10% x | +0.49239) (14)
1514
-§

where L; is the monthly mean day length at given latitude in units of 12 hours, T;
is the monthly mean temperature (°C), n; is the number of days for the i month and E; is
the potential evapotranspiration (cm/month).

The surface/ground water interaction is taken into account by ground water
recharge/discharge terms. The ground water recharge or discharge is calculated by
Darcy’s Law:

0 ground water recharge
oH {< g g (16)

Goren = x5 150 ground water discharge
where H is total head (L) and K is the horizontal hydraulic conductivity (L/T).
The overland flow generated from upland areas is also calculated by diffusion

wave theory. Overland flow in uplands is simpler than in wetlands, including only

rainfall and infiltration as source-sink terms. However, it does include turbulence, which
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is considered negligent in wetlands. Therefore, in order to calculate the flow rate, the

Manning’s equation is used:

1 4 oy
e /s 2 17
q Y 0 o (17)

where n is the Manning’s friction coefficient.

The surface runoff flowing from urbanized areas in watersheds A and B
(simulated by SWMMD) is incorporated into the wetland model as the previously
mentioned inflow boundary condition into the stream. In this process, the overland flow
from both upland and wetland sites becomes the lateral inflow. It is formulated
mathematically by adding the generated flow to each node of discretized stream segment

as follows:
Qi = Qi + (I _1) X (dX)X (qwetland)i:nn (18)
The continuity of overland flow between upland and wetland areas is satisfied by

using the appropriate boundary conditions at upland/wetland boundaries. This means,

continuity must be established for flow rates per unit length as shown by:

(qupland)i:nn = (qwetland)i=1 qupland = KSO ym =B.C.at Wetland :

y|i=1 — {M} (19)

KS,

where i is the node number, nn is the total number of nodes along the upland or

wetland area. The flow rate in the stream is calculated as the following:

2
@+c@:Klg c=mv K, = Q (20)
ot OX OX 2BS,
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where B is the channel width (L). The flow in detention is calculated for a given

stage-discharge relationship with a storage routing method as follows:

dy _1(y,t)-O(y.1) (21)
dt A(y.t)

where y is the water depth in lake (L), | is the inflow rate (L*/T), O is the outflow
rate (L*/T) and A is the surface are of the lake (L?). The inflow rate includes the rainfall,
evapotranspiration and ground water recharge/discharge in addition to the stream flow

rate:

1(y,)=Q, +A(y,t)d, — G +yren] (22)

In order to solve the diffusion wave equations that describe overland and channel
flow, the MacCormack explicit and implicit finite difference methods are employed as
the numerical methods for single and continuous storm events, respectively. Since
implicit finite difference methods are unconditionally stable, they provide the advantage
of choosing arbitrary time and space steps, particularly useful for long-term simulations
(as is the case for continuous storm event modeling). Conversely, the MacCormack
method provides more accurate and efficient results for single (discrete) storm event
simulations (Kazezyilmaz-Alhan et al, 2005). In order to solve the storage equation, a

fourth order Runge-Kutta numerical method is used.

2.5  EPA Storm Water Management Model
The EPA Storm Water Management Model (SWMM) is a dynamic rainfall-runoff
simulation model. It can be applied for both single events or long-term (continuous)
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simulations to examine runoff quantity and quality, primarily in urban areas (Huber and
Dickinson, 1988; Rossman, 2005). As all rainfall-runoff models, the main input
parameter to SWMM is rainfall, thereby generating simulated overland flow throughout
the watershed. SWMM routes this overland flow through a conveyance system which
consists of pipes, channels, storage/treatment devices, pumps, and regulators. Additional
factors may also be added to the model, such as nonpoint source runoff quantity and
quality, supplementary routing, storage, and treatment, and other best management
practices (BMPs). SWMM calculates the quantity and quality of runoff generated within
each subcatchment. Flow rate, flow depth, and water quality in each pipe and channel are
also calculated during a simulation. Hyetographs and system parameters are used as
inputs to SWMM. Hydrographs, pollutographs, and daily, monthly, annual, and total
simulation summaries are generated as output. The Saint-Venant equations are used for
dynamic flow routing. The flow model used in these simulations was the kinematic wave

model. The Horton Method was used for infiltration calculations.
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3. Stochastic Generation of Inputs

3.1  Overview

The idea of stochastic modeling has been around for decades. Originally,
stochastic techniques were most commonly applied to business, economic, and political
models (Loynes, 1965; ljiri & Simon, 1964). Stochastic modeling quickly spread to other
disciplines, particularly science and engineering. In water resources engineering it is
distinctively effective as numerical models face uncertainties with observation error,
errors in boundary conditions, initial conditions, and input, unknown heterogeneity and
parameters, scaling error, and model error.

One of the first and most infamous models to incorporate stochastic features was
the Box (or Box-Jenkins) Model (Box & Jenkins, 1970). Since then numerous stochastic
models have been produced to analyze different aspects of hydrologic processes —
including those related to precipitation, flood, drought, and extreme event modeling.
Wilks (1998), examined the ability of stochastic precipitation generators to accurately
represent observed data. Shamir, et al. (2007) explored the use of stochastic techniques
to generate input data for modeling small, remote watersheds. Wu, et al. (2006) showed
the importance of picking the right stochastic model, one that accurately fits observed
data, rainfall characteristics, inter-event times, and extreme data. Studies such as Vrac
and Nuveau, suggest that a comparison and potential lumping of models is important in
stochastic rainfall generation, particularly generation of extreme values. Furthermore,
Furrer and Katz (2008) examined the generation of extreme, stochastic precipitation

events in detail, finding that a model that incorporates both extreme and conventional
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theories. They also suggest that extreme, stochastic modeling is most effective for short
time periods rather than seasons, waves, or longer periods. Rossi, et al. (2005) evaluated
solute transport in urban watersheds and noted the importance of stochastic input in
accounting for model uncertainty.

The idea of stochasticity in flood and drought modeling is of added importance
for this study. Todorovic (1978) was one of the first to look at stochastic flood models,
focusing extensively on streamflow. Morrison and Smith (2003) discussed the
importance of stochastic modeling of flood peaks. They focused on the generalized
extreme value distribution (GEV) to generate streamflows. Likewise, Li, et al. (1999),
Muller, et al. (2009), Ekanayake and Cruise (1993), and others suggest the use of the
GEV to generate precipitation or streamflow in flood modeling and analysis. Verhoest,
et al. (2010) completed an elaborate study that verified the use of point-process,
stochastic rainfall models for flood analyses, but added that a better study would also
incorporate discharge events over significantly small time scales.

Additionally, stochastic modeling is prevalent in drought analyses. Mishra and
Desai (2005) discussed the use of standardized precipitation and drought indices as tools
to evaluate stochastic drought models. Steinmann (2003) employed the same techniques
when examining river basins in Georgia and Florida. Drought analysis was also
conducted based on extreme value theory and Poisson clusters by Abaurrea and Cebrian

(2002).
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Stochastic modeling is also an important tool in wetland modeling. Werner and
Kadlec (2000) studied the importance of precipitation input for a treatment wetland
model. Particularly, they found that stochastic precipitation data sets produced more
realistic flow inputs and therefore more accurate and reliable output. Kadlec (1997) was
one of the first studies to use stochastic input to evaluate the effectiveness of non-point
source pollution treatment in a wetland. He notes that although calibration data is now
available for many wetlands, many design equations are purely deterministic and
therefore appropriate stochastic input is necessary. Wong and Somes (1995) also
suggested the use of stochastic input when designing wetlands for stormwater pollution
control and detention in order to properly size the basin and evaluate potential efficiency.
Rossi, et al. (2005) evaluated solute transport in urban watersheds and again suggest the

use of stochastically generated input data.

3.2 Extreme Value Analysis and the General Extreme Value Distribution

The one common theme between nearly all studies related to drought and flood
modeling is the use of extreme value theory (EVT) to adequately model these
phenomena. Cooley (2009) suggests that extreme value analyses (EVA) and application
of the GEV distribution are most relevant for climate change scenarios. Wang (1997)
discusses the relevance of EVA and GEV to the modeling of extremes. He also goes on
to suggest that parameter characterization is of significant importance in extreme event

modeling. Many of the studies mentioned in section 2.1 also apply GEV principles.
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Extreme events are often defined to be the maximum value of a quantity over a given
period of time, such as a maximum daily rainfall rate at a point. EVT suggests that the
distribution of these maxima should be close to one of the extreme value types. The

GEV distribution combines all three extreme value types into a single format.

The EVT type I distribution is the Gumbel distribution. It is unbounded on the

entire real axis and has a probability density function (PDF) give by:

f(x) == exp(—z — exp(—z2)) (23)
and
z=%4 (24)

o

where o is the scale parameter, i is the location parameter, and x comes from the
data.
The EVT type Il distribution is the Frechet distribution. It is bounded on the

lower side by (x>0). It is defined as:

fe =5 () e (- (E)) 25)

&

where a is the shape parameter, [ is the scale parameter, and x comes from the
data.

The EVT type Il distribution is the Weibull distribution. It is valid for (x>0)
with both distribution parameters positive. It is defined as:
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£ =5 () e (-(59)) (29)

where vy is the location parameter.

Therefore, the GEV combines the three, resulting in a PDF defined as:

1

@
Lexp(—z — exp(~2) k=0

1 = _1_':
“exp(—(14+k2) % )(1+kz) Tk k0
-ty
where K is the shape parameter. The shape parameter also defines the range for
the GEV distribution, given by:
':I-,'J.:'

T

1+k& =0 fork =0 (28)
—0oo = x = +oo fork=10

Likewise, the CDF of the GEV distribution has the following form:

exp {—(1—’UIT_E}}E} k+0

o= EXp {—( el:x;'gj)} k=20 )

The GEV is based on a three parameter estimation approach. In order to estimate
these parameters a maximum likelihood estimation (MLE) was used (Prescott and
Walden, 1980). MLE finds location, shape, and scale parameters such that the
probability of drawing {Xx, k =1,...,n} is largest. Because of the reliance on sample size,

n, a large data set is necessary for robustness. Log likelihood can be give as the

following function:
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logL(f|x) = nloga - le{l— @}Hk + G— 1) ;’zliog{l - kIItT_'E}} (30)

where 0 is the vector for the MLE. Therefore the MLE esimtator & = (5, & k)T is the

point at which log L(0]x) attains its maximum. The constraints in this optimzation are
traced from the necessity for a positive PDF with the GEV distribution. This
optimization can be solved by setting the partial derivatives of the log likelihood equation

to zero and then applying Newton-Raphson iterations to solve for each parameter.

3.3 Quantification of Extreme Value Parameters and Stochastic Data

In order to determine the GEV parameters an MLE was conducted on historic
precipitation data from Durham, NC. Precipitation data was gathered from the National
Climate and Data Center (NCDC). The data spanned 1948-2010 at the hourly time scale,
although some lapses did occur in measurements. The optimal GEV parameters and 95%
confidence intervals (Cl) based on the MLE can be seen in Table 1. It should be noted
that although the GEV was chosen due to its ability to model extremes, it also showed a
good fit to the historical data, producing error thresholds below 2%. The only other
distribution that produced a reasonable fit was the Generalized Pareto Distribution
(GPD), which has ties to the GEV. The GPD will be explored in further detail in the next
section, regarding inter-times. The GEV fit can be seen in Figures 3.1 and 3.2, depicting

the probability density function and cumulative density function for the data set.
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Table 1: Parameter Values for the Fitted GEV Distribution

Shape Parameter Scale Parameter Location Parameter
(K) (o) ()
Optimal Values 1.2812 0.6097 0.3669
Lower 95% CI 1.2609 0.5992 0.3595
Upper 95% CI 1.3015 0.6201 0.3743

These parameters were then used as the basis for a stochastic weather generator
coded in MATLAB and C/C++. The resulting data sets were analyzed and used as input

for the EPA SWMM model and subsequently WETSAND2.0.
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Figure 3.1: PDF Plot of Optimized GEV Distribution Fitted to Historic Data
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Figure 3.2: CDF Plot of Optimized GEV Distribution Fitted to Historic
Data

3.4 Quantification of Parameters and Generation of Inter-Event Times

The NCDC data set was again used to estimate historic inter-event times at the
hourly scale. They were plotted and a number of distributions were fit to the data.
However, the MLE for the data set did not converge via the Newton-Raphson iteration
method. Therefore, other distributions were tested. Wilks (1999) suggests that
exponential distributions can be used for inter-event times, even for extreme value
modeling. However, the exponential distribution exhibited a poor fit to the historic data
in comparison to other distributions. The Gamma distribution was also given strong
consideration based on the work of Onof and Wheater (1993). However, the scale
parameter used in the Gamma distribution shows poor correlation based on a large
standardized error at 95% confidence intervals. It also does not account as well for
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extremes in the tail of the data. Studies by Palutikof, et al. (1999), Li, et al. (2005), and
Willems, et al. (2007) suggest that a GPD is often the best fit for the modeling of
extremes. Indeed, when a GPD was used to fit the data, a reasonable fit was found,
resulting in optimized parameters.

The GPD is also based on three parameters — scale, shape, and threshold. The
scale and shape parameters can again be found my using an MLE. The governing

equations for the are given by:

[ —1—;:{
This is valid when 6 <x, k >0, or 6 < x < -c/k. For k = 0, the equation becomes:

—(x—8)

y=f(xl0,0,6) = () e (32)

This is valid for 6 <x. In addition, if both k and 0 are equal to 0, then the GPD
becomes the exponential distribution. The GPD is also tied to the GEV. The maxima of
samples of events from GPD are GEV distributed with equal shape parameters
(Moscadelli, 2004). This gives the relationship:

GPD(x)= 1+logGEV(x); iflogGEV(x) > —1 (33)

The results from MLE parameter optimization with 95% confidence intervals can
be seen in Table 2. These results were calculated with a threshold parameter equal to
zero. A negative threshold appeared to give a better fit to the data, but would not be

logical, since inter-times must be positive, real numbers. The PDF and CDF for inter-
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event times can be seen in figures 3.3 and 3.4.

Table 2: Parameter Values for the Fitted GPD Distribution

Shape Parameter Scale Parameter Threshold
(K) (o) Parameter (0)
Optimal Values 3.5855 0.0207 0.0
Lower 95% ClI 3.5480 0.0202 N/A
Upper 95% CI 3.6230 0.0211 N/A
Mk
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Figure 3.3: PDF Plot of Optimized GPD Distribution Fitted to Historic Data
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Figure 3.4: CDF Plot of Optimized GPD Distribution Fitted to Historic Data

3.5 Extreme Analysis of Generated Data — a Statistical Stochastic Approach

A total of one hundred stochastic data sets were generated to evaluate the
occurrence of extreme precipitation events in order to verify the ability of the model to
capture extreme events. Examining the rainfall totals independently from the inter-event
times, there is a 1.50% increase in 10 year storm events, a 1.75% increase in 100 year
storm events, and an increase of 2.14% in 1000 year storm events. Likewise, there was a
12.92% increase in precipitation events yielding less than 0.01 inches (.254 mm).
Although results showed a significant increase in storm events, this must be fully verified
with historic data.

The inter-event times were even more significant. The simulated data exhibited
extreme characteristics, such that there was a 3.30% increase in inter-event times greater
than one month (30 days) and also a 19.04% increase in events occurring in consecutive

hours. Therefore these two conditions, when paired with the precipitation data, create
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theoretical flood and drought periods at a higher rate than historic data, which is what
climate change experts suggest (IPCC, 1997).
Further work is intended to conduct an analysis using historical data. Emphasis

will be placed on twenty year intervals (e.g. — 1930-1950, 1950-1970, etc.) to examine

interdecadal oscillations.
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4. Results and Discussion

Precipitation data sets were created for time scales of event based (hours), one month, 6
months, one year, and two years at the hourly time scale. Different techniques were used
to evaluate drought and flood impacts. A comparison to baseline flows in the watershed
was also made. The results of the analyses lead to implications for watershed and

wetland management in the future. The generated data can be seen in Figures 4.1 to 4.3.
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Figure 4.1: Plot of a Generated Precipitation Data Set for a Year
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Figure 4.3: Plot of Inflow and Outflow from the Wetlands for a Randomly Generated
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4.1 Comparison to Historic Drought Conditions

A drought analysis was conducted using the Standardized Precipitation Index
(SPI). The SPI is a drought index developed my McKee et al. (1993). It is currently
employed by many agencies and organizations including the Colorado Climate Center,
the Western Regional Climate Center, and the National Drought Mitigation Center. It
allows for the probabilistic determination of a drought or wet events rarity at any point in
the world.

Thom (1966) found that the gamma probability density function fits the
precipitation time series well. The gamma PDF can be formulated from the gamma
function, precipitation data, a scale parameter, and a shape parameter. Computation of
the SPI involves fitting a gamma PDF to a frequency distribution of precipitation totals
for a given location. The shape and scale parameters are estimated at each location for a
time scale of interest (1 month, 3 months, 12 months, 48 months, etc.) and for each

month of the year. An MLE is again used to estimate these parameters, in this case given

by:
—
A 1 | 24
ﬂ!—a(1+1‘|1+?) (34)
f=1 (35)

where a is the shape parameter, [ is the scale parameter, X is precipitation data, and A is

given by:
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A=In(x) - 222 (36)

where n is the number of precipitation events.

This results in optimized parameters used to find the cumulative probability of a
precipitation event for the given month and time scale for the location in question. The
cumulative probability is given by:

G(x) = f:g(x]dx = F*l—_lrx xE 1e™*/F gy (37)

Zr@) o
where I denotes the gamma function. Letting t = x/p" the equation becomes the

incomplete gamma function:

G(x) = ﬁ;. [t e vt (38)

Since this function is undefined for x = 0, and precipitation data sets may contain zero
values, the cumulative probability becomes:

H(x) = q+ (1-q)G(x) (39)

where q is the probability of a zero. If m is the number of zeroes in a
precipitation time series, then g can be estimated by m/n (Thom, 1966). The cumulative
probability is then transformed to the standard normal variable Z with mean zero and
variance of one, which is the SPI value. This transformation from gamma to normal
distribution is accomplished by using the technique suggested by Panofsky and Brier
(1958), such that the probability of being less than a given value of the variate shall be
the same as the probability of being less than the corresponding value of the transformed

variate. This method produces figures that are easy to use, but tedious for large amounts
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of data or locations. Thus, an approximation is provided by Abramowitz and Stegun
(1965) that converts cumulative probability to the standard normal random variable Z.

This is given by:

_ _ _ cn+c._r+c,_r“
Z=5PI = [ t —1+d._r+dzt“+d5r5] for0<H(x) <0.5 o
_ _ _ r:l:,+r:._r+c=rz
7=SPI= ( t —1+d._r+d,.r5+d5r5) for0.5 < H(x) < 1.0

where:
e
t= ||1n( ! 2) for0< H(x)< 05
v \(H@) 1)
—
_ 1
t= Jln(l_mm]z) for 05< H(x) < 1.0

and co = 2.515517, ¢; = 0.802853, ¢, = 0.010328, d; = 1.432788, d, = 0.189269,
d; =0.001308. Essentially, the SPI represents the number of standard deviations above
or below that an event is from the mean. However, this can be inaccurate for short or
skewed data sets. This leads to the SPI and related cumulative probability given in Table
3.
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Table 3: SPI and Corresponding Cumulative Probability

SPI Cumulative
-3.0 0.0014
-2.5 0.0062
-2.0 0.0228
-1.5 0.0668
-1.0 0.1587
-0.5 0.3085
0.0 0.5000
0.5 0.6915
1.0 0.8413
1.5 0.9332
2.0 0.9772
2.5 0.9938
3.0 0.9986

For the analysis of the Sandy Creek Watershed, 5 time series of generated
precipitation data was compared to historic, monthly data from Durham spanning over 80
years. To do this, hourly precipitation was combined and scaled. The results showed a

the presence of extreme events — both potential droughts and floods.
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Table 4: Statistical Results of SPI Analysis at Different Scales

1 Month Time 3 Month Time 6 Month Time
Scale Scale Scale

Max 4.05 3.94 4.51

Min -1.91 -3.34 -3.61

Mean -0.12083 -0.01208 0.240833

Median -1.17 -0.81 0.285

Percent of 20.0% 32.5% 24.1%
Months Above 1.5

Percent of 40.8% 33.7% 22.0%
Months Below -1.5

The SPI gives the following definitions for drought levels: -1.0to-1.49isa
warning level, -1.5 to -1.99 is a watch level and -2.0 and lower is an emergency level.
The SPI analysis suggests that the Sandy Creek Watershed would experience drought
watches at least 4 times a year and drought warnings at least 2 times a year. Emergency
drought conditions are also more probable. Using a one month time scale, conditions
were often borderline emergency, but never below -2.0. This was a 0.5% decrease from
historic levels. However, drought emergency level conditions increased by 2.34% at the
three month time scale and by 1.44% at the six month time scale.

McKee et al. (1993) found that for larger time steps (>12 months), the SPI tended
to be less accurate. In this case, you can see the scale dependence of the monthly

precipitation for the generated data at each time step. Although each time step has some
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arguable flaws, each is able to portray a different time series that is helpful in making
drought assessment decisions.

We also see the correlation between the SPI and the simulated streamflow in
Figure 4.2. Droughts will potentially become more frequent with a maximum length of
roughly 5 months. However, large gaps in rainfall events will be partially offset by
groundwater baseflow in gaining reaches and run-off from non-precipitation based events
on the Duke campus. But with the mean yearly rainfall remaining near constant, the
groundwater table and other storage zones may see decreases in hydraulic storage
because of the increase in high intensity, short duration events that tend to replenish
water supplies lesser than moderate or low intensity, long duration events.

Periodic droughts can actually be beneficial for wetland ecosystems, increasing
the heterogeneity of biological, chemical, and physical systems (Brakhage, 2009). And
wetlands typically help prevent drought in a subcatchment, by slowly releasing water
over time. Wetland drought has been shown to impact temperature, biogeochemical
cycling, pH, oxygen levels, and plant life in both positive and negative ways Freeman et
al. (1993). However, severe, or prolonged drought can greatly disrupt plants and soils,
which are the foundation for most wetland ecosystems (Erwin, 2009). But, with
management, wetlands can be a huge asset to battling drought caused by climate change.
The model results and flow regimes presented here are one of the necessary tools for

wetland scientists and restoration ecologists moving forward.
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4.2 Comparison to Historic Flood Conditions

Floodplains have not been established for much of the Sandy Creek watershed.
Additionally, very little historic data is available for which to compare streamflows.
However, a neighboring urban subcatchment with a stream of similar width, drainage
area, and gradient has a 100 year flood discharge of 22.6 m*/s (CMS) (800 ft*/s (CFS))
(NC DEM, 2006).

We determined in Chapter 3 that the generated storms events showed increases in
average precipitation amounts. A random one year period was selected to examine for
both precipitation and inflow. The precipitation inputs at the hourly scale included four
10-year storm events, one 100-year storm event, and one 1,000-year storm event based on
the NOAA PDS based precipitation frequency estimates with 90% Cls for the Duke
campus (NOAA, 2011). However, the streamflow associated with this event was 3.45
CMS (122 CFS). Storm frequency estimates do not directly correlate to streamflows,
however it is safe to suggest that the Sandy Creek watershed and wetlands is buffering
storms. And while 3.45 CMS is a historically high flow rate, other factors must be given
additional thought into the hydrodynamic processes in the watershed.

Most notable would be the number of storm events in a given year. In this case,
inter-times may play a very important role in antecedent conditions. In the randomly
selected one year data set, there were 121 hours in which the watershed received
measurable rain. The average number of hours historically for the watershed to receive
rain was over the course of year was 985. Although the total year precipitation is similar,

this drastic change in frequency and duration of storm events must be taken into account.
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Long dry periods create low antecedent soil moisture and storage conditions, thereby
absorbing some of the impact of the high intensity events.

This result is a direct correlation to the use of the GPD to model inter-times. For
comparison, a new set of inter-times was created using the exponential distribution and a
lambda value (average time between events) of 12.96 (hours) based on historic data.
After generating one hundred data sets, the average number of events per year was 1098.
Because of the discrepancy in events, simulations were also conducted with exponentially
distributed inter-times. Although streamflow values did increase, the increases were
minimal (<5%).

This leads to three more possibilities. The first is the complex groundwater-
surfacewater interactions. Based on field studies, we know that the majority of Sandy
Creek is a losing reach. This is affirmed by the drought values seen in the modeling and
groundwater levels being estimated by WETSANDv2.0. Although difficult to quantify,
groundwater level fluctuations have been noted as being particularly important in climate
change scenarios (Hetzel, et al., 2008). In the small, urban watershed being modeled,
groundwater interactions play a very key role.

The second possibility is Watershed A — Duke West Campus. Watershed A
produces roughly 65% less streamflow at its outlet with Watershed C than does
Watershed B. Although watershed A drains a larger area, it also has a higher percentage
of vegetated land use, a smaller gradient, and a shape conducive to lower run-off rates.
And despite the fact that Watershed B has a perennial stream present, it also has storage

and detention ponds to help control stormflow. It is hypothesized that the complex
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drainage network, shape, and vegetated land-use create increased infiltration and
evapotranspiration rates resulting in lower streamflows in Watershed A.

Additionally, Larsen, et al. (2009) suggest that urban drainages will be impacted
less by extreme events because they already have the hydrodynamic infrastructure in
place to handle such events. This is evident in both watersheds, which were classified as
urban drainages (see section 1.3).

The third possibility, and certainly a contributing factor, is the derivation of the
100 year flood discharge by the NC DEM. If an extreme value analysis was used to
predict this value, it may be grossly overestimating the discharge based on the
distribution being used. In particular, the Pearson Extreme Value Distribution often over

predicts values due to the high slope of the tail.

4.3 Comparison to Baseline Historic Data

Every measure was taken during the course of this study to maintain a statistical
tie between historic data for the watershed and stochastically generated data. Figures 4.4
and 4.5 show precipitation and outflow rates from the wetlands for both historic and
generated data. Although the time series is not comparable, magnitudes of each are
visibly comparable and have been noted statistically in previous sections. The graphs
show a visible tie between magnitudes of the historic and generated data, but the

generated values have a higher number of extreme events.
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5. Conclusions and Future Research

5.1 Implications for the Future, Future work, suggestions, and broader impact

It has become a generally accepted fact that global climate change is impacting
local, regional, and global scale hydrodynamic processes. This model illustrates some
potential changes to a relatively small, urban, wetland watershed model incorporating
surfacewater-groundwater interactions. The model predicts that an increase in extreme
precipitation events (due to global climate change) will lead to significant increases in
streamflow and flooding. Additionally, the model predicts drought conditions on a near
yearly basis. However, the model also shows that the impact on the Sandy Creek-Duke
University watershed will not be as extreme as many suggest. Although flooding will
occur, it will be relatively minor and comparable to historic flows. And although
droughts are also predicted, the balance of wet and dry in this wetland watershed can
actually be a positive for the environment. Not only will the wetland help to control
flood and drought, but it will benefit from each. Although the wetland may be subject to
fail if conditions become too extreme, no simulations resulted in scenarios that would
threaten the wetland at one extreme moisture condition for more than 5 months. In
comparison, Prairie Pothole wetlands of the mid- and southwest are often dry for 4-6
months each year (Bolen, et al., 1989). Although in a different climate, they thrive in the
remaining months and are an invaluable part of the regional ecosystem.

Also of importance is the ability to fit GEV and GPD distributions to historic data
in order to create stochastically generated data to use in predictive simulations. Both

distributions generated data sets reflective of what the IPCC (2007) and others have
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predicted, with extremes in precipitation and inter-event times. In the precipitation
scenario modeled, high intensity storm events and drought periods become more
common. It also suggest that we can expect a shift in storm event frequency, similar to

Larsen et al. (2009), where a 100 year storm may actually become a 10 year storm.

5.2 Conclusions

This study concludes that watersheds, no matter the spatial scale, must be
analyzed individually for the purpose of extreme event modeling resulting from global
climate change. Although some comparisons can be made between similar regions, the
effects of extreme precipitation events vary greatly depending on watershed
characteristics. The resulting watershed models and results must be put in the hands of
wetland ecologists, restorationists, and conservationists moving forward because the
definition of extreme events, whether precipitation, discharge, or any other variable,

varies at any specific location and must be considered on a specific basis.
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APPENDIX A - Flow Equations and Solutions

Continuity Equation:
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Analytical Solution of Kinematic Waves:
(Eagleson, 1970)
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Analytical Solution for Diffusion Waves:
(Kazezyilmaz-Alhan and Medina, 2005)
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APPENDIX B - Finite Difference Methods

MacCormack Finite Difference Method:

Kinematic Waves:
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Explicit Finite Difference:
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