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Global climate change is expected to exaggerate the severity of floods and droughts and
increase the frequency of extreme streamflow events in the Midwestern United States.
Managing these projected impacts poses a major challenge for water resources, conservation,
and land use management. Wetlands have been considered as a conservation strategy and work
to increase the capacity of watersheds by storing runoff upstream. The implementation of
wetlands, especially in tile-drained agricultural watersheds, can reduce peak flows and help
mitigate the anticipated impacts of climate change. The goal of this study was to evaluate the
long-term performance of wetlands to reduce peak flows in future climate scenarios in the Eagle
Creek Watershed in Indiana, as well as to establish a methodology to incorporate climate
change into hydrological models to conduct better long-term land management studies and
decisions. The Soil and Water Assessment Tool (SWAT) model was forced with bias corrected
climate projections from the North American Regional Climate Change Assessment Program
(NARCCAP) to evaluate the impacts of climate change on watershed hydrology and the ability of
wetlands to reduce peak flows. Long-term monthly streamflow results predicted a slight
increase in streamflow in the winter and a slight decrease in the summer from the past (19712000) to future (2041-2070) time periods. About half of the climate realizations produced an
increase in the Q05 (5% exceedance flow) value and half a decrease, but all predictions agreed
that high flow events will increase in frequency in the winter and decrease in the spring and
summer. No-flow events, although found to be over-predicted by the hydrological model,
showed an increase from the past to the future for all climate realizations. Results from the
wetland analysis showed that if all potential wetlands identified in a previous study are installed
in the watershed, maximum peak flow reductions of around 20-50 m3/s for the past and future,
as well as decreased frequency of extreme events, can be seen. Wetlands proved to be a robust
solution for peak flow reduction, producing consistent reductions across all climate projections
for both the past and future time periods.
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1. INTRODUCTION
Managing the anticipated impacts of climate change on streamflow is a challenge and has
become more important as streamflow events become more extreme and increase in
frequency. Wetlands creation is a proposed conservation strategy for dealing with the effects of
climate change and for providing streamflow management benefits. This study focuses on longterm projection of wetland performance for reducing peak flows and establishes a method to
conduct better long-term conservation studies and decisions regarding wetlands
implementation. This thesis discusses (1) existing research on climate change, wetlands, and
management strategies, (2) the data sources and model used, (3) the analysis methodology, (4)
the results and their impacts, and (5) the major conclusions and contributions of this research.

1.1 Background and Motivation
1.1.1 Climate Change and Hydrological Impacts
The frequency of extreme rainfall events has increased over the last century and is predicted to
continue to increase, causing more severe flooding risks, erosion, and water quality degradation
(U.S. Global Change Research Program, 2014). Midwestern watersheds have seen an increase in
early spring runoff and peak flows, and can expect 10-20% more runoff in 2041-2070 relative to
1971-2000 due to climate changes (U.S. Global Change Research Program, 2014). Expected
climate change and its impacts have been explained by the Assessment Reports and Special
Reports from the Intergovernmental Panel on Climate Change (IPCC) and from the National
Climate Assessment put out by the U.S. Global Change Research Program (Intergovernmental
Panel on Climate Change (IPCC), 2014, U.S. Global Change Research Program, 2014). Both
entities report similar projections of more heavy precipitation and extreme heat events, causing
an increase in the severity of both floods and droughts.
It has been proposed to study the impacts of climate change on hydrology using climate
variables from global climate models (GCMs) with hydrological models. Dile and Srinivasan
(2014) found that, although climate models are not a substitute for observed data, they can be
very useful for when observed climate data is unavailable due to lack of monitoring, data gaps,
or future timescales. Some climate models can simulate water resources scenarios, but lack
details necessary to provide accurate predictions, so an offline coupling of the climate models
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with hydrological models offers a useful method to assess impacts of climate change on
hydrology (Bergstrom et al., 2001). GCMs, however, produce climate projections on too coarse
of a scale for regional studies, prompting the need for downscaling (Fowler, Blenkinsop, &
Tebaldi, 2007; Grotch & MacCracken, 1991; Salathé, 2003; Teutschbein & Seibert, 2012). Both
statistical and dynamic methods have been used to downscale climate data to an acceptable
resolution. Statistical methods generally are applied to aggregated time scales instead of daily
time scales and use empirical relationships between observed climate and predictor variables
(Ines & Hansen, 2006; Schmidli, Frei, & Vidale, 2006). Dynamic downscaling methods typically
use regional climate models (RCMs) to scale the data down to watershed scales and provide
daily time steps. Advances with RCMs have allowed many studies to use climate variable
outputs for temperature and precipitation in hydrological applications, but they often contain
biases in the data. Climate models characteristically over-predict the number of days with lowintensity precipitation, have biases in the means, and struggle to accurately predict extreme
precipitation events (Bergstrom et al., 2001; Ines & Hansen, 2006; Piani, Haerter, & Coppola,
2010; Teutschbein & Seibert, 2010, 2012). These biases can produce unrealistic hydrological
results, which can be improved by using an ensemble of RCM simulations and applying bias
correction procedures that force the climate model outputs with observations (Block, Souza
Filho, Sun, & Kwon, 2009; Christensen, Boberg, Christensen, & Lucas-Picher, 2008; Ines &
Hansen, 2006; Katz, 1999; Lafon, Dadson, Buys, & Prudhomme, 2013; Leander, Buishand, van
den Hurk, & de Wit, 2008; Lenderink, Buishand, & Deursen, 2007; Piani et al., 2010; Rojas,
Feyen, Dosio, & Bavera, 2011; Terink, Hurkmans, Torfs, & Uijlenhoet, 2009; Teutschbein &
Seibert, 2012). The climate data output from RCMs and bias corrections can then be used to
simulate impacts on water resources in an offline method, comparing model control (or, past)
runs with future scenario runs (Bergstrom et al., 2001).
The hydrological impacts of climate change have been studied for many areas of the world
(Arnell, 1999; Bergstrom et al., 2001; Gosain, Rao, & Basuray, 2006; Grillakis, Koutroulis, &
Tsanis, 2011; Jha, Arnold, Gassman, Giorgi, & Gu, 2006). These studies have found that annual
streamflow cycles may see extreme effects based on climate predictions, including both major
water surpluses and shortages (Bergstrom et al., 2001). Jha et al. (2006) found that the Upper
Mississippi River Basin (UMRB) simulated hydrology was highly sensitive to changes in climate
from 1968-1997 to 2040-2049, seeing the most impacts from precipitation and CO2 fertilization
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shifts, followed by temperature increases, as compared to the minor impacts predicted from
solar radiation and relative humidity changes. Based on their results and previous studies in the
area, Jha et al. (2006) reports potential annual average streamflow changes of up to about 50%
in the UMRB, including increased snowmelt and rainfall in January and February and major
increases in spring streamflow, which could lead to difficulties dealing with these extreme
streamflow events. A study of Spencer Creek Watershed in Southern Ontario, Canada used
several hydrological models with climate projections for 2040-2069 and determined that major
hydrological impacts can be expected at small watershed scales (Grillakis et al., 2011). Grillakis
et al. (2011) concluded that an 18% increase in precipitation and 2.5°C increase in temperature,
expected values from climate models, will produce an increase of 20% in average annual
streamflow and an increase in maximum daily streamflow frequency. Gosain et al. (2006) did
find an overall decrease in available runoff between 1981-2000 and 2041-2060 for some Indian
river basins under future greenhouse gas scenarios, but still concluded that severity of both
droughts and floods will intensify. Gosain et al. (2006) predict that these hydrological changes
will cause major stresses to the water management strategies used in the area and recommend
continued integrated analysis of adaptation plans, including flood warning systems, land use
change, and crop patterns. While those using the climate model-hydrologic model coupled
approach to study hydrological impacts from climate change acknowledge that there is
uncertainty with the climate projections, downscaling and modeling, all the studies have
indicated a trend of drastic changes in streamflow patterns with increased severity of floods and
droughts. Managing these changes and the expected large amounts of runoff is a challenge and
has become more important as flows increase in magnitude and frequency.

1.1.2 Indiana and Eagle Creek Watershed
Indiana and the Midwest have already seen some of these impacts from climate change, as well
as from land alterations, including deforestation, artificial agricultural drainage system, and
urbanization. The climate and land use changes have resulted in an altered hydrological cycle, as
seen by earlier snow-melt runoff events, lower late-summer flows, more severe floods and
droughts, and increased sediment and water quality issues. In 2011, Indiana experienced recordbreaking heat in 7 counties, record-breaking rainfall in 22 counties and record-breaking snowfall
in 6 counties, resulting in a total of 12 broken heat records, 31 broken rainfall records, and 10
broken snowfall records (Natural Resources Defense Council (NRDC), 2012). The state has been
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declared a flood-disaster area 14 times between 2000 and 2011 from severe storms (Federal
Emergency Management Agency (FEMA), 2014). Despite the increase in floods Indiana has
experienced, 83% of the counties are facing increased risks of water shortages due to droughts
(Natural Resources Defense Council (NRDC), 2012). Based on current observations and climate
change projections, the state can expect continued changes and worsening impacts (U.S. Global
Change Research Program, 2014).
One of the major land alterations that have caused negative hydrological impacts is the removal
of wetlands. In the Midwest, about 60% of the historical wetland area was drained primarily for
agriculture, as well as for urban development (Zedler, 2003). The state of Indiana lost more than
85% of its wetland area from about 200 years ago to the mid-1980s (Babbar-Sebens et al.,
2013). In Indiana, widespread systems of tile drains were installed as the main collectors for onfarm drainage, resulting in surface water flowing directly into rivers and a decrease in infiltration
and upland storage (Clark, 1980; Zedler, 2003). Without these wetland systems, many
agricultural watersheds have lost the services they provide, like reduction of sediments in
runoff, reduction in nutrient loads, wildlife habitat, and most noticeably peak streamflow
reduction and flood control.
To control the subsequent flooding issues, previous structural solutions have been implemented
in central Indiana, the most major of which for the Indianapolis area was the construction of the
Eagle Creek Reservoir and flood control dam. Other infrastructural solutions included stream
channel enlargements, levees, boulevard levees and flood control walls built along the river
banks, diversion channels to alleviate flooding, and tile drains to drain agricultural soils (Clark,
1980). These structural flood control projects, like many seen on the Missouri and Mississippi
Rivers (Heisel, 2009), have inadvertently caused more severe and destructive flooding
downstream.

1.1.3 Wetlands in Future Climates
Wetlands and other best management practices have been proposed as alternatives to
structural solutions to mitigate flooding and manage the increasing streamflow (Heisel, 2009;
Hey, Kostel, & Montgomery, 2009; Mitsch & Day Jr., 2006; Wilson, 2009; Zedler, 2003). Hey et
al. (2009) stated that restoration of river channels and flood plains could provide storage for
flood water on the Mississippi River above Grafton, IL. Hey et al. (2009) reported that the 1993
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flood would have filled 33% and the 2008 flood would have filled only 7% of the 100-year flood
plain, resulting in reduced peak streamflows for the floods by 64% and 78%, respectively. The
wetland area that would be needed to store the flood water from the 1993 flood would only
take up 4% of the total watershed area. Wetlands not only reduce peak streamflows, but also
improve water quality and provide wildlife habitat (Keddy, 2010; Moshiri, 1993). Heisel (2009)
suggests an integrated management strategy to tie ecological restoration projects with flood
control projects. By constructing wetlands between farms and adjacent streams or diverting
river water into wetlands along major channels in the Mississippi-Ohio-Missouri River basin,
Mitsch and Day Jr. (2006) found that nitrogen discharge was significantly reduced in addition to
flood control benefits. By restoring or constructing wetland areas, many of the long-term goals
for this study area can be met, including increasing upland storage capacities, improving
infiltration and groundwater recharge, reestablishing natural flows, improving water quality,
providing wildlife habitat, and improving overall watershed health (Eagle Creek Watershed
Alliance, n.d.).
The benefits of wetlands are well documented (Hey et al., 2009; Keddy, 2010; Mitsch & Day Jr.,
2006; Moshiri, 1993; Zedler, 2003), but what is lacking is the long-term study of wetland
performance in reducing the negative impacts of climate change. Using rule-based simulation
models of hydrology and vegetation dynamics, studies have assessed how existing wetlands will
be affected by climate change and found that current stresses (such, as water quality issues) and
man-made alterations (such as, drainage of wetlands for agriculture or construction or dikes and
levees) will cause wetlands to be more sensitive to climate change (Burkett & Kusler, 2000;
Poiani, Johnson, & Kittel, 1995). Many studies have concluded that wetlands will likely see
increased drying, reductions in wetland size, degradation of wetland habitat, increased demand
for agriculture and irrigation water due to less available water, plants and wildlife species
destruction, and gas emissions in future climates (Burkett & Kusler, 2000; Johnson et al., 2005;
Winter, 2000). Winter (2000) performed wetland assessments from general topographic,
geologic and climatic information using a hydrologic-landscape concept and saw that wetlands
that depend primarily on precipitation as a water source are the most vulnerable to changes in
climate, as opposed to those that rely mostly on groundwater sources. Erwin (2009) points out
that North American prairie wetland systems are particularly sensitive to changes in water
quantity and quality and will feel drastic impacts from altered hydrological cycles, especially
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from extreme events. Johnson et al. (2005) concluded that increases in temperature and
decreases in precipitation have the largest impact on wetland and hydrological conditions in the
prairie pothole region in central North America. These conclusions highlight the need for
increased regional climate change and impact research, as recommended by Mulholland et al.
(1997). In the study by Johnson et al. (2005) and a previous study by Poiani and Johnson (1991)
about waterfowl habitat in northern central United States and southern central Canada using a
physical wetlands model that simulates surface processes, groundwater and vegetation
dynamics, it was determined that in projected future climates (generally warmer and wetter),
there will likely be more dry basins and increased habitat degradation. Studies have also found
that wetlands can help with carbon sequestration and greenhouse gas emissions. Increases in
temperature and lower groundwater table elevations will cause increased fluxes of carbon
dioxide and methane into the atmosphere. If wetlands are created or restored to function
properly, they will store carbon for much longer periods, act as a net sink for gases instead of a
net source, and be a key strategy for mitigating greenhouse gas emissions (Burkett & Kusler,
2000). These assessments all agree that existing wetlands will be degraded or disappear if they
are not restored or protected.
In addition to restoring wetlands, constructing new wetlands has been suggested as a
conservation management strategy to mitigate flooding, droughts, and carbon emissions and
improve wildlife habitat in future climate scenarios. Harris et al. (2006) state that restoration of
agricultural land is viewed as positive strategy for fighting carbon emissions and response to
climate change (e.g. Munasinghe & Swart, 2005) and propose that the challenge before us is to
integrate and mold appropriate restoration strategies, such as wetlands, in the presence of
changing climates for use in management and planning. Restoration of riparian vegetation was
also recommended as an approach to reduce stream warming seen from climate change and
restoration of stream channels and wetlands to more natural states is becoming more popular
(Mulholland et al., 1997). Because of the projected losses in wetland area due to climate change
and previous loses due to drainage for agriculture, Hartig et al. (1997) advocates establishing
buffer areas, promoting sustainable uses of wetlands, and restoring farmed or mined wetland
areas, claiming that farmers will experience benefits during both droughts and floods. Similarly,
Hannah et al. (2002) promotes analyses that focus on expanding protected areas, managing land
outside protected areas, and regional coordination of management actions, and stresses the
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need to create conservation responses to climate change that are anticipatory and systematic.
The loss of wetlands due to future climate change will be challenging to contain (Hartig et al.,
1997) and Hannah et al. (2002) advises that wetlands and protected areas will need to be
supplemented with the creation of more wetland area to withstand the effects of climate
change and continue to provide streamflow management benefits.
In all these studies, research has been conducted on how wetlands will fare in future climates
and it has been suggested that wetland areas are protected and increased to fight losses of area
and degradation. Wetlands have also been proposed as viable, integrated solutions for
managing the extreme impacts from climate change, but little research exists to evaluate how
well wetlands can mitigate the expected extreme events (e.g., flooding and droughts) from
changing climate and how assessment methodologies incorporating climate change and their
results can be integrated into management planning and decisions. Previous research conducted
in our study area has identified potential wetland locations, optimized the spatial distribution of
wetlands, and studied stakeholder attitudes towards various land management plans (BabbarSebens et al., 2013; Piemonti, Babbar-Sebens, & Jane Luzar, 2013). Babbar-Sebens et al. (2013)
developed a GIS-based methodology for identifying possible upland wetland locations, and used
a hydrological model to optimize the spatial distribution of wetlands for peak flow reduction.
This study, however, used a hydrological model based on current climate input, providing
shorter-term results and solutions. In a policy paper bringing light to the need to study how
wetland restoration will change in future climates, Erwin (2009) encourages researchers to
study wetlands in their spatial context within a watershed and stresses the importance of
investigating climate change impacts when developing future wetland restoration initiatives.
Erwin (2009) suggests a shift to using three-dimensional modeling techniques to simulate
integrated surface water, groundwater, land use, topographic and hydrological characteristics
and warns that if climate change and variability is not incorporated into medium and long range
planning, the success of conservation plans will likely be reduced.
The study presented here evaluates the impacts of climate change on wetland management
plans and develops a methodology for creating longer-term hydrological models for land
management planning. This research builds on the previous study by Babbar-Sebens et al.
(2013) to examine how the identified potential wetlands can be used to mitigate the expected
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impacts of climate change, but, as Erwin (2009) suggests, focuses on incorporating climate
change into long range planning with wetlands. To assess wetland performance in future climate
scenarios, the watershed was simulated using a hydrological model forced with climate
projection data downscaled from global climate models.

1.2 Objectives and Project Overview
The main objective of this research is to assess the long term performance of potential wetlands
in a Midwestern watershed in reducing peak streamflows in the future. In doing this, we also
plan to develop a methodology to incorporate climate change into hydrological models to
conduct better long-term land management studies and decisions. Secondary goals for this
study are to evaluate the use of climate projection data from NARCCAP for use in hydrological
impact modeling projects, assess urban development land use change impacts, and reiterate
expected hydrological impacts of projected climate change.
This study uses the Eagle Creek Watershed in central Indiana as a case study. The watershed
hydrology was simulated using the Soil and Water Assessment Tool (SWAT) model (Arnold,
Srinivasan, Muttiah, & Williams, 1998). The model was forced with both historical and projected
future climate data from available RCM-downscaled data from the North American Climate
Change Assessment Program (NARCCAP). A “past” climate dataset was used as a baseline for
evaluating the impacts of climate projections, and a “future” climate dataset was used to
demonstrate potential future hydrological impacts from climate change and assess peak flow
reduction benefits from wetlands. Climate projection data is available for several global and
regional climate models, each of which was evaluated by comparing the “past”, or hindcast,
projections to observed climate in the watershed. To better represent the watershed, the
precipitation data was bias corrected using four methods. Each model and bias corrected
dataset was compared to observed climate using several error metrics and those that did not
adequately represent the watershed were removed from the ensemble. The hydrological model
was developed and calibrated against observed streamflow data for a “current” time period.
The calibrated hydrological model was forced with each dataset in the ensemble, and the
resulting streamflows were assessed against the observed streamflow for the area to further
narrow down the climate projection ensemble.
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Using the finalized climate projection ensemble, three analyses were performed: (1) extreme
streamflow event analysis comparing past to future scenarios, (2) land use impact analysis
comparing a future scenario with current land use to a future scenario with projected land use,
and (3) wetland impacts on peak flow reduction comparing a wetland scenario to a non-wetland
scenario for both past and future time periods. First, the hydrological model was forced with the
“past” climate data and the “future” climate data to analyze the impacts of climate change on
extreme streamflow events. The land use change impact assessment was then conducted where
the hydrological model was run using the future climate projections forced with a current land
use scenario as well as a land use scenario incorporating projected urban growth. The resulting
streamflows were compared and the land use change was found to produce very little change,
so was not incorporated into the hydrological model for the wetland analyses. To assess the
performance of wetlands at reducing peak flows, all potential wetlands identified in a previous
study (Babbar-Sebens et al., 2013) were added to the hydrological model for both the past and
future time periods. The peak streamflows for the wetland cases were compared to those for
the non-wetland cases for each time period to demonstrate the reduction in peak streamflows
achieved from installing the wetlands.
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2. DATA AND MODEL DESCRIPTION
2.1 Study Area
Eagle Creek Watershed is primarily an agricultural watershed in Indiana. The Eagle Creek
Watershed was selected for this study because of previous relevant work done in the area and
existing infrastructure. Extensive data has been collected for the area, multiple versions of
hydrologic models have been developed and tested for the watershed, successful partnerships
with stakeholders, including land owners, watershed alliance, federal and local agencies, exist,
and an active program for long-term design of conservation practices is present.

Figure 1. Location of the Eagle Creek Watershed, IN.
The Eagle Creek Watershed is located in central Indiana, about 16 km northwest of Indianapolis.
It is part of the Upper White River Watershed and has area in Boone, Hamilton, Hendricks, and
Marion counties. The watershed has a drainage area of about 420 square km and drains to the
Eagle Creek Reservoir, which provides drinking water to Indianapolis, as well as serves
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recreational and flood control uses (Figure 1). The reservoir was constructed to mitigate the
seasonal flood inundation of northwest Indianapolis, but has since become impaired by
sediments, pesticides, and fertilizers from the agricultural land upstream (Piemonti et al., 2013).
The watershed has been divided up into 130 sub-basins for modeling purposes, each containing
an individual stream or channel reach connecting it to the next sub-basin. The topography of the
land is flat to undulating (Figure 2 (left)), with elevations ranging from 240 to 299 m above sea
level. The primary land use (Figure 2 (right)) for the water shed is agriculture (approximately
60%, located in the northwest area of the watershed) with the main crops being corn and
soybean. The southeast region has more urban development due to population growth in
Indianapolis and increases in urban/suburban infrastructure. The soils are generally productive
soils developed in glacial till and loess.

Figure 2. Digital elevation map (left) and land use land cover map from 2012 (right) for the
Eagle Creek Watershed.
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The climate in Indiana is classified as continental, with high humidity, frequent changes in
temperature and significant local precipitation (Clark, 1980). The average annual temperature is
about 11.11°C, with January typically being the coldest month and July typically begin the
warmest. The average annual precipitation is around 96.5 to 101.6 cm. About 59% of the
precipitation occurs during the growing season of April through October, with May typically
being the wettest month and February being the driest (Clark, 1980). Since 1980, the Midwest
has already seen an increase of about 0.22°C in the average annual temperature (U.S. Global
Change Research Program, 2014), bringing the average for Indiana up to 11.33°C. By 2041-2070,
the average annual temperature is expected to increase by 2.1-2.3°C for the Indianapolis area
(U.S. Global Change Research Program, 2014). The average annual precipitation is also expected
to increase by 6.1-10.1 cm by 2041-2070. Future climate trends for the area also include
increases in high-intensity precipitation in spring, followed by hot, low-precipitation summers.
Evidence of this trend has already been seen and with predicted changes in precipitation and
temperature, surface water management is extremely important in the area to minimize the
impacts of worsening floods and droughts (Babbar-Sebens et al., 2013).

2.2 Hydrological Model
The hydrology and wetlands were simulated using the Soil and Water Assessment Tool (SWAT)
model, which was developed by the United States Department of Agriculture (USDA)
Agricultural Research Service (ARS) (Arnold et al., 1998; Neitsch, Arnold, Kiniry, & Williams,
2011). The SWAT model is a continuous-time, physically based, distributed hydrologic model
and can be used through an ArcGIS interface (called ArcSWAT). The SWAT model was developed
to simulate the impacts of land management practices on streamflow, water quality and
chemical yields over long periods of time at a watershed or river basin scale. The SWAT model
uses mechanistic and empirical sub-models and requires specific data input, including
topography, land use, soil type and climate (Arnold et al., 1998; Neitsch et al., 2011). The most
current version of the model (ArcSWAT 2012) was calibrated and used to simulate the hydrology
and resulting streamflow in the Eagle Creek Watershed for this study.
To account for spatial distribution in basin characteristics and land management, the SWAT
model divides the watershed up into sub-basins connected by a stream network. Each sub-basin
has one main flow channel or reach so that the outflow from one sub-basin flows into the next.
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The sub-basins are further divided into hydrologic response units (HRUs), which are unique
combinations of land use land cover, soil type, and slope. The HRUs within a sub-basin do not
interact with each other, but outputs from the HRUs are summed across HRUs in a sub-basin
and routed through wetlands, reservoirs, ponds, and channels to the outlet.
The Eagle Creek Watershed SWAT model was built for a “current” time period, 2000-2012, and
was run on a daily time step. The elevation data was input using a 10 meter digital elevation
model (DEM) from the United States Geological Survey (USGS). A pre-defined watershed
boundary with 130 sub-basins and stream network based on the topographic maps published by
the USGS were used and for each sub-basin, the model calculates the outlet on the stream
network based on the DEM. After each sub-basin outlet and the watershed outlet were fixed,
the Eagle Creek Reservoir location was added (Figure 3).

Figure 3. Sub-basins, streams,
reservoir, and station locations in
the Eagle Creek Watershed.

Figure 4. Slope classification map
for the Eagle Creek Watershed.

14
The USDA 2012 land use land cover data from the crop data layers database and the USDA
SSURGO soil data maps were input into the model. The 2012 land use map was used so that the
calibrated model would reflect the most current land use and minimize the error when used for
future predictions. Because the watershed is very flat, the slope was classified into three ranges,
from 0-1%, 1-2% and >2%. From the slope classifications, land use, and soils, the HRUs were
created with a 10% threshold, meaning that all land use, soil class, and slope class combination
with less than 10% of sub-basin area coverage were eliminated.
Daily observed climate data for precipitation and temperature was obtained from the National
Oceanic and Atmospheric Administration (NOAA) stations at Whitestown, IN (station ID GHCND:
USC00129557, latitude 39.996°, longitude -86.354°) and at Indianapolis Eagle Creek, IN (station
ID GHCND: USC00124249, latitude 39.920°, longitude -83.313°). Observations were input for
precipitation, minimum and maximum temperature, while the built-in weather generator in
SWAT was used to simulate the relative humidity, wind speed, and solar radiation. For model
calibration, the observed precipitation and temperature data from 2000-2012 were used and for
the climate change analysis, climate model data (precipitation and temperature) were input for
the time period being analyzed. In their climate change sensitivity assessment using SWAT for
the Upper Mississippi River Basin (UMRB), which is predicted to have similar changes as the
Ohio River Basin, where this study is located (U.S. Global Change Research Program, 2014), Jha
et al. (2006) found that the future flows were most sensitive to precipitation and CO2 shifts,
followed by increases in temperature, and that only minor impacts on future flow were found
from changes in solar radiation and relative humidity. Because precipitation and temperature
have the largest impact on streamflows, the weather generator was used for the relative
humidity, wind speed, and solar radiation in all cases for this study.
The reservoir bathymetry and daily water consumption was attained from the water utility
(Indianapolis Water Co. now owned by Citizens Water). Dam releases were represented using
daily flow measurements at the USGS Clermont station (station #03353460). The Clermont
station was used because data at the outlet station was unavailable and the Clermont station is
located only 1.13 km downstream of the outlet and receives only 1.4% additional area (BabbarSebens et al., 2013).
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Potential wetland locations were identified in a study by Babbar-Sebens et al. (2013) using a GIS
(Geographic Information Systems) based approach. Areas were selected as sites for potential
wetland creation or restoration if the site had agricultural or related land use, poor soil
drainage, and was located upland in areas that collect runoff. A total of 2953 potential sites for
wetlands were originally identified to help reduce peak flows in streams, improve water quality,
and provide wildlife habitat. In SWAT, wetlands are simulated as a water body located at the
outlet of a sub-basin, meaning a maximum of one wetland per sub-basin is allowed. Due to this
restriction and the large number of wetland polygons identified, Babbar-Sebens et al. (2013)
combined the area of all wetlands in a sub-basin into one large wetland, resulting in 108
potential wetlands at the outlets of their respective sub-basin. Using the wetland module in
SWAT, several wetland parameters were also estimated, including the fraction of sub-basin area
that drains into the wetland, surface area of the wetland at maximum water level, volume of
water stored in wetlands at maximum water level, initial volume of water in wetlands, and
hydraulic conductivity through the bottom of the wetland. Babbar-Sebens et al. (2013) assumed
an initial water volume of 0 for all wetlands, a water depth of 0.5 m, and a hydraulic
conductivity of 50 mm/h (based on existing hydraulic conductivities of soils in the watershed).
The SWAT model performs water balance calculations individually for each HRU. The
hydrological cycle is separated into the land phase and the routing phase. The Soil Conservation
Service (SCS) curve number method is used to compute runoff and channel routing uses the
Muskingum routing method. The SWAT model calculates water quantity and water quality
outputs, but only the streamflow output was used for this study. For calibration and evaluation,
the modeled streamflow at the outlet of sub-basin 70 was compared to flow observations from
the USGS station at Eagle Creek at Zionsville, IN (station # 03353200).

2.3 Climate Projection Data
The climate projection data used was obtained from an ensemble of 8 models published by the
North American Regional Climate Change Assessment Program (NARCCAP) (Mearns et al., 2009).
The NARCCAP climate projection datasets are created by running a set of atmosphere-ocean
general circulation models (AOGCMs) that are dynamically downscaled with regional climate
models (RCMs). Each dataset is named according to the RCM-AOGCM pair. The models used are
described in Table 1. A few model datasets available through NARCCAP were not used in this
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study due to data gaps and differences in calendars used. ECP2-HadCM3 and MM5I-HadCM3
were not used because they use a 360-day calendar and WRFG-CCSM was discarded because it
contained large data gaps for the study area.
Table 1. NARCCAP climate projection models used.
RCM- AOGCM

Grid Cell(s)
(yc, xc)
(40, 90),
(41,90)
(40, 90),
(41,90)
(49,96)

Latitude

Longitude

39.7908,
40.1798
39.7908,
40.1798
40.0949

273.604,
273.699
273.604,
273.699
273.878

WRFG-CGCM3

(35,84),
(36,84)
(35,84),
(36,84)
(39,84)

39.7791,
40.2213
39.7791,
40.2213
39.9825

273.472,
273.551
273.472,
273.551
273.617

MM5I-CCSM

(34,79)

39.9825

273.617

ECP2-GFDL

(43,90),
(43,91)

40.022,
39.949

273.395,
273.902

CRCM-CCSM
CRCM-CGCM3
HRM3-GFDL
RCM3-CGCM3
RCM3-GFDL

Date Range for
Past Data
12/1/197011/30/1999
12/1/197011/30/2000
12/1/197011/30/2000
12/1/197011/30/2000
12/1/197011/30/2000
12/1/197011/30/2000
12/1/197011/30/1998
12/1/197011/30/2000

Date Range for
Future Data
12/01/204011/30/2070
12/01/204011/30/2070
12/01/204011/30/2070
12/01/204011/30/2070
12/01/204011/30/2070
12/01/204011/30/2070
12/01/204011/30/2069
12/01/204011/30/2070

The NARCCAP AOGCMs are based on the Intergovernmental Panel on Climate Change (IPCC) A2
emissions scenario (Nakicenovic & Swart, 2000). In the Special Report on Emissions Scenarios
(SRES), the IPCC outlined 4 families of emission scenarios - A1, A2, B1, and B2. Forty different
emissions scenarios, grouped into the four families, were developed using possible changes in
economic development, technological development, energy use, population change, and
agriculture or land use change. The SRES states that all scenarios have the same likelihood of
occurrence (Nakicenovic & Swart, 2000). The A2 scenario is one of the higher emissions
scenarios (Figure 5), and was selected for use by NARCCAP because it provides a larger change in
modeling results and therefore leads to a more conservative design approach (Mearns, 2007). In
the context of climate modeling and impact studies, a larger predicted change in climate will
result in more dramatic hydrological results and if solutions are adapted to the more drastic
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effects, they can also adapt to smaller changes in climate. The A2 scenario family focuses on
heterogeneity, self-reliance, and preservation of local identities. In the scenario, fertility
patterns across regions converge slowly which results in the high population growth and the
economic development is more regionalized. Compared to the other scenarios, the A2 scenario
assumes that economic and technological developments are relatively slow, CO2 emissions are
high, global average per capita income is low and population growth is rapid (Nakicenovic &
Swart, 2000).

Figure 5. IPCC emission scenarios (Taken from: http://www.ipcc.ch/index.htm). The bars on
the right show the ensemble mean and range for each scenario family.
NARCCAP covers the United States and most of Canada and the RCMs are run at a resolution of
50 km (Mearns, 2007). For each model, data was obtained for the grid cell that contained most
of the Eagle Creek Watershed, or the average of the data from two grid cells that both
contained about half of the watershed. The location of each grid cell center-point in relation to
the watershed is shown in Figure 6. NARCCAP produces data for two time periods: a past
“hindcast” dataset from 1971-2000 and a “future period” dataset from 2041-2070. An almost 2year spin-up period is removed from the data to account for the time it takes some model
elements to equilibrate. The starting and ending dates for each model are shown in Table 1. The
starting dates are one month prior to 1971 to allow for a full winter season, and for the same
reason, the ending dates are one month prior to the end of the final year. The past period
datasets were compared to observed data to evaluate how well the model represented the
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watershed historical climate and the future dataset was input into the hydrological model as
climate projections, after applying the appropriate bias corrections, as discussed in later
sections.

Figure 6. Map of NARCCAP grid cell center-point locations in relation to the Eagle Creek
Watershed.
The climate variables used for this project were daily precipitation, minimum daily temperature,
and maximum daily temperature. The precipitation data from the NARCCAP model runs are
provided as a precipitation flux rate averaged over 3 hours, with units of kg/m2/s. To compare
the precipitation flux to the observed daily precipitation values, the modeled precipitation flux
was converted into a rainfall depth for each 3-hour increment and summed for each day.
Assuming a water density of 1 g/cm3, the flux is divided by the water density and assumed to be
distributed evenly over 1 square meter, giving a rainfall depth per time. This value is then
multiplied by 10800 seconds (3 hours) to calculate the total depth (in mm) of precipitation over
the 3 hours. The rainfall depths were then summed for every 24 hours to get a daily
precipitation value. The temperature data are provided as daily values.
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3. METHODOLOGY
3.1 Climate Data Analysis
The hindcast NARCCAP modeled climate data were compared to climate observations over the
same time period to evaluate how well the models represent the climate in the watershed
region. Although correlation between the model and historic data does not ensure accurate
future predictions, confidence in the model will be increased if the hindcast model data
adequately matches the observed climate for the area.
The minimum and maximum temperature data were evaluated using the long-term monthly
mean. The square of the Pearson product moment correlation coefficient (R2) was calculated for
the modeled long-term monthly means when compared to the observed means.
The precipitation was evaluated using the long-term monthly mean, as well as the seasonal
amplitude, annual precipitation, and long-term monthly coefficient of variation. The seasonal
amplitude was calculated as the difference between the wettest and driest month each year.
The annual precipitation is computed as the total precipitation in each year over the model
period. The long-term monthly coefficient of variation was calculated as the coefficient of
variation using all monthly precipitation for the respective month over the 1971-2000 period.
These metrics were used to assess the raw precipitation data and confirm the need for bias
corrections.

3.1.1 Bias Correction Methods
Climate models often produce a biased representation of observed climate (as seen for the
precipitation in the climate data analysis results) and therefore, bias corrections was needed for
the NARCCAP data. Biases in the climate model outputs can produce unrealistic results when
used for hydrological modeling (Bergstrom et al., 2001), so it is necessary to force or correct the
climate model outputs (Christensen et al., 2008). Climate models often struggle to accurately
predict precipitation and will commonly overestimate the number of wet days with lowintensity precipitation, have biases in the mean, and have difficulty in predicting high
precipitation events (Ines & Hansen, 2006; Piani et al., 2010; Teutschbein & Seibert, 2010). In
the seasonal analysis of precipitation in Figure 11, the climate models struggled to accurately
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represent the seasonal trends of the observed precipitation, exemplifying the need for
correction to the data.
In order to correct the potential biases in the NARCCAP precipitation projection data, the
following bias correction methods (as presented in Teutschbein & Seibert, 2012) were tested:
(1) linear scaling, (2) local intensity scaling, (3) power transformation, and (4) distribution
mapping. Each bias correction method is described in more detail in the following sections. The
bias corrections were applied to the past daily precipitation data and were assumed to be
stationary, meaning that the same bias corrections are still valid for the future data (Teutschbein
& Seibert, 2012). A list of variables and subscripts that apply to all bias correction equations is
shown in Table 1.
Table 2. Definition of variables used in text and equations.
Variable

∗

∗

Definition
Shape parameter of Gamma distribution
Long-term monthly exponential parameter
Scale parameter of Gamma distribution
Long-term monthly coefficient of variation
Probability distribution function
Cumulative distribution function
Inverse of cumulative distribution function
Gamma function
Long-term monthly mean
Final bias corrected precipitation
Intermediate bias corrected precipitation
Modeled precipitation 2042-2070
Observed precipitation 1971-2000
Modeled precipitation 1971-2000
Precipitation threshold value
Scaling factor
Long-term monthly standard deviation

3.1.1.1 Linear Scaling
The linear scaling approach (Ines & Hansen, 2006; Lenderink et al., 2007; Teutschbein & Seibert,
2012) corrects the data using a ratio of the long-term monthly mean observations to the longterm monthly mean of the model data. Because of this, the long-term monthly means of the
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corrected precipitation will exactly match with the observations. The past and future model data
were corrected according to the following equations:
∗
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The long-term monthly mean, μm, was calculated as the average of the monthly precipitation
over the 30-year model period (29 years for CRCM-CCSM and 28 years for MM5I-CCSM),
calculated for each calendar month. The correction factor for the past data was assumed to be
stationary and is also applied to the future data.

3.1.1.2 Local Intensity Scaling
The linear scaling bias correction above only corrects biases in the mean (Ines & Hansen, 2006;
Teutschbein & Seibert, 2012), but the local intensity scaling (LOCI) method corrects for errors in
the mean, as well as the wet-day frequency and intensity. The LOCI method (Schmidli et al.,
2006; Teutschbein & Seibert, 2012) first corrects for number of wet days by applying a
precipitation threshold to the model data, then corrects the mean based on long-term monthly
means of wet days. Because models typically under-predict the number of dry days and overpredict the number of days with low precipitation (Piani et al., 2010), or ‘drizzle’ days, the
precipitation threshold corrects this and assigns a precipitation value of 0 to anything below the
threshold. The modeled daily precipitation data was corrected according to the following
procedure.
(1) A precipitation threshold value for the modeled data was determined so that the
number of observed wet days is equal to the number of modeled days that exceed the
threshold value. First, the number of observed days with precipitation greater than
0mm (n) was calculated. The modeled precipitation was then ordered in descending
magnitude and the precipitation value for the nth ranked day was selected as the model
precipitation threshold, Pth. The daily modeled precipitation was then corrected by
reassigning a value of 0mm to all modeled days below the threshold.
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In this method, the past modeled data will have the same wet day frequency as the observed
data, but the future modeled data can have a different wet day frequency from the observed
data. It is also important to note that the amount of precipitation from the corrected days was
removed and was not redistributed to the remaining days.
In this study, one precipitation threshold value for the entire 30 year period was calculated for
each model. Calculating a threshold on an annual or seasonal/monthly basis can also be used,
but results in a large number of parameters and brings up the issue of over-fitting (Schmidli et
al., 2006). A monthly calibration for threshold values was investigated for the CRCM-CCSM
model. A threshold value was calculated for each month using the long-term monthly data,
resulting in 12 threshold values (Figure 7), varying between 0.8853 and 2.7327 mm. When only
one threshold value was calculated for the entire 30 year period for the CRCM-CCSM model, the
threshold was 1.4 mm, and provides a more realistic representation of the long-term
precipitation data. Because this study focused on the long-term precipitation trends, the
method of calculating one threshold value for the entire “past” period was selected and applied
to each model.
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Figure 7. Precipitation threshold value for the LOCI bias correction, showing long-term
monthly calibration vs. overall (32-year) calibration for the CRCM-CCSM model.
(2) The second step in the LOCI method is akin to the linear scaling method, but uses the
long-term monthly mean of only wet days. The mean was calculated as the average over
the 30 year period of the monthly precipitation in the respective month, only
accounting for precipitation that was above 0 mm for the observed dataset and was
above the precipitation threshold for the modeled dataset. The modeled data was
corrected according to the following equation:
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The scaling factor, s, for this method is the ratio of the wet day intensities of observations to
modeled data adjusted according to the threshold. The future modeled data was corrected
using the same scaling factor, therefore forcing the future modeled data to have the same wet
day intensity as the observed data.
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3.1.1.3 Power Transformation
A non-linear bias correction approach was also tested to correct the variance, which is not
accounted for in the linear scaling or local intensity scaling methods (Teutschbein & Seibert,
2012). The power transformation method (Leander et al., 2008; Leander & Buishand, 2007;
Teutschbein & Seibert, 2012) corrects the modeled data so that an exponential form of the
model data has the same coefficient of variation (CV) as the observations and is then scaled
using a method similar to the linear scaling.
(1) First, the exponential parameter, b, was calculated for each month, using a 3-month
window, such that the CV of the modeled data raised to the power of b was equal to the
CV of the observed data, as outlined in the following equation.
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The long-term monthly standard deviation and means were calculated using all monthly data in
a 3-month window over the 30 year period, resulting in a value for b for each month. For
example, the exponential parameter, b, for January, was calculated using the monthly
precipitation from December, January, and February over all 30 years.
(2) The daily data was then corrected using the parameter b. The same correction was
applied to the future data.
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(3) The last step was to apply a linear scaling to the intermediate corrected data. The data
was multiplied by the ratio of the long-term monthly mean observations to the longterm monthly mean of the intermediate corrected modeled data.
∗

!"#$%

∗
01%12.

=

=

∗3

!"#$%

∗3
01%12.

() * +,$ ∗'
/
() H ∗3 !"#$% J

() * +,$ ∗'
/
() H ∗3 !"#$% J

(11)
(12)

25
The long-term monthly means for the scaling factor were calculated using the same 3-month
window used to calculate the exponential parameter, b. The long-term monthly mean was
calculated using monthly (adjusted) data from that month, the previous month, and the
following month, over all 30 years. In this method, the scaling factor depends on the value of
the exponential parameter, b, but b is not dependent on the scaling parameter.

3.1.1.4 Distribution Mapping
Distribution mapping (DM) (Piani et al., 2010; Teutschbein & Seibert, 2012), also called
probability mapping (Block, Souza Filho, Sun, & Kwon, 2009; Ines & Hansen, 2006), corrects the
modeled data by forcing the cumulative distribution function (CDF) of the modeled data to
match the CDF of the observed data. CDFs were created for each month, and the modeled data
was mapped onto the observed data CDF.
To approximate the distribution of both the modeled and observed precipitation, the Gamma
distribution (Thom, 1958) was used ( Eq. (13)), with shape parameter α, scale parameter β, and
Γ representing the Gamma function. The Gamma distribution is commonly used in analyses of
daily precipitation data (Ines & Hansen, 2006; Katz, 1999; Piani et al., 2010). The shape
parameter α determines the specific shape of the distribution. When α < 1, the probability
distribution function (PDF) is exponentially shaped with asymptotes at both the horizontal and
vertical axis. When α = 1, it is a special case where Gamma PDF is the same as the exponential
distribution. When α > 1, the PDF takes on a skewed, mounded shape, with the skewness
reducing as α increases. The scale parameter β affects the dispersion, or how spread out the
distribution is. If β is larger, then the distribution is less compressed, meaning that larger
precipitation events have a higher probability of occurring.
8L *M|N, O- =
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To apply the distribution mapping approach, the following procedure was used. For both the
observed and modeled data, a Gamma CDF was created for each month, using all the daily data
in the respective month over the 30 year period. Because the models often predict too many
days with very low precipitation, the threshold value from the LOCI bias correction method (Eq.
(3) and Eq. (4)) was applied to the model data before the CDFs were constructed. To correct the
modeled data, the probability was read from the modeled CDF for each precipitation value in
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the respective month. The corrected precipitation value was then read from the observed CDF
using that same probability, as shown in Figure 8. It can also be expressed mathematically with
the following expression, where VL is the Gamma CDF, VL

3

is the inverse CDF, P is the daily

precipitation, and α and β are the monthly Gamma distribution parameters.
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Again, the correction was also assumed to be valid for the future conditions, so the future data
was corrected using the CDF parameters calculated from the past data.

Figure 8. Example observed and modeled Gamma CDFs to illustrate the DM bias correction.
The modeled daily precipitation (red dashed line) was shifted to the observed daily
precipication (black solid line). This example for August, using all daily data from 1971-1999
for the CRCM-CCSM model.

3.1.2 Performance Metrics
In order to evaluate the performance of the climate models and bias corrected climate data,
several performance metrics were used. All of the modeled and bias corrected data were
compared against the observed data for the past time period. Bias correction methods cannot
be validated for the future data, only for the past dataset. Validating the past data will not prove
that the future data will accurately reflect future conditions, but by showing that a bias
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correction method applied to the past data accurately simulates the observed data, we can
assume that the same bias correction method applied to the future data is more likely to match
actual conditions than a bias correction method that performs poorly during the past period
(Teutschbein & Seibert, 2012).
Each bias correction method was applied to and evaluated for each model on an individual
basis. The best performing bias correction methods for each model were selected and applied to
the future datasets to create an ensemble of bias corrected datasets for input into the
hydrological model. The performance metrics used to evaluate the bias correction methods and
raw model data were the long-term monthly mean, seasonal amplitude, annual precipitation,
long-term monthly coefficient of variation, and annual coefficient of variation. These error
metrics cover a variety of properties, including mean and variance on both monthly/seasonal
and annual scales. A normalized error value (Eq. (16)) was calculated for each error metric to
provide a means of comparing errors across metrics and time scales. A normalized error value of
0 means that the modeled or bias corrected data exactly matches the observations. The farther
the error is away from 0, the worse the performance of the data. A positive error value means
that the data being evaluated are over-predicting the observations and a negative value
corresponds to an under-prediction of the observations.
W;?XYZ7[>\ ]??;? =

^;\>Z _YZ`> − abA>?_>\ _YZ`>
abA>?_>\ _YZ`>

(16)

3.1.2.1 Long-term Monthly Mean
The long-term monthly mean was calculated as the average of all monthly data over the 30 year
period for each month. The long-term monthly means were calculated for each climate model
and each bias correction method. The normalized error was calculated for each month and then
averaged for each season to measure the average seasonal trends.

3.1.2.2 Seasonal Amplitude
The seasonal amplitude was calculated as the difference between the wettest and driest month
in each year. The seasonal amplitude was calculated for each year individually for the model and
bias corrections. Those annual values were also averaged over the entire 30 year period to give
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an overall average estimate. The normalized error was calculated using the overall average
seasonal amplitude.

3.1.2.3 Annual Precipitation
The annual precipiation error metric is the sum of all precipitation during each year. Again, to
calculate the normalized error, the average of all the annual precipitations over the 30 year
period was used.

3.1.2.4 Long-term Monthly Coefficient of Variation
The long-term monthly coefficient of variation was computed for each month of the year as the
coefficient of variation (standard devitation over the mean) for all monthly data for the
respecitve month over the 30 year period. Similarly to the long-term monthly mean, the
normalized error was calculated for each month and then averaged for each season.

3.1.2.5 Overall Annual Coefficient of Variation
The annual coefficient of variation was calculated as the overall coefficient of variation, using all
the annual precipitation data over the 30 year model period. The normalized error value was
calculated using the single coefficient of variation value computed.

3.1.3 Ensemble Selection
Each of the four bias correction methods was applied to all 8 NARCCAP climate models to
develop 32 realizations of bias corrected data in addition to the 8 raw datasets. Each realization
(raw and bias corrections) was evaluated using the above performance metrics. For each
performance metric, the model realization was given a normalized error value so that the errors
could be compared across metrics and time scales, as discussed in an earlier section. Then for
each realization, the absolute value of the normalized error was summed up across the
performance metrics to provide an overall error for the model realization.
The total error for each climate realization dataset was compared to determine which
realizations best represented the observed watershed climate and which realizations should be
removed from the ensemble. Realizations were removed from the ensemble if their error was
closer to the worst raw model error than the best bias-corrected realization error.
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3.2 Hydrological Model Calibration and Evaluation
The SWAT model was used to simulate the streamflow for the Eagle Creek Watershed. Similar to
the method used by Grillakis et al. (2011), the model was calibrated and evaluated separately
for the observed climate data by comparing with observed streamflow. The model was
calibrated for the “current” time period of 2001-2012 and evaluated for the “past” period of
1971-2000. The years 2000 and 1970, for their respective time period, were discarded as a
“model spin-up” years that allow the modeled values and processes to equalize. Calibration was
performed by comparing the streamflow at the outlet of sub-basin 70 in the SWAT model, using
historic observed climate data for the NOAA station at Whitestown, IN (station ID GHCND:
USC00129557), to observed flow from the USGS station at Zionsville, IN.
When comparing the baseline past scenarios (simulated using the climate model “past” data
from 1971-2000) to the future scenarios (simulated using the climate model “future” data from
2041-2070), extensive calibration of the SWAT model is not required (Gosain et al., 2006). A
simple calibration based on physical values and calibrated values found by Piemonti et al. (2013)
was performed on the SWAT model. The Muskingum routing method was selected for channel
routing. Several tile drain parameters were also modified as listed in Table 3, based on typical
values found for tile drains in central Indiana. To help the model capture the decreasing
streamflow trend after small peaks, some calibration was performed on infiltration and
interflow parameters. The groundwater parameters and curve numbers (values based on
calibration done by Babbar-Sebens et al., 2013) shown in Table 4 were adjusted to calibrate the
model.
Table 3. Tile drain parameters for central Indiana used to calibrate the SWAT model
PARAMETER
DED_IMP (depth to impermeable layer)
DDRAIN (depth to tile drains)
TDRAIN (time to drain soil to field capacity)
GDRAIN (tile drain lag time)

VALUE
2500 mm
1000 mm
24 hr.
96 hr.
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Table 4. Calibration parameters and initial and calibrated values
PARAMETER
CN_FROZ (FROZEN GROUND CURVE NUMBER)
GW_DELAY (GROUNDWATER DELAY TIME)
GWQMN (Threshold of water in shallow aquifer
required for return flow to occur)
RCHRG_DP (Deep aquifer percolation fraction)

INITIAL VALUE
0.00862
31 days

CALIBRATED VALUE
1
0 days

1000 mm

0 mm

.05

CN2 (Initial SCS runoff curve number for moisture
condition II)

Specific to land
use

0.0001
CORN, SOYB:
0.8075*CN2default
HAY: 1.045*
CN2default
All Other Land Use:
0.95* CN2default

The model error for calibration and validation was computed for both daily and monthly
streamflow values using the Nash-Sutcliffe efficiency (NSE) (Nash & Sutcliffe, 1970), as given by
Eq. (17) and the square of Pearson’s product moment correlation coefficient (R2). The NSE
calculates how well a plot of observed data and simulated data fit a 1:1 line. NSE was selected
because it has found to be the best metric for evaluating overall fit of a hydrograph (Servat &
Dezetter, 1991). NSE varies from −∞ to 1 and an NSE equal to 1 denotes perfect model
performance. Values less than 0 mean that the average of the observations is a better predictor
than the model.
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where a is the observed flow value, ^ is the modeled flow value, and q are the number of data
points used for calibration or evaluation.

3.3 Streamflow Analysis
Using the calibrated SWAT model, all of the “past” climate data realizations were run
individually through the model. The resulting streamflows were compared as another metric to
evaluate the performance of the climate models and their ability to represent the watershed.
The uncertainty due to the SWAT model was addressed in the calibration and validation of the
model, so to separately evaluate the performance of the climate data, the resulting streamflows
using each of the climate model datasets were compared to the streamflow output of the model
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run with observed climate data. Comparing the modeled streamflow with observed flows would
aggregate the SWAT model and climate model errors instead of allowing them to be addressed
separately.
Because this study is interested in the long-term seasonal effects of climate change on wetland
impacts, the long-term monthly mean was used to evaluate the modeled streamflow for each
climate realization. The long-term monthly mean was calculated as the average of all monthly
data over the 1971-2000 time period in the respective month.
To further narrow down the ensemble of climate realizations and eliminate climate realizations
that do not produce streamflow trends representative of the area, a standard error boundary
was calculated. The standard error (SE) of the long-term monthly mean streamflow using
observed climate was computed for each month using the formula in Eq.(18), where d] is the
standard error, A is the sample standard deviation, and q is the number of data points.
d] =

A

√q

(18)

The error boundary was set at ± 3 times the standard error to approximate a 99% confidence
interval. Any climate realization run that had more than 10% of the data outside of the error
bounds were then removed from the final ensemble.
To further evaluate the final ensemble of climate models, the long-term monthly cumulative
distribution functions (CDFs) were plotted for each realization and compared to the CDF of the
modeled streamflow using observed climate data. All of the daily data from the respective
month was used to create the CDF. A Gamma distribution was approximated for each month
and fit to the data with the shape and scale parameters, α and β, respectively.

3.4 Land Use Analysis
In the Eagle Creek Watershed and surrounding areas, it is projected that urban development will
continue to grow and could affect future hydrological components. In order to investigate the
effect that land use change, specifically urban growth, would have on streamflow, the results
from two cases were compared for each climate model realization: a future run with constant
land use from 2012 and a future run with projected urban growth land use. Each of the future
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climate projections from the final ensemble of realizations was run through the hydrologic
model using the 2012 land use and again using a projected land use map.
The projected land use map was created by combining the 2012 land use map from the USDA
with future urban growth predictions for 2050 from the National Land Transformation Model by
Purdue University (National Land Transformation Model, 2013). The projected urban areas from
the 2050 land use map were overlaid on top of the 2012 land use map to form the new land use
projection map. The land use projection map therefore has the same land use as the 2012 map
for all land use types except for the urban areas. Figure 9 shows the 2012 land use map (left)
and the projected land use map (right), where the growth of urban areas (shown in purple) can
be seen.

Figure 9. Land use maps used for land use change comparison. Land use from 2012 (left) and
land use with projected urban growth for 2050 (right). Classes UIDU, URML, URMD, and URHD
signify urban areas.
The streamflows resulting from the model runs with the projected land use were compared to
streamflows from the model runs with the 2012 land use to see the effect of land use change.
The flow was compared on a daily basis and the maximum difference was calculated.
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3.5 Climate Change Analysis
The climate change from the past (1971-2000) period to the future (2041-2070) period was
assessed with a streamflow analysis and an extreme event analysis. To compare the streamflow
from the past to the future, the long-term monthly streamflow was computed as the average
monthly streamflow (from sub-basin 70) over the model period for the respective month, as
calculated for the past period in section 3.3. The long-term monthly mean streamflow shows the
change in overall seasonal flow trends due to the projected climate change.
An extreme event analysis was performed on both high and low flows to evaluate the expected
changes from current to projected trends. The extreme event analysis compared the streamflow
output from the calibrated hydrological model at sub-basins 70 and 110 for the 1971-2000
period to the 2041-2070 period for each climate realization in the final ensemble. The land use
remained constant from the past to the future periods, so the only change between the periods
was the climate variables.
The flood events were analyzed by calculating the daily Q05 value, or the daily streamflow with
a 5% exceedance, for each 30-year period. Similarly to Whitfield et al. (2003), the historic Q05
value was determined, and then compared to the projected future streamflow to find the
frequency of events with the same magnitude. The Q05 value was also calculated for the future
projected streamflows and compared against the past Q05 values. In addition to analyzing the
changes in flood frequency, the seasonal distribution of floods was also examined. To find the
seasonal distribution, the percent of flood events, defined as days with streamflow equal to or
greater than the Q05 value, occurring in each month of the year were calculated by counting the
number of flood event days occurring in the month divided by the total number of flood event
days over the 30-year period. The percent of flood event days occurring in each month in the
past is compared to the percent occurring in the future to see any seasonal shifts.
The calibrated SWAT model was found to over-predict the number of days with 0 m3/s (cubic
meters per second) streamflow, often producing 0 m3/s streamflow instead of low streamflow
values as seen in the observed streamflow records. Due to this inaccuracy in the model, the Q95
value, or streamflow with a 95% exceedance, was determined to be 0 m3/s for all trials and
cannot be used to assess low flow events. Instead, the percent of total days with 0 m3/s
streamflow was calculated for the past period and compared to the future to determine if more
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or less days are predicted to have 0 m3/s streamflow. To analyze the seasonal distribution, the
same analysis was performed as for the flood events. The percent of all 0 m3/s streamflow days
occurring in each month for the past period were calculated and compared to the percent
occurring in each month in the future period.

3.6 Wetland Analysis
To analyze the benefits gained from installing and restoring wetlands, both an extreme event
analysis and peak flow reduction analysis were performed. Using a GIS-based technique,
Babbar-Sebens et al. (2013) had identified 2,953 potential wetlands, located in 108 of the 130
total sub-basins in the watershed. The analyses performed in this study assumed that all of the
potential wetland locations identified by Babbar-Sebens et al. (2013) are implemented in the
watershed to assess the maximum impact from all the potential wetland sites. All of the
wetlands were added to the calibrated SWAT model and the model was run for both the past
and future time periods. The past time period without wetlands was compared to the past time
period with wetlands to see possible benefits that could have been gained had the wetlands
been installed in the past. This acted like a baseline of benefits to compare with the change in
benefits seen in the future scenario. The future period without wetlands was then compared to
the future period with wetlands to see the impact the wetlands could have in the projected
future climates.
The same extreme event analysis performed for the past to future scenarios comparison was
also performed for the “no wetlands” to “wetlands” cases, for both past and future time
periods. The Q05 value was calculated for both cases and compared to assess flood mitigation
capacity of wetlands. The seasonal distribution of Q05 and greater streamflow events was
calculated as above for the future time period. To analyze the low flows, the number of days
with 0 m3/s streamflow were calculated and compared between the wetland cases for both time
periods, and the seasonal distribution of 0 m3/s flow days was calculated for the future time
period.
In addition to the Q05 streamflow analysis, a peak flow reduction analysis was conducted for the
wetland cases. Using the daily data, the difference in peak flows, or peak flow reduction (PFR),
between the “no wetlands” and “wetlands” cases were calculated for each sub-basin containing
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wetlands. Across all the sub-basins and 30 years, the maximum reduction in peak flow was
calculated for each climate realization, according to Eq. (19).
Vs)#R,t = XYM ,

,t *u>Yv8Z;@ , ,t,,#$.w

.

− u>Yv8Z;@ ,

,t,x.%w# !$ -

(19)

Where Vs)#R is the overall maximum peak flow reduction, 7 is the sub-basin, q is the day, v is
the climate realization, bYA>Z7q> is the “no wetlands” case, and @><ZYq\A is the “wetlands”

case.
The robustness of wetlands as a solution for peak flow reduction was evaluated by looking at
the average reduction for streamflows within a given range. The daily streamflows output from
each climate model was divided into ranges from 0-50 m3/s, 50-100 m3/s, 100-150 m3/s, and
150 m3/s and above. The average reduction for streamflows within each range was computed
for each climate model. To examine how robust the wetlands model is, the average across the
climate models and the standard deviation were calculated. Lower standard deviations means
that all of the models closely agree in the average predicted peak flow reduction, meaning that
no matter which climate projection were to occur, a similar peak flow reduction result is
expected.
To further analyze the peak streamflow reduction benefits due to the wetlands, for the subbasin that contained the maximum peak flow reduction, a distribution was fit to the daily peak
flows above a threshold to determine any changes in frequency of high flow events for the
future time period. The Q05 daily streamflow value of the “no wetlands” case was computed as
the threshold to analyze only peak flows with magnitudes in the top 5% of streamflow values.
All peak flows equal to or greater than the Q05 threshold value were fit with a Gamma
distribution. The distributions of the high peak flows for the “no wetlands” and “wetlands” cases
were then compared to see the shift in probability of occurrence of these events. To compare
the two distributions, the difference in the median value, or streamflow with a probability equal
to 0.5, was computed. This value tells us the change in magnitude of the streamflow event that
is likely to be exceeded half of the time out of the peak flows above the Q05 value when
wetlands are installed.
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4. RESULTS AND DISCUSSION
4.1 Climate Data Analysis Results
To evaluate how well the raw data from the regional climate models capture the long-term
seasonal trends, the long-term monthly mean was calculated for the maximum temperature,
minimum temperature and the precipitation. Both the maximum and minimum temperatures
were well simulated by the NARCCAP models (Figure 10). The square of the Pearson product
moment correlation coefficient, or R2, for the long-term monthly mean for each model is
tabulated in Table 5. R2 for the maximum temperature ranges from 0.97 to 0.99 and 0.96 to 0.99
for the minimum temperature, indicating very high correlation with the observed values. The
monthly observed trend in temperatures was closely followed by each NARCCAP model, giving
us confidence that the climate models are a good representation of temperature in the
watershed.

Figure 10. Long-term monthly mean of observed and modeled maximum (top) and minimum
(bottom) temperatures for the past (1971-2000) period.
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Table 5. R2 for the long-term monthly mean of maximum temperature, minimum
temperature, and precipitation compared to the observed values.
MODEL
CRCM_CCSM
CRCM_CGCM3
HRM3_GFDL
RCM3_CGCM3
RCM3_GFDL
WRFG_CGCM3
MM5I_CCSM
ECP2_GFDL
Minimum
Maximum

Tmax
0.972
0.975
0.989
0.977
0.992
0.994
0.991
0.990
0.972
0.994

R2
Tmin
0.984
0.957
0.985
0.966
0.993
0.981
0.988
0.975
0.957
0.993

Precip.
0.003
0.064
0.331
0.267
0.287
0.327
0.397
0.860
0.003
0.860

The observed precipitation, however, was not simulated as well by the NARCCAP models (Figure
11). Climate models tend to have difficulty in producing accurate precipitation predictions,
especially extreme events, which can lead to inaccurate hydrological modeling results (Ines &
Hansen, 2006; Teutschbein & Seibert, 2010, 2012). Table 5 lists R2 for the precipitation, ranging
from .003 to 0.86. This shows that most of the models have very poor correlation to the
observed data. In Figure 11, it can be seen that some of the models follow the overall seasonal
trend of observed precipitation, but many have more extreme values and differ in the timing of
peaks and troughs. Most of the models tend to over-predict the observations in the spring
(April-June), while some models under-predict in the summer and fall (July-November), and are
split in over- and under-predictions in December-February.
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Figure 11. Long-term monthly mean of observed and modeled precipitation for the past (19712000) period.
In addition to the long-term monthly mean, the seasonal amplitude was also computed for the
raw models, as the difference between the wettest and driest month each year. Figure 12 shows
the observed and modeled seasonal amplitudes for the past (1971-2000) period. None of the
models accurately follow the observed seasonal amplitude trends. R2 for the seasonal amplitude
range from 0.004 to 0.2, showing a very poor agreement with the observed data.

Figure 12. Seasonal amplitude of observed and raw model precipitation for the past (19712000) period.
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The total annual precipitation was also calculated for each model and compared to the observed
precipitation. As seen in Figure 13, again, the models do not accurately reflect the observed
trends for the Eagle Creek Watershed. Some models, although shifted in years, predict similar
ranges of annual precipitation, but others tend to over-predict the annual precipitation. R2 for
the annual precipitation ranges from 0.0004 to 0.1, demonstrating even worse agreement with
observed precipitation.

Figure 13. Annual observed and raw model precipitation for the past (1971-2000) period.
The long-term coefficient of variation was calculated for each month. Figure 14 shows that
many of the models follow the general trend of the observed data, but are generally underpredicting the coefficient of variation. R2 for the long-term monthly coefficient of variation
range from 0.06 to 0.49. The under-prediction of the coefficient of variation means that the
models are not accurately capturing the variation seen in the observed precipitation data.
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Figure 14. Long-term monthly coefficient of variation of observed and raw model precipitation
for the past (1971-2000) period.
The inability of the climate models to accurately simulate the observed precipitation led to the
need for bias corrections on the precipitation data. A study done by Jha et al. (2006) found that
precipitation and CO2 fertilization shifts had the greatest impact on future flow changes
compared to the impacts seen from increased temperatures. Jha et al. did not use bias
correction methods, but suggested more extensive studies with downscaled climate data and a
need for improvement to the modeled precipitation data.

4.1.1 Bias Correction Results
4.1.1.1 Linear Scaling Results
The annual cycle of scaling factors for the linear scaling bias correction method, calculated as
the long-term monthly mean observations to the long-term monthly mean of the model data,
can be seen in Figure 15. A scaling factor of greater than one indicates that the model is underpredicting the observations. The range of scaling factors shows that the ensemble of models
encompasses both over- and under-predictions for all months, although the majority of models
tend to over-predict the observed precipitation in the winter and spring months (January-June),
and under-predict the observations in the summer and fall months (July-December).
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Figure 15. Long-term monthly scaling factors for the LS bias correction for all models.

4.1.1.2 Local Intensity Scaling Results
The threshold values used in the local intensity scaling bias correction method for each model
are listed in Table 6 and range from 0.503 to as high as 1.704 mm. The lower threshold values
show that those models are more closely simulating the rainfall frequency in the long term, but
still tend to predict more days with low intensity rainfall. This is consistent with previous studies
that have found climate models produce too many drizzle days (Ines & Hansen, 2006; Piani et
al., 2010; Teutschbein & Seibert, 2010).
Table 6. Precipitation threshold values for the LOCI bias correction for all models using an
overall calibration for the entire data period.
AOGCM
CRCM
CRCM
HRM3
RCM3
RCM3
WRFG
MM5I
ECP2

RCM
CCSM
CGCM3
GFDL
CGCM3
GFDL
CGCM3
CCSM
GFDL

Precipitation Threshold (mm)
1.4214
1.7043
0.9859
1.4532
1.5587
0.5919
0.5030
1.5420

Calibration Period
1971-1999
1971-2000
1971-2000
1971-2000
1971-2000
1971-2000
1971-1998
1971-2000
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The scaling factors, s, for the local intensity scaling bias correction were calculated for each
month (Figure 16). The scaling factors are similar to those in the linear scaling bias correction
approach, but a little more spread out, again showing a variety of over- and under-predictions in
the ensemble. Many of the models have a scaling factor below 1, corresponding to the models
over-predicting the observations in the spring (April-June), and above 1, or under-predicting, in
the summer, fall, and winter (July-March). Despite these trends, at least one model is overpredicting and at least one under-predicting the observations each month, demonstrating that
the ensemble of models captures a wide range of predictions.

Figure 16. Long-term monthly scaling factors for the LOCI bias correction for all models.

4.1.1.3 Power Transformation Results
The power transformation (PT) bias correction applies a monthly exponential parameter, b, to
the modeled data, calculated such that the coefficient of variation of the observed data is equal
to that of the modeled data adjusted with exponential parameter. The resulting values for the
exponential parameter, displayed in Figure 17 are generally greater than 1, showing that on
average, the models are underestimating the CV of the observations. Underestimating the CV of
the observations means that the models are not adequately capturing the variance, or
dispersion, of the observations. The PT bias correction attempts to correct the models so that
they more accurately reflect the variance in the observations.
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Figure 17. Long-term monthly values of the exponential parameter b for the PT bias correction
for all models
The scaling factors for the power transformation bias correction were calculated using the
modeled data adjusted with the exponential parameter, b. The annual cycle of scaling factors
(Figure 18) shows that the adjusted data now generally over-predicts the long-term monthly
averages of the observations, with factors of less than one for most of the models year-round.
The dependency (inverse relationship) of the scaling factor on the exponential parameter, b, can
be seen in the summer months, where the higher b value results in a lower scale factor.

Figure 18. Long-term monthly scaling factors for the PT bias correction for all models.

44

4.1.1.4 Distribution Mapping Results
Gamma distributions were fit to the observed data for each month for use in the distribution
mapping (DM) bias correction. The observed CDFs (Figure 19 and Table 7) have an α value
ranging from 0.72 (in November) to 1.018 (in May), showing that most months follow an
exponentially shaped PDF. The distribution for May is the special case that matches the
exponential distribution. The value of β for the observed data ranges from 6.784 (in January) to
15.591 (in July), showing a large range of compressed and stretched distributions. The CDFs for
the summer months (Figure 19) are more stretched out, or have a less sharp curve, meaning
that larger storm events are more likely to occur, which is consistent with the higher average
precipitation trends seen in the late spring/summer in the watershed (as demonstrated by the
long-term monthly means in Figure 11). This also corresponds to the larger β values in the
summer (Table 7).
Table 7. Shape and scale parameters for the Gamma distribution fitted to the observed
precipitation data.
Month
Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Sep
Oct
Nov
Dec

α

β

0.820
0.795
0.923
0.963
1.018
0.810
0.777
0.815
0.831
0.792
0.728
0.878

6.784
8.116
8.194
8.033
9.602
13.134
15.591
13.239
11.185
11.007
12.318
7.178
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Figure 19. Monthly CDFs for observed precipitation data using the 2-parameter Gamma
distribution.
The modeled CDFs were constructed using the raw model data after the precipitation threshold
(from the LOCI bias correction method) was applied. The resulting α and β values (Figure 20 and
Figure 21) show no clear trend and many models do not follow the pattern of the parameters fit
to the observed data. For the ensemble of models in general, both the α and β values show
better agreement with the observed parameters in October through May, and very poor
agreement in the summer (June-September). The observed α values stay relatively constant
throughout the year, fluctuating between 0.7 and 1, while the modeled α values fluctuate
greatly between about 0.7 and 3.25. This shows a variety of PDF shapes, including some
exponentially shaped and others with a more mounded, skewed shape, correlating to CDFs that
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are both logistic and logarithmic shaped. In general, the modeled α values are higher than the
observed values for all months. A higher α value means that the modeled CDFs are more
stretched out and larger storm events have more likelihood of occurrence. The modeled β
values also vary extensively, from 1.2 to 12, showing both compressed and stretched
distributions. The models tend to have more compressed distributions than the observed
distribution, as demonstrated by the minimum β value for the observed data being 6.784 and
for the modeled data being 1.2. This trend can also be seen in Figure 21, where almost all of the
modeled β values are below the observed values. The lower modeled β values shift the CDF to
the left, counteracting the larger α values, but result in tighter s-curve shaped CDFs than for the
observed data (as seen in Figure 8). These large errors in the α and β values show that the
models have limited success at predicting the distribution of precipitation for this area and again
confirms the need for bias correction.

Figure 20. Long-term monthly alpha values for the Gamma CDF used in the DM bias correction
for all models prior to the bias correction but after the precipitation threshold was applied.
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Figure 21. Long-term monthly beta values for the Gamma CDF used in the DM bias correction
for all models prior to the bias correction but after the precipitation threshold was applied.
Before the bias correction was applied, the modeled CDFs took on a much tighter s-curve shape
than the more logarithmic shaped observation CDFs did, especially for the summer months
(May-September), as seen in the example for the CRCM-CCSM model (Figure 22). This shows
that the models are predicting higher probability of low-precipitation days, especially in the
months with higher mean precipitation. This is consistent with other findings that models
typically produce too many ‘drizzle’ days (Ines & Hansen, 2006; Piani et al., 2010; Teutschbein &
Seibert, 2010). After the distribution mapping correction was applied to the modeled
precipitation, a new Gamma CDF was fitted to the corrected data to confirm that the new
precipitation values have the same distribution as the observed data.
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Figure 22. Observed, raw model, and DM corrected model long-term monthly Gamma CDFs
for CRCM-CCSM model. DM corrected model and observed data share the same CDF.
After the bias correction, the modeled α and β values very closely agree with the observed
values (Figure 23), resulting in matching CDFs (example in Figure 22). After bias correction, the
corrected modeled precipitation for both the future and past have the same distribution as the
observed data, correcting the typical over-prediction of low-precipitation days and difficulties in
simulating observed high-precipitation events (Piani et al., 2010).
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Figure 23. Long-term monthly alpha and beta values for the Gamma CDF used in the DM bias
correction for all models after the DM correction was applied.

4.1.2 Performance Metrics Results
4.1.2.1 Long-term Monthly Mean Results
The long-term monthly mean precipitation was calculated from the monthly data over the 30year model period. The results for the CRCM-CCSM model are shown as an example in Figure 24,
and the remaining climate model results can be found in Appendix Section 7.1.1. Table 8 shows
the seasonally averaged normalized error values for the CRCM-CCSM model.
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Figure 24. Long-term monthly mean precipitation for 1971-1999 for the CRCM-CCSM model.
Table 8. Seasonal average of long-term monthly mean standardized errors for the CRCM-CCSM
model.
DJF

MAM

JJA

SON

Observed

0

0

0

0

RAW

-0.091

0.097

-0.339

-0.163

LS

0

0

0

0

LOCI

0.028

0.014

0.028

0.025

PT

-0.035

-0.065

0.037

-0.079

DM

-0.197

0.125

0.258

0.003

As seen in the example for the CRCM-CCSM model (Figure 24 and Table 8), the linear scaling and
LOCI methods show very good agreement with the long-term monthly means of the observed
data due to using those values in the calculations. Because of the methods used in both of those
bias corrections, the same trend is seen across all of the models: the LS approach exactly
matches the observed long-term monthly means and the LOCI approach has very low errors.
The power transformation method, however, does not capture the observed trends as well and
is much more varied in the means, both over- and under-predicting, depending on the month.
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This trend seen for the CRCM-CCSM model example (Figure 24) is similar across all the models.
Some models showed slightly higher or lower fluctuations and most models had a higher peak
(over-predictions) in June. For almost all the models, the distribution mapping method matches
the general trend of the observed data well for September-March, but over-predicts the
monthly averages in the late-spring and summer months (April-August). This is likely due to the
fact that the distribution mapping causes a greater adjustment in extreme events which occur
most often in the summer months in this watershed.

4.1.2.2 Seasonal Amplitude Results
The seasonal amplitude, computed as the difference between the wettest and driest month in
each year, can be seen in Figure 25 for the CRCM-CCSM model (and in Appendix Section 7.1.2
for the remaining climate models). The seasonal amplitude, calculated for each year individually,
is shown as the solid lines in Figure 25. The average of the annual values over the 30-year model
period is shown as the dashed lines in Figure 25. The averages for all of the models and bias
corrections can be found in Figure 26.

Figure 25. Seasonal amplitude in precipitation for the CRCM-CCSM model for 1971-1999.
Calculated as the difference between the wettest and driest month each year.
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The seasonal amplitude results vary across the models more than the results of the long-term
monthly mean. The overall averages (over the 30 year period) for each model and their bias
corrections are shown in Figure 26. These values are the same as the dashed lines in Figure 25
for the CRCM-CCSM model, but Figure 26 shows these lines for all the other models in addition
to CRCM-CCSM. For many of the models, the power transformation bias correction performed
best when looking at the overall average of the seasonal amplitude (e.g. dashed lines in Figure
25), tending to just barely over-estimate the observed average. This is consistent with the
purpose of the power transormation method, to correct the variance, which was not accounted
for with the linear scaling and LOCI approaches. The LOCI bias correction typically performed
second best, after power transformation, or best for some of the models. However, the overall
average of seasonal variance was often an under-estimate of the observations. The LOCI
method applies the precipitation threshold which contributes to correcting some of the
minimum precipitation values and therefore was expected to perform better than the linear
scaling approach and raw model. The linear scaling approach was often very similar in results to
the raw model, showing almost no benefit in doing that bias correction when looking to correct
the variance, which is consistent with the goals of the method. For all but one model, the
distribution mapping method performed the worst in correcting the variance, with the highest
average seasonal variance of all methods. Again, this was an expected result because of the
larger corrections made to high precpitation events in this method. Due to the shapes of the
modeled and observed CDFs, many precipitation events were increased in the distribution
mapping correction, which produced larger maximum monthly precipitation values and
therefore increased the variance, often largely over-predicting the observations.

53

Figure 26. Overall averages of seasonal amplitude (for 1971-2000) for each model and their
respective bias correction methods.

4.1.2.3 Annual Precipitation Results
The annual precipiation is the sum of all precipitation during the year. An example of the annual
precipitation for the CRCM-CCSM model can be seen in Figure 27 (and the reminaing climate
model results can be found in Appendix Section 7.1.3). The annual precipitation for each year is
shown as the solid lines in Figure 27 and the average of all the annual precipitations over the 30
year period is shown as the dashed lines in Figure 27. Figure 28 shows the average of the annual
precipitations over the 30 year period (same as the dashed lines in Figure 27 for the CRCMCCSM model) for each model and the bias corrections..
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Figure 27. Annual precipitation for the CRCM-CCSM model for 1971-1999.
For all but one of the models, the linear scaling bias correction best matched the observed
average of annual precipitation (as seen in Figure 28). Because the linear scaling method only
involves scaling the precipitation using a ratio of observed to modeled, this is an expected
result. The LOCI approach also performed well for the average annual precipitation, just slightly
over-predicting the observations for all the models, due to a similar scaling method. The power
transformation method performed fairly well, following closely behind the linear scaling and
LOCI bias corrections for most of the models, but almost always under-predicted the
observations. Similarly to the seasonal amplitude results, the distribution mapping method is
overpredicting the observations across all models. Again, due to the correction increasing a lot
of the precipitation data, this result was anticipated.
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Figure 28. Averages of annual precipitation (for 1971-2000) for each model and their
respective bias correction methods.

4.1.2.4 Long-term Monthly Coefficient of Variation Results
The long-term monthly coefficient of variation was computed for each month of the year, using
all the monthly data for the respecitve month over the 30 year model period. The results for the
CRCM-CCSM model are shown in Figure 29 and the remainging climate model results are in
Appendix Section 7.1.4. Table 9 provides the seasonally averaged normalized errors for the
CRCM-CCSM model.
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Figure 29. Long-term monthly coefficient of variation for precipitation for the CRCM-CCSM
model for 1971-1999. Calculated as the coefficient of variation of all monthly precipitation for
the respective month over the 29 year period.
Table 9. Seasonal average of long-term monthly coefficient of variation standardized errors for
the CRCM-CCSM model.
DJF

MAM

JJA

SON

Observed

0

0

0

0

RAW

0.026

-0.130

-0.306

-0.227

LS

0.026

-0.130

-0.306

-0.227

LOCI

0.156

-0.075

-0.203

-0.134

PT

0.023

-0.023

-0.243

0.014

DM

0.412

0.136

0.134

0.060

The long-term monthly coefficient of variation results vary widely across all the models and bias
correction methods. There is no clear method that is better than the others, as seen in the
example for CRCM-CCSM in Figure 29. Because the CV values vary so extremely from month to
month, the seasonal averages of the standardized errors do not show any clear trends across
the models. For most models, the raw model tends to underestimate the long-term monthly CV
for most months. The linear scaling method again has the same results as the raw model due to
the correction method. The LOCI bias correction seems to predict a slightly higher value than the
raw model and linear scaling method do, but still do not closely follow the trends in the
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observated data. Like the LOCI approach, the power transormation method seems to again
produce a little bit higher values that are closer to the observed values, but also tend to
fluctuate a little more from month to month. Similarly to the seasonal variance, the PT method
is expected to better correct the variance than the two scaling approaches do. The distribution
mapping approach results in the highest long-term monthly CV values compared the other
methods for most models, but is not clearly following the observed data better.

4.1.2.5 Overall Annual Coefficient of Variation Results
The overall coefficient of variation, using the annual precipitation over the 30 year model
period, and the normalized error values (Eq. (16)) are shown for the CRCM-CCSM model in Table
10 (the remaining climate model results can be found in Appendix Section 7.1.5). The overall CV
values for all the models and bias corrections are shown in Figure 30.
Table 10. Overall coefficient of variation using annual data and standardized error for overall
CV for the CRCM-CCSM model.

Observed

OVERALL
ANNUAL CV
0.1713

NORMALIZED
ERROR OF CV
0

RAW

0.1392

-0.19

LS

0.1453

-0.15

LOCI

0.1618

-0.06

PT

0.1664

-0.03

DM

0.2184

0.28

The overall coefficient of variation results vary widely across all the models. As seen in Figure 30,
there are no consistent trends for each bias correction method throughout all the models. The
raw models, linear scaling, and LOCI bias corrections tend to under-predict the observed CV for
most models, while the distribution mapping tends to over-predict the observed CV. This is
mostly consistent with the results from the long-term monthly coefficient of variation. The
power transformation method, however, both over- and under-predicts the observed CV,
depending on the model.
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Figure 30. Overall coefficient of variation of annual precipitation (for 1971-2000) for each
model and their respective bias correction methods.

4.1.2.6 Ensemble Selection Results
For each performance metric, the model realizations were given a normalized error value and
the absolute value of the normalized errors were summed up across the performance metrics.
Table 11 shows the errors for the CRCM-CCSM model.
Table 11. Model error (0=best performing) for the CRCM-CCSM model and bias corrections
LT
Mean
DJF

LT
Mean
MAM

LT
Mean
JJA

LT
Mean
SON

Seasonal
Amp
Mean

Annual
Mean

LT
CV
DJF

LT
CV
MAM

LT
CV
JJA

LT
CV
SON

CV
Of
Annual

Tot
-al

Obse
-rved
RAW

0

0

0

0

0

0

0

0

0

0

0

0

0.09

0.10

0.34

0.16

0.16

0.12

0.03

0.13

0.31

0.23

0.19

1.85

LS

0

0

0

0

0.17

0.00

0.03

0.13

0.31

0.23

0.15

1.02

LOCI

0.03

0.01

0.03

0.03

0.07

0.03

0.16

0.07

0.20

0.13

0.06

0.82

PT

0.03

0.06

0.04

0.08

0.05

0.03

0.02

0.02

0.24

0.01

0.03

0.62

DM

0.20

0.13

0.26

0.00

0.30

0.08

0.41

0.14

0.13

0.06

0.28

1.98
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Table 12 shows the total error for each of the 40 total model and bias correction datasets. After
comparing the overall error, realizations were removed from the ensemble if their error was
closer to the worst raw model error (an error of 2.19) than the best bias-corrected realization
error (an error of 0.3), meaning any realization with an error of 1.24 or above was removed from
the ensemble (gray cells in Table 12). Using this method, 13 realizations were removed and 27
realizations remained in the ensemble for further analysis.
Table 12. Overall errors for all model realizations
Model
RAW
LS
LOCI
PT
DM

CRCM- CRCMCCSM CGCM3
1.85
1.86
1.02
1.43
0.82
1.05
0.62
1.13
1.98
1.72

HRM3GFDL
1.00
0.50
0.44
0.58
1.09

RCM3CGCM3
1.94
0.69
0.48
0.93
1.48

RCM3GFDL
1.41
1.09
0.83
1.70
1.23

WRFGCGCM3
0.95
0.52
0.67
0.76
1.77

MM5ICCSM
0.68
0.30
0.39
0.88
1.04

ECP2GFDL
2.19
1.15
1.17
1.40
3.02

4.2 Hydrological Model Calibration and Evaluation Results
The SWAT model was calibrated for the “current” time period (2001-2012). After the calibration
parameters (found in Table 3 and Table 4) were adjusted, the SWAT model had a monthly NashSutcliffe efficiency (NSE) of 0.84 and monthly square of Pearson’s product-moment correlation
coefficient (R2) of 0.87 (Figure 31 and Table 13). A NSE of 0.65 or greater is considered “very
good” for the SWAT model according to Moriasi et al. (2007), so no further calibration was
performed. The model tends to capture the general monthly streamflow trends, including
baseflow and timing of peaks, that have been observed over the 2001-2012 time period, but
often slightly under-predicts the streamflow peaks (Figure 31).
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Figure 31. Observed (USGS station at Zionsville) and modeled (SWAT output at sub-basin 70
using observed climate data) monthly streamflow (m3/s) for calibration (1/1200112/31/2012).
Table 13. Nash-Sutcliffe efficiency (NSE) and Pearson's correlation coefficient (R2) for
calibration and validation time periods.
TIME PERIOD
CALIBRATION (2001-2012)
VALIDATION (1971-2000)

NSE
(monthly)
0.84
0.56

NSE
(daily)
0.64
0.18

R2
(monthly)
0.87
0.63

R2
(daily)
0.65
0.40

The calibrated SWAT model performance was evaluated for the “past” time period (1971-2000).
The modeled streamflow was compared to the historic observed flow from the USGS, as seen in
Figure 32. For the evaluation period, the monthly NSE was 0.56 and R2 was 0.63. (Table 13),
which is considered satisfactory or acceptable (Moriasi et al., 2007).
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Figure 32. Observed (USGS station at Zionsville) and modeled (SWAT output at sub-basin 70
using observed climate data) monthly streamflow (m3/s) for validation (12/1/197111/30/2000).

4.3 Streamflow Analysis Results
The modeled hindcast streamflow for each climate realization was analyzed by calculating the
long-term monthly mean. Figure 33 depicts the long-term monthly mean of the observed
streamflow (black dotted line), the modeled streamflow using observed climate (thick red line),
and the modeled streamflow for each climate realization (colored lines). Some realizations
followed the general trend of the streamflow from observed climate (red line), but others varied
drastically in the overall trends or during specific months.
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Figure 33. Long-term monthly mean (1971-2000) streamflow of all model realizations,
observed streamflow, and modeled streamflow with observed climate data (and ± 3 times
standard error for streamflow with observed climate).
The error boundary, set at ± 3 times the standard error (Eq. (18)) for SWAT run with observed
climate, is shown as the red dashed lines in Figure 33. All climate realizations with 90% or more
of the data points within the errors bounds were kept in the final ensemble. Figure 34 shows the
final ensemble of realizations (11 realizations) and their long-term monthly mean streamflow
performance. The final ensemble of climate realizations simulate the monthly trends well overall
and perform the best in October-December. The models tend to slightly under-predict
streamflow in January-February, over-predict in March, and are more evenly split in under- and
over-predicting in the spring and summer months.
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Figure 34. Long-term monthly mean (1971-2000) streamflow of selected ensemble model
realizations and modeled streamflow with observed climate data (and ± 3 times standard
error for streamflow with observed climate).
The long-term monthly cumulative distribution functions (CDFs) for each realization are
compared against the CDF of the modeled streamflow using observed climate data. The CDFs for
each month are shown in Figure 35.
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Figure 35. Long-term monthly (1971-2000) CDFs for all final ensemble streamflow realizations.
The streamflows from the climate model realizations tend to capture the distribution of the
streamflow from climate observations very well. The distributions are best matched in the fall,
winter and spring. The summer months show a little more variation between realizations and
differ slightly more from the observed climate streamflow. Overall, the realizations accurately
simulate the distribution seen from observed climate for the watershed and therefore, no more
realizations were removed from the final ensemble.
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Based on the results of the streamflow analysis, the final ensemble of climate realizations was
narrowed down to those listed in Table 14. This final ensemble was used to compare past and
future SWAT model runs and to evaluate the impacts of climate change on wetland
performance.
Table 14. Final climate realization ensemble precipitation and temperature details
PRECIPITATION REALIZATION
CRCM-CCSM-LOCI
CRCM-CGCM3-LOCI
HRM3-GFDL-LOCI
HRM3-GFDL-LS
MM5I-CCSM-DM
MM5I-CCSM-LOCI
MM5I-CCSM-LS
MM5I-CCSM-RAW
RCM3-CGCM3-LOCI
WRFG-CGCM3-LOCI
WRFG-CGCM3-LS

TEMPERATURE REALIZATION
CRCM-CCSM-RAW
CRCM-CGCM3-RAW
HRM3-GFDL-RAW
HRM3-GFDL-RAW
MM5I-CCSM-RAW
MM5I-CCSM-RAW
MM5I-CCSM-RAW
MM5I-CCSM-RAW
RCM3-CGCM3-RAW
WRFG-CGCM3-RAW
WRFG-CGCM3-RAW

4.4 Land Use Analysis Results
To evaluate the effects of urban growth on streamflow, the calibrated SWAT model was run
using the 2012 land use map and a projected urban growth land use map. The maximum
difference in resulting streamflows for each climate model in the ensemble can be seen in Table
15 and range from 1.32 to 3.32 m3/s, which are about 0.57% to 1.16% of the maximum resulting
flow for the projected land use model run. The streamflow time series for one climate model
(RCM3-CGCM3-LOCI) can be seen in Figure 36 and the results for the remaining climate
realizations can be found in Appendix Section 7.2. The projected land use produces slightly
higher peaks in streamflow, as seen by the red line just above the blue peaks.
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Table 15. Maximum difference in daily flow between model runs with 2012 land use and
projected land use, maximum flow from the projected land use model run, and the ratio of
maximum difference to maximum flow.
CLIMATE REALIZATION
CRCM-CCSM-LOCI
CRCM-CGCM3-LOCI
HRM3-GFDL-LOCI
HRM3-GFDL-LS
MM5I-CCSM-DM
MM5I-CCSM-LOCI
MM5I-CCSM-LS
MM5I-CCSM-RAW
RCM3-CGCM3-LOCI
WRFG-CGCM3-LOCI
WRFG-CGCM3-LS

MAX DIFFERENCE IN
FLOW (M3/S)
1.4
1.32
1.84
1.75
3.31
2.64
2.3
1.7
1.76
1.8
2

MAX FLOW
(M3/S)
138.2
162.3
164.8
161.3
338.2
241.3
228.3
167
152.1
313.5
307.6

MAX DIFFERENCE/
MAX FLOW (%)
1.01%
0.81%
1.12%
1.08%
0.98%
1.09%
1.01%
1.02%
1.16%
0.57%
0.65%
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Figure 36. Streamflow time series for the RCM3-CGCM3-LOCI climate model with 2012 land
use (blue line) and projected land use (red line) for 2041-2069.
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The major land use change predicted for central Indiana is urban growth and because of the
very minor differences in streamflow produced from projected land use, land use projection
map was discarded and the current 2012 land use map was used for the wetland analysis. This
means that land use is assumed to stay constant from the “past” to “future” time periods in the
following analyses so only the effects of the climate variables will be assessed.

4.5 Climate Change Analysis Results
4.5.1 Streamflow Analysis
To compare seasonal trends in the streamflow from the past period to the future period, the
long-term monthly mean streamflow was computed for the streamflow output from sub-basin
70. Figure 37 shows the long-term monthly mean flow from the past period and Figure 38 shows
the future period. Both time periods show similar trends, with the highest streamflows
occurring in March and the lowest in August. However, in the future, the climate scenarios tend
to predict a wider range of streamflow values for each month, especially in the winter compared
to the past, demonstrating more uncertainty with the future predictions. The future generally
shows an increase in streamflow in the winter months (December, January, and February) and a
decrease in March, November, and in the summer months (June, July and August). The majority
of climate models predicted monthly streamflows to increase, from the past to future, up to
about 1 m3/s in January and around 1-3 m3/s in November and December. In the past, all
climate models anticipated a decrease in streamflow from November to December, but in the
future, the majority of models showed an increase from November to December. In the future,
many of the climate models predicted the lowest mean monthly streamflow of less than 1 m3/s
in August, while in the past, the majority of the climate models predicted streamflow around 2-3
m3/s in August. Overall, these results show a slight increase in high flows and slight decrease in
low flows, confirming predictions of more severe floods and droughts expected in the future.

68
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Figure 37. Long-term monthly mean streamflow over the past (1971-2000) period from subbasin 70.
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Figure 38. Long-term monthly mean streamflow over the future (2041-2070) period from subbasin 70.
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4.5.2 Extreme Event Analysis of Flood Events
The results in this section compare the streamflow output for the past time period of 1971-2000
with the future time period of 2041-2070, using climate projections from NARCCAP for both
time periods. This analysis used the streamflow output from sub-basin 70, which was used for
calibration and validation and is where the USGS Zionsville gage is located, and from sub-basin
110, located further downstream where the maximum peak flow reduction occurred (see
wetland analysis). The first component of the analysis examined the change in flood frequency.
Figure 39 and Figure 40 show the number of days (expressed as a percent of all days) with
streamflow equal to or greater than the Q05 streamflow value computed for the past time
period. The Q05 value was computed individually for each climate realization, so the past period
shows 5% of the days equal to or exceeding the Q05 value for all models, consistent with the
definition of the Q05 streamflow. For both sub-basins, in the future, 6 climate models show an
increase in the number of days meeting or exceeding the historic Q05 value and 5 show a
decrease. For sub-basin 70, the maximum increase was found with the WRFG-CGCM3-LOCI
climate model at 5.38% and the maximum decrease was seen from the RCM3-CGCM3-LOCI
climate model at 3.82%. For sub-basin 110, the maximum increase was from the WRFG-CGCM3LOCI and the WRFG-CGCM3-LS climate models at 5.77%, and the maximum decease was from
RCM3-CGCM3-LOCI at 3.91%. An increase in number of days means that flow events of this
magnitude or greater are predicted to be more frequent in the future as compared to the past.
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Figure 39. Percent of days with streamflow above the Q05 flood event calculated from the
past (1971-2000) time period for sub-basin 70.
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Figure 40. Percent of days with streamflow above the Q05 flood event calculated from the
past (1971-2000) time period for sub-basin 110.
Flood events were also compared by calculating the Q05 streamflow value for the future time
period and compare that to the Q05 value from the past time period. Figure 41 and Figure 42
show the Q05 streamflow value for both time periods for each climate model realization for
sub-basin 70 and 100, respectively. The historic Q05 value is also shown from the hydrologic
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model forced with observed climate data (red dot in figures). In the past, most climate model
realizations (9 out of 11) are over-predicting the Q05 value found using the observed climate for
both sub-basins. As concluded from Figure 39 and Figure 40 above, 6 of the climate model
realization predict an increase in frequency and 5 predict a decrease. For sub-basin 70, the
range of Q05 values in the past is 12 to 14.1 m3/s and the range increases in the future to 11.7
to 15 m3/s, showing a wide variety from future climate projections. For sub-basin 110, the range
of Q05 values in the past is 16.3 to 19.2 m3/s and the range widens to 15.9 to 20.4 m3/s in the
future. The maximum daily streamflows show similar trends from past to future (figures in
Appendix Section 7.3). In sub-basin 70, 4 climate realizations showed an increase in maximum
daily streamflow from the past to future time periods, and 7 climate realizations showed a
decrease in maximum flow. Six of the climate realizations predicted the same direction of
change for the maximum flow as for the Q05 and 5 realizations predicted the opposite direction
of change. Sub-basin 110 displayed only 3 climate realizations predicting an increase in
maximum flow and 8 realizations predicting a decrease, with 5 climate realizations forecasting
the same direction of change as for the Q05 value and 6 forecasting the opposite direction of
change. Based on these results, it is unclear whether these high flow events will increase or
decrease in frequency.
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Figure 41. Q05 streamflow values (in m3/s) computed for the past (1971-2000) and future
(2042-2070) time periods for sub-basin 70.

Q05 Streamflow for Past and Future Runs (Sub-basin 110)
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Figure 42. Q05 streamflow values (in m3/s) computed for the past (1971-2000) and future
(2042-2070) time periods for sub-basin 110.
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In addition to the flood frequency, the seasonal distribution of high flow events was also
analyzed. The number of streamflow events equal to or exceeding the Q05 value occurring in
each respective month, expressed as a percentage of all Q05 or greater streamflow events, are
shown in Figure 43 for sub-basin 70 and in Figure 44 for sub-basin 110. The filled circles denote
the percent of high flow events occurring in the month for the past time period and the open
circles denote the occurrence in the future time period. The climate model realizations show
agreement in the direction of change for some months, often occurring when magnitudes of
change are large, but also show conflicts in the direction of change for other months, mostly
when magnitudes of change are small. For both sub-basins, December and January show an
increase in frequency of high flow events across all models, meaning that more high flow events
are expected in the winter. February shows a mix of increased and decreased frequencies, but
all of very small magnitude, meaning that the expected occurrence of high flow events will not
change much. March, which contains the highest frequency of high flow events, shows a much
larger magnitude decrease in frequency expected in the future. The spring and fall seasons,
April, May, June, August, September, October, and November, again show a mixture of
increased and decreased frequency projections of relatively small magnitude. July shows a midsummer expected decrease in frequency of high flow events. Overall, high flow events are
anticipated to increase in frequency in the winter and decrease in the spring and summer.
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Figure 43. Seasonal distribution of streamflow events equal to or exceeding the Q05
streamflow value for the past (1971-2000) time period (filled circles) and future (2041-2070)
time period (open circles) for sub-basin 70.
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Figure 44. Seasonal distribution of streamflow events equal to or exceeding the Q05
streamflow value for the past (1971-2000) time period (filled circles) and future (2041-2070)
time period (open circles) for sub-basin 110.
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4.5.3 Extreme Event Analysis of Low Flow Events
Low flow events were analyzed by determining the number of modeled days with 0 m3/s
streamflow, because the SWAT model was found to over-predict the number of days with 0
m3/s flow. The observed streamflow for 1971-2000 contains only 138 days, or 1.3% of the total
days, with 0 m3/s streamflow, while the SWAT model run with observed climate resulted in 27%
of the total days producing 0 m3/s streamflow for the same location. The percent of 0 m3/s flow
days was used to approximate low flows because the SWAT model often produced dry days
instead of low flows resulting in the high percentage of 0 m3/s flow days. The number of days
with no streamflow, expressed as a percent of total days, is shown in Figure 45 for sub-basin 70
and in Figure 46 for sub-basin 110, for the past and future time periods. All climate model
realizations show an expected increase in the number of no-flow days in the future. The
increase in frequency ranges from 4.3% to 10.9% for sub-basin 70, and from 4.2% to 10.8% for
sub-basin 110. In the past, all climate model realizations also show an under-prediction of noflow days compared to the hydrologic model forced with observed climate data. These results
show that in the future, low or no flow events will be more frequent.
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Figure 45. Percent of days with streamflow equal to 0 m3/s computed for past (1971-2000) and
future (2042-2070) time periods for sub-basin 70.
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Figure 46. Percent of days with streamflow equal to 0 m3/s computed for past (1971-2000) and
future (2042-2070) time periods for sub-basin 110.
The seasonal distribution of no-flow events was computed in the same way as for the high flow
events. The percent of days with no-flow events occurring in each month for the past (filled
circles) and future (open circles) is shown in Figure 47 and Figure 48 for sub-basins 70 and 100,
respectively. Again, both sub-basins show the same seasonal trends. The highest percent of noflow events historically occur in August through October and very few no-flow events tend to
occur in December through April. The largest changes in seasonal distribution of no-flow events
are seen in April-October, when the higher frequency of these events happen. January,
February, and March show a general increase in no-flow event frequency in the future, but of
very tiny magnitudes. April shows a larger magnitude increase in frequency. May shows
expectations of both increased and decreased frequencies, but of small magnitudes. Similar to
April, June and July show moderate magnitude increases in frequency of no-flow events. Like
May, August shows both increases and decreases in frequency, again small in magnitude.
September and October, still boasting relatively high percent of no-flow events, demonstrate a
larger magnitude decrease in the frequency of no-flow events. For November and December,
the model predicts both increases and decreases, but of very small magnitudes. In general, the
winter months should expect very little change in frequency of no-flow events, while spring can
expect an increase and early fall can expect a decrease in frequency.
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Figure 47. Seasonal distribution of no-flow events for the past (1971-2000) time period (filled
circles) and future (2041-2070) time period (open circles) for sub-basin 70.
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Figure 48. Seasonal distribution of no-flow events for the past (1971-2000) time period (filled
circles) and future (2041-2070) time period (open circles) for sub-basin 110.
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4.6 Wetland Analysis Results
The wetland analysis consisted of an extreme event analysis and a peak flow reduction analysis.
The extreme event analysis compared the “no wetlands” case to the “wetlands” case for both
the past and future time periods, following the same method used earlier to compare the past
to future time periods. The peak flow reduction analysis was performed for all sub-basins and
compared the wetland cases for both time periods as well.

4.6.1 Extreme Event Analysis of Flood Events
The flood events were analyzed for cases with and without wetlands for both the past and
future time periods. The streamflow outputs used in the analysis were from sub-basins 70 and
110 as an example of the benefits obtained by installing and restoring wetlands.
The Q05 streamflow value was calculated for both the “no wetlands” and “wetlands” cases for
the past time period (Figure 49 for sub-basin 70 and Figure 50 for sub-basin 110) and future
time period (Figure 51 for sub-basin 70 and Figure 52 for sub-basin 110). For both time periods,
all climate model realizations depict an expected decreases in the Q05 streamflow value when
wetlands are installed. For sub-basin 70, in the past, the decrease ranges from 0.58 to 1 m3/s,
and in the future, the decrease ranges from 0.53 to 1 m3/s (Table 16). The average reduction in
the Q05 value for the past time period was 0.73 m3/s and the average reduction for the future
time period was 0.77 m3/s. For sub-basin 110, the decrease ranges from 0.65 to 1.3 m3/s in the
past, and from 0.61 to 1.53 m3/s in the future (Table 17). The average reduction in the Q05 value
for the past time period was 0.93 m3/s and the average reduction for the future time period was
0.99 m3/s. If wetlands had been installed or restored in each of the locations identified, high
flow events would have been less frequent. In the future, model results predicted both
increased and decreased frequency of high flow events, but in all cases, the installation and
restoration of the wetlands will reduce the frequency of high flow events when compared to no
increased wetland area.
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Q05 Streamflow for Past (1971-2000) Without and With Wetlands
(Sub-basin 70)
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Figure 49. Q05 streamflow values (in m3/s) computed for the past (1971-2000) time periods
for a baseline case with no wetlands and for a wetlands case for sub-basin 70.

Q05 Streamflow for Past (1971-2000) Without and With Wetlands
(Sub-basin 110)
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Figure 50. Q05 streamflow values (in m3/s) computed for the past (1971-2000) time periods
for a baseline case with no wetlands and for a wetlands case for sub-basin 110.
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Q05 Streamflow for Future (2041-2070) Without and With
Wetlands (Sub-basin 70)
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Figure 51. Q05 streamflow values (in m3/s) computed for the future (2042-2070) time periods
for a baseline case with no wetlands and for a wetlands case for sub-basin 70.

Q05 Streamflow for Future (2041-2070) Without and With
Wetlands (Sub-basin 110)
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Figure 52. Q05 streamflow values (in m3/s) computed for the future (2041-2070) time periods
for a baseline case with no wetlands and for a wetlands case for sub-basin 110.
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Table 16. Q05 streamflow values (m3/s) for the baseline (no wetlands) and wetlands cases for
both the past (1971-2000) and future (2042-2070) time periods for sub-basin 70.
MODEL

CRCM_CCSM_LOCI
CRCM_CGCM3_LOCI
HRM3_GFDL_LOCI
HRM3_GFDL_LS
MM5I_CCSM_DM
MM5I_CCSM_LOCI
MM5I_CCSM_LS
MM5I_CCSM_RAW
RCM3_CGCM3_LOCI
WRFG_CGCM3_LOCI
WRFG_CGCM3_LS
AVERAGE

Q05 STREAMFLOW (M3/S)
Past (1971-2000)
Future (2041-2070)
No
No
Wetlands Difference
Wetlands Difference
Wetlands
Wetlands
12.06
11.48
0.58
11.89
11.32
0.57
12.52
11.90
0.62
11.79
11.26
0.53
13.24
12.52
0.72
13.14
12.42
0.72
14.10
13.42
0.68
13.61
12.92
0.69
13.48
12.46
1.02
14.09
13.09
1.00
12.86
12.19
0.67
12.88
12.11
0.77
13.36
12.63
0.73
13.16
12.28
0.88
12.02
11.28
0.74
12.03
11.14
0.89
13.38
12.75
0.63
11.72
10.93
0.79
13.43
12.57
0.86
14.54
13.61
0.93
14.08
13.31
0.77
15.02
14.29
0.73
13.14
12.41
0.73
13.08
12.31
0.77

Table 17. Q05 streamflow values (m3/s) for the baseline (no wetlands) and wetlands cases for
both the past (1971-2000) and future (2042-2070) time periods for sub-basin 110.
MODEL

CRCM_CCSM_LOCI
CRCM_CGCM3_LOCI
HRM3_GFDL_LOCI
HRM3_GFDL_LS
MM5I_CCSM_DM
MM5I_CCSM_LOCI
MM5I_CCSM_LS
MM5I_CCSM_RAW
RCM3_CGCM3_LOCI
WRFG_CGCM3_LOCI
WRFG_CGCM3_LS
AVERAGE

Q05 STREAMFLOW (M3/S)
Past (1971-2000)
Future (2041-2070)
No
No
Wetlands Difference
Wetlands Difference
Wetlands
Wetlands
16.31
15.66
0.65
16.36
15.59
0.77
17.19
16.50
0.69
15.91
15.30
0.61
18.03
17.20
0.83
17.86
16.98
0.88
19.12
18.36
0.76
18.46
17.56
0.90
18.69
17.42
1.27
19.59
18.06
1.53
17.93
16.88
1.05
17.85
16.69
1.16
18.45
17.34
1.11
18.08
16.91
1.17
16.52
15.51
1.01
16.64
15.60
1.04
18.47
17.58
0.89
16.26
15.41
0.85
18.30
17.27
1.03
19.71
18.65
1.06
19.17
18.25
0.92
20.38
19.47
0.91
18.02
17.09
0.93
17.92
16.93
0.99
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The seasonal distribution of high flow events was examined for the future time period,
comparing the baseline (no wetlands) case to the wetlands case. Figure 53 and Figure 54 show
the percent of days with Q05 or greater streamflow events that occurred in each month,
depicting the no wetlands case with open circles and wetlands case with triangles, for subbasins 70 and 110, respectively. Both sub-basins show the same seasonal trends and changes in
frequency are very minimal for most months. Slight increases in frequency are shown in
February and March when wetlands are added, and slight decreases in frequency are seen in
June, July, August, and September.
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Figure 53. Seasonal distribution of streamflow events equal to or exceeding the Q05
streamflow value for the future (2041-2070) time period without wetlands (open circles) and
with wetlands (triangles) for sub-basin 70.
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Figure 54. Seasonal distribution of streamflow events equal to or exceeding the Q05
streamflow value for the future (2041-2070) time period without wetlands (open circles) and
with wetlands (triangles) for sub-basin 110.
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4.6.2 Extreme Event Analysis of Low Flow Events
No-flow events were analyzed comparing the wetland cases for both the past and future time
periods, following the same analysis that compared past to future. The number of days with
streamflow of 0 m3/s were computed for the no wetlands case and the wetlands case. Figure 55
and Figure 56 show the frequency of no-flow events for the past time period (for sub-basins 70
and 110, respectively) and Figure 57 and Figure 58 show the future time period (for sub- basins
70 and 110, respectively). For both time periods, all of the climate model realizations show a
very slight increase in the frequency of no-flow events. This result is likely due to the
hydrological model over-predicting the number of no-flow days instead of days with low
streamflows.

Percent of 0 m3/s Flow Days for Past (1971-2000) Without and
With Wetlands (Sub-basin 70)
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Figure 55. Percent of days with streamflow equal to 0 m3/s computed for the past (1971-2000)
time period for the baseline (no wetlands) case and the wetlands case for sub-basin 70.
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Percent of Days with Flow = 0 m3/s

Percent of 0 m3/s Flow Days for Past (1971-2000) Without and
With Wetlands (Sub-basin 110)
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Figure 56. Percent of days with streamflow equal to 0 m3/s computed for the past (1971-2000)
time period for the baseline (no wetlands) case and the wetlands case for sub-basin 110.

Percent of 0 m3/s Flow Days for Future (2041-2070) Without and
With Wetlands (Sub-basin 70)
34%

Percent of Days with Flow = 0 m3/s

CRCM_CCSM_LOCI
32%

CRCM_CGCM3_LOCI
HRM3_GFDL_LOCI

30%

HRM3_GFDL_LS
MM5I_CCSM_DM

28%

MM5I_CCSM_LOCI
MM5I_CCSM_LS

26%

MM5I_CCSM_RAW
RCM3_CGCM3_LOCI

24%

WRFG_CGCM3_LOCI
22%
2041-2070
No Wetlands

WRFG_CGCM3_LS
2041-2070
With Wetlands

Figure 57. Percent of days with streamflow equal to 0 m3/s computed for the future (20422070) time period for the baseline (no wetlands) case and the wetlands case for sub-basin 70.

89

Percent of Days with Flow = 0 m3/s
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Figure 58. Percent of days with streamflow equal to 0 m3/s computed for the future (20422070) time period for the baseline (no wetlands) case and the wetlands case for sub-basin
110.
Because there is almost no predicted change in the frequency of no-flow events, the seasonal
distribution also does not change significantly. The percent of days with streamflow equal to 0
m3/s occurring in each month for the two wetland cases in the future time period is shown in
Figure 59 for sub-basin 70 and Figure 60 for sub-basin 110. As expected, the frequency of noflow events in each month stays relatively the same throughout the entire year.
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Figure 59. Seasonal distribution of no-flow events for the future (2041-2070) time period for
the baseline (no wetlands) case (open circles) and the wetlands case (triangles) for sub-basin
70.
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Figure 60. Seasonal distribution of no-flow events for the future (2041-2070) time period for
the baseline (no wetlands) case (open circles) and the wetlands case (triangles) for sub-basin
110.
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4.6.3 Peak Flow Reduction Analysis
Peak flow reduction measures the change in streamflow spikes when wetlands are installed.
Higher peak flows cause more flooding of stream systems and wetlands work to minimize peak
flows by slowing down runoff and promoting infiltration. For one of the climate models (CRCMCCSM-LOCI), the daily runoff at sub-basin 110 from the “no wetlands” and “wetlands” cases can
be seen in Figure 61 for the future time period, showing the streamflow peaks from the
“wetlands” case having smaller magnitudes than the “no wetlands” case (the remaining climate
realizations can be seen in Appendix Section 7.3).
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Figure 61. Daily streamflow output from sub-basin 110 for the CRCM-CCSM-LOCI climate
model run without and with wetlands.
To evaluate the reduction in peak flows, the maximum peak flow reduction (PFR) was calculated
by Eq. (19). The maximum reduction in peak flow across all 30 years and all sub-basins was
calculated for each climate model realization for both the past and future time periods. The
resulting maximum peak flow reduction for each climate model realization is shown in Table 18.
Also shown in the table is the maximum peak flow reduction as a percentage of the peak flow
for the “no wetlands” case. The average reduction seen when wetlands are installed for the past
time period is 42.1 m3/s, and 35.2 m3/s in the future, with standard deviations of 11.7 and 6.9,
respectively. The maximum peak flow reductions range from 20.3 to 60.3 m3/s and occurred in
sub-basin 110 for each climate model realization. This shows that wetlands could have reduced
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peak flows and floods by over 40 m3/s if wetlands had been installed in all of the potential
locations in the past. In the future, just slightly smaller benefits are predicted from the models.
Installing wetlands may reduce future peak flows by around 24 to 44 m3/s. The wetlands
produced maximum peak flow reductions that ranged from 15-20% of the peak flow without the
wetlands. The average reduction was 18.8% in the past and 17.6% in the future.
Table 18. Maximum peak flow reduction (m3/s), and peak flow reduction as a percent of the
peak flow without wetlands, for each climate model realization for both the past (1971-2000)
and future (2041-2070) time periods.
MODEL
CRCM_CCSM_LOCI
CRCM_CGCM3_LOCI
HRM3_GFDL_LOCI
HRM3_GFDL_LS
MM5I_CCSM_DM
MM5I_CCSM_LOCI
MM5I_CCSM_LS
MM5I_CCSM_RAW
RCM3_CGCM3_LOCI
WRFG_CGCM3_LOCI
WRFG_CGCM3_LS
AVERAGE
Standard deviation
Coefficient of variation

MAX PFR
(M3/S)
23.8
40.8
43.7
42.8
35.4
32.3
31.2
32.6
24.6
40.3
39.4
35.17
6.92
0.197

% OF PEAK
FLOW
18.0%
18.3%
19.3%
19.3%
15.2%
19.6%
19.5%
17.1%
19.1%
20.4%
20.4%
18.76%
1.53%
0.081

MAX PFR
(M3/S)
28
20.3
42.8
41.3
60.3
53.1
52.8
47.6
32.6
42.5
42.1
42.13
11.67
0.277

% OF PEAK
FLOW
19.0%
16.9%
16.2%
16.2%
15.2%
17.4%
17.5%
18.4%
18.2%
19.0%
19.0%
17.56%
1.32%
0.075

Robustness in a solution means that the alternative achieves the desired goals and is insensitive
to uncertainties (Dessai & Hulme, 2007; Hashimoto, Stedinger, & Loucks, 1982). Calculating the
standard deviation across scenarios gives an measure of the robustness of an alternative
(Watkins Jr & McKinney, 1997). The peak flow reductions in Table 18 show peak flow reductions
in the future are similar to the peak flow reductions that would have been seen in the past,
telling us that wetlands performance will be consistent in the future. The expected maximum
peak flow reductions are also very similar across the climate realizations, showing that wetland
performance is insensitive to which climate projection occurs. The standard deviations are
moderately low, meaning there is relatively low variance between the climate realizations. The
robustness was also measured with the coefficient of variation. The future showed a smaller
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coefficient of variation than the past due to the lower variation between climate realizations,
telling us that wetlands are a little more reliable in the future.
To further examine the robustness of wetlands as a solution for peak flow reduction, reductions
in flows within certain ranges were analyzed. The maximum peak flow reductions above
typically occurred at higher streamflows, around 100 m3/s or higher. These higher streamflows
also showed a higher standard deviation of average peak flow reductions across the climate
models. The medium and lower flows, however, had very small standard deviations of peak flow
reduction across the models. This means that all of the climate realizations predicted very
similar peak flow reductions for medium and lower streamflows. Table 19 shows the average
reduction for streamflows within a range for each climate model, the average across climate
models, the standard deviations, and the coefficients of variation, for the future period (20412070). Above 150 m3/s, the models project more variation in the anticipated streamflow
reduction, as seen with the higher standard deviation of 4.2, and the much higher coefficient of
variation. The low standard deviations and coefficients of variation for the remaining lower
streamflow ranges mean that all the climate models closely agree on the projected flow
reductions. For streamflows between 50-100 m3/s, a higher average reduction is found when
wetlands are implemented, but the variation across the climate realizations is very small,
resulting in the lowest coefficient of variation. This shows that wetlands are the most robust for
streamflow between 50-100 m3/s, followed by streamflow between 0-50 m3/s, and then 100150 m3/s. The wetlands show the most robustness, or reliability, in peak flow reduction for
streamflows up to 150 m3/s. This means that no matter which climate projection occurs, a
similar peak flow reduction is predicted.
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Table 19. Average peak flow reductions for streamflows within given ranges for 2041-2070.
MODEL
CRCM_CCSM_LOCI
CRCM_CGCM3_LOCI
HRM3_GFDL_LOCI
HRM3_GFDL_LS
MM5I_CCSM_DM
MM5I_CCSM_LOCI
MM5I_CCSM_LS
MM5I_CCSM_RAW
RCM3_CGCM3_LOCI
WRFG_CGCM3_LOCI
WRFG_CGCM3_LS
Average
Standard deviation
Coefficient of variation

AVG. STREAMFLOW REDUCTIONS FOR FLOWS IN RANGE
(M3/S)
0-50
50-100
100-150
150+
0.256
6.991
9.702
5.750
0.232
6.499
11.952
19.833
0.260
6.579
10.829
12.720
0.240
6.491
10.524
12.933
0.291
7.311
9.903
12.163
0.282
6.896
11.200
13.736
0.272
6.886
10.821
13.373
0.267
7.190
9.953
11.650
0.229
6.960
10.942
5.500
0.259
6.439
10.615
16.419
0.245
6.664
10.329
16.078
0.258
6.81
10.62
12.74
0.0199
0.2956
0.6476
4.2334
0.077
0.043
0.061
0.332

To analyze the expected changes in frequency of high peak flows, a Gamma distribution was fit
to the peak flows with a magnitude equal to or greater than the Q05 streamflow value in subbasin 110, where the maximum reduction in peak flows occurred for all models. The
distributions for the “no wetlands” and “wetlands” cases for the future period (2041-2070) were
compared to see how the frequencies are anticipated to change. The distributions for one
climate model realization are shown in Figure 62. The other climate models showed the same
trend in CDF shifts. The implementation of wetlands caused the CDF to shift to the left, meaning
that for any probability, the magnitude of the streamflow event is expected to decrease. This
means that these high peak flow events will be less frequent if wetlands are installed, with the
largest differences being seen for the largest magnitude events.
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Figure 62. Fitted Gamma cumulative distribution functions of peak flow above the Q05
streamflow value for the "no wetlands" and "wetlands" cases for the CRCM-CCSM-LOCI
climate model in the future time period (2041-2070) at sub-basin 110.
The shift in the CDF can be assessed by looking at the median event, calculated as the
streamflow event with a probability of 0.5. This value is the magnitude of streamflow where half
of the high peak flows (peak flows greater than the Q05 streamflow value) are smaller and half
are larger than that event. The difference in the median event, between the “no wetlands” and
“wetlands” cases gives an idea of the median change expected in high peak flows. Table 20
shows the reduction in magnitude of this event for each climate model realization when
wetlands are implemented. The average reduction across all of the climate models is almost
1.55 m3/s, with models predicting reductions ranging from 0.85 to 2.25 m3/s. Overall, this result
means that the size of events we expect at a certain frequencies will be smaller, or that high
peak flows will occur less frequently.
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Table 20. Reduction in streamflow magnitude (m3/s) for high peak flow events (peak flows
greater than the Q05 streamflow value) with a probability of occurrence of 0.5 when wetlands
are installed for the future (2041-2070).
MODEL
CRCM_CCSM_LOCI
CRCM_CGCM3_LOCI
HRM3_GFDL_LOCI
HRM3_GFDL_LS
MM5I_CCSM_DM
MM5I_CCSM_LOCI
MM5I_CCSM_LS
MM5I_CCSM_RAW
RCM3_CGCM3_LOCI
WRFG_CGCM3_LOCI
WRFG_CGCM3_LS
AVERAGE
Standard deviation

P=0.5 STREAMFLOW
REDUCTION (M3/S)
2.06
1.31
0.86
1.85
1.54
0.85
1.12
1.62
1.47
2.11
2.25
1.55
0.49
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5. CONCLUSIONS
This study used the SWAT hydrological model forced with an ensemble of bias corrected climate
projection datasets from NARCCAP to conduct a long-term assessment of the performance of
potential wetlands to continue to reduce peak streamflows in the future, as well as to evaluate
changes in extreme events expected for the future as compared to the past. The analysis
performed in this research focused on the Eagle Creek Watershed in Indiana as a case study and
built on the previous study by Babbar-Sebens et al. (2013), which identified 2953 potential
wetland locations in 108 of the 130 sub-basins. If wetlands were created in all of the potential
locations, the model showed that peak daily streamflows could be reduced by 20-60 m3/s.
In using the NARCCAP data for a hydrological impact study, it was found that the minimum and
maximum temperatures for the watershed were well simulated by the climate models.
However, the climate models did not accurately represent the variance and seasonal trends in
precipitation for the watershed, confirming findings from previous studies showing the necessity
for bias correction of precipitation projection data (Christensen et al., 2008; Ines & Hansen,
2006; Lafon et al., 2013; Teutschbein & Seibert, 2010, 2012). Four bias correction approaches
and the raw climate models, resulting in 40 climate datasets, were investigated and evaluated
for several error metrics. The bias correction methods that did not improve the precipitation
data were removed, leaving 24 climate realizations, which was further narrowed down to 11
realizations with a streamflow analysis in SWAT.
The final ensemble of climate realizations was input into the calibrated SWAT model to simulate
watershed hydrology in projected future climate scenarios. A land use change analysis was
performed to estimate the impacts of urban development on streamflow. Urban growth
projections for 2050 produced very minimal effects on streamflow output for the future time
period (2041-2070) and were not incorporated into the subsequent analyses. The hydrological
response to the future climate projections (2041-2070) was also compared to that of the past
climate projections (1971-2000) in a streamflow analysis and an extreme event analysis. In
general, the climate models predicted a slight increase in long-term mean monthly streamflow
in the winter and a slight decrease in the summer from past to future. The extreme event
analysis results showed that out of the 11 climate realizations, 6 projected an increase in the
frequency of the historic Q05 value and 5 projected an expected decrease in the future. The
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ensemble tended to agree that overall, high flow events are anticipated to increase in frequency
in the winter and decrease in the spring and summer. The number of no-flow days, instead of
low-flow days, was found to be over-estimated by the hydrological model, however, all of the
climate realizations projected an increase in the number of no-flow days, highlighting an
anticipated increase in the severity of droughts. In general, very little change in frequency of noflow events is expected for the winter months, while spring can expect and increase and early
fall can expect a decrease in frequency.
The performance of potential wetlands was evaluated with an extreme event analysis and a
peak flow reduction analysis. For both the past and future time periods, implementation of
wetlands resulted in a reduction in the frequency of Q05 streamflow events across all climate
realizations. While it was shown that the high flow events would decrease in frequency, very
little change in the seasonal distribution of the Q05 events was seen with the wetlands. The noflow events were much less conclusive, displaying almost the same frequency of occurrence
when wetlands were added in as the baseline cases across both time periods and all climate
realizations, as well as no change in seasonal distribution. The maximum peak flow reduction
was calculated across all sub-basins in the watershed for each climate realization. When
wetlands were implemented, the watershed saw maximum peak flow reductions between 20
and 60 m3/s in the past time period and 24 to 44 m3/s in the future. The distributions of peak
flows above the Q05 streamflow value was also assessed. When wetlands were implemented,
the median value, or event with a probability of occurrence of 0.5, saw a decrease in magnitude
of 0.85 to 2.25 m3/s. This reduction means that, overall, the size of events expected at certain
frequencies will be reduced when wetlands are installed, or that the frequency of high peak flow
events will be reduced.
Wetlands were found to be a reliable alternative to reducing peak flows. The peak flow
reductions in the future time period were similar to the reductions that would have occurred if
wetlands had been implemented in the past, showing that wetlands performance will be
consistent in the future. The robustness of wetlands as a method for peak flow reduction was
analyzed. Robustness is defined as a solution that meets the desired goals while being
insensitive to uncertainties, or in this case, the variance across the climate realizations. The
expected maximum peak flow reductions were similar across all climate realizations, which tells
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us that they are insensitive to the climate projections. To further analyze the robustness of the
wetlands, streamflow reductions were analyzed across models within certain ranges.
Streamflows within 0-50 m3/s, 50-100 m3/s, and 100-150 m3/s, produced very similar
streamflow reductions across the climate realizations. More variation in expected streamflow
reductions occurred for streamflows above 150 m3/s, but for the majority of flows, which occur
below 150 m3/s, wetlands show a robustness, or insensitivity to the climate projections.
Managing the expected changes in streamflow due to climate changes is a challenge and has
become more important as flows increase in magnitude and frequency. Wetlands creation is a
key strategy in management plans designed to withstand the effects of climate change and
provide streamflow management benefits. This study focused on long-term projection of
wetland performance for reducing peak flows and wetlands were found to reduce both the
magnitude and frequency of peak flow events. This study highlights the benefits gained from
wetlands in flood conditions and reinforces the need to for climate change-integrated
conservation plans. The method established here can be applied to other watersheds to conduct
better long-term land management studies and decisions regarding wetlands implementation.
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7.1 Climate Data Analysis Performance Metric Results
7.1.1 Long-term Monthly Mean Results
This appendix contains the long-term monthly mean (over 1971-2000) results for the remaining
climate models.

Figure 63. Long-term monthly mean precipitation for 1971-2000 for the CRCM-CGCM3 model.
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Figure 64. Long-term monthly mean precipitation for 1971-2000 for the HRM3-GFDL model.

Figure 65. Long-term monthly mean precipitation for 1971-2000 for the RCM3-CGCM3 model.
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Figure 66. Long-term monthly mean precipitation for 1971-2000 for the RCM3-GFDL model.

Figure 67. Long-term monthly mean precipitation for 1971-2000 for theWRFG-CGCM3 model.
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Figure 68. Long-term monthly mean precipitation for 1971-1998 for the MM5I-CCSM model.

Figure 69. Long-term monthly mean precipitation for 1971-2000 for the ECP2-GFDL model.
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7.1.2 Seasonal Amplitude Results
This appendix contains the seasonal amplitude results (over 1971-2000) for the remaining
climate models.

Figure 70. Seasonal amplitude in precipitation for the CRCM-CGCM3 model for 1971-2000.
Calculated as the difference between the wettest and driest month each year.
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Figure 71. Seasonal amplitude in precipitation for the HRM3-GFDL model for 1971-2000.
Calculated as the difference between the wettest and driest month each year.

Figure 72. Seasonal amplitude in precipitation for the RCM3-CGCM3 model for 1971-2000.
Calculated as the difference between the wettest and driest month each year.
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Figure 73. Seasonal amplitude in precipitation for the RCM3-GFDL model for 1971-2000.
Calculated as the difference between the wettest and driest month each year.

Figure 74. Seasonal amplitude in precipitation for the WRFG-CGCM3 model for 1971-2000.
Calculated as the difference between the wettest and driest month each year.
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Figure 75. Seasonal amplitude in precipitation for the MM5I-CCSM model for 1971-1998.
Calculated as the difference between the wettest and driest month each year.

Figure 76. Seasonal amplitude in precipitation for the ECP2-GFDL model for 1971-2000.
Calculated as the difference between the wettest and driest month each year.
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7.1.3 Annual Precipitation Results
This appendix contains the annual precipitation (over 1971-2000) results for the remaining
climate models.

Figure 77. Annual precipitation for the CRCM-CGCM3 model for 1971-2000.
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Figure 78. Annual precipitation for the HRM3-GFDL model for 1971-2000.

Figure 79. Annual precipitation for the RCM3-CGCM3 model for 1971-2000.
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Figure 80. Annual precipitation for the RCM3-GFDL model for 1971-2000.

Figure 81. Annual precipitation for the WRFG-CGCM3 model for 1971-2000.
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Figure 82. Annual precipitation for the MM5I-CCSM model for 1971-1998.

Figure 83. Annual precipitation for the ECP2-GFDL model for 1971-2000.
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7.1.4 Long-term Monthly Coefficient of Variation Results
This appendix contains the long-term monthly coefficient of variation (over 1971-2000) results
for the remaining climate models.

Figure 84. Long-term monthly coefficient of variation for precipitation for the CRCM-CGCM3
model for 1971-2000. Calculated as the coefficient of variation of all monthly precipitation for
the respective month over the 30 year period.
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Figure 85. Long-term monthly coefficient of variation for precipitation for the HRM3-GFDL
model for 1971-2000. Calculated as the coefficient of variation of all monthly precipitation for
the respective month over the 30 year period.

Figure 86. Long-term monthly coefficient of variation for precipitation for the RCM3-CGCM3
model for 1971-2000. Calculated as the coefficient of variation of all monthly precipitation for
the respective month over the 30 year period.
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Figure 87. Long-term monthly coefficient of variation for precipitation for the RCM3-GFDL
model for 1971-2000. Calculated as the coefficient of variation of all monthly precipitation for
the respective month over the 30 year period.

Figure 88. Long-term monthly coefficient of variation for precipitation for the WRFG-CGCM3
model for 1971-2000. Calculated as the coefficient of variation of all monthly precipitation for
the respective month over the 30 year period.
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Figure 89. Long-term monthly coefficient of variation for precipitation for the MM5I-CCSM
model for 1971-1998. Calculated as the coefficient of variation of all monthly precipitation for
the respective month over the 28 year period.

Figure 90. Long-term monthly coefficient of variation for precipitation for the ECP2-GFDL
model for 1971-2000. Calculated as the coefficient of variation of all monthly precipitation for
the respective month over the 30 year period.
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7.1.5 Overall Annual Coefficient of Variation
This appendix contains the overall annual coefficient of variation results (over 1971-2000) for all
of the climate models.
Table 21. Overall coefficient of variation using annual data for 1971-2000 for all of the climate
models.
Model
OBSERVED
RAW
LOCI
LS
PT
DM

CRCMCCSM
0.171
0.139
0.145
0.162
0.166
0.218

CRCMCGCM3
0.176
0.130
0.129
0.142
0.168
0.172

HRM3GFDL
0.176
0.173
0.173
0.180
0.211
0.202

RCM3CGCM3
0.176
0.155
0.152
0.158
0.164
0.181

RCM3GFDL
0.176
0.154
0.153
0.162
0.220
0.199

WRFGCGCM3
0.176
0.201
0.199
0.202
0.195
0.210

MM5ICCSM
0.166
0.181
0.185
0.187
0.184
0.196

ECP2GFDL
0.176
0.114
0.102
0.105
0.121
0.127
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7.2 Land Use Analysis Results
This appendix contains the daily streamflow time series graphs with the 2012 land use and
projected land use (for 2041-2070) for all of the climate realizations.
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Figure 91. Streamflow time series for the CRCM-CCSM-LOCI climate model with 2012 land use
(blue line) and projected land use (red line) for 2041-2069.
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Figure 92. Streamflow time series for the CRCM-CGCM3-LOCI climate model with 2012 land
use (blue line) and projected land use (red line) for 2041-2070.
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Figure 93. Streamflow time series for the HRM-GFDL-LOCI climate model with 2012 land use
(blue line) and projected land use (red line) for 2041-2070.

Streamflow at Sub-basin 70 (m3/s)

Modeled Streamflow for HRM3-GFDL-LS Climate Data with Varied
Land Use
180
160
140
120
100
80
60
40
20
0

Date
Projected Land Use

2012 Land Use

Figure 94. Streamflow time series for the HRM3-GFDL-LS climate model with 2012 land use
(blue line) and projected land use (red line) for 2041-2070.
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Figure 95. Streamflow time series for the MM5I-CCSM-DM climate model with 2012 land use
(blue line) and projected land use (red line) for 2041-2070.

Streamflow at Sub-basin 70 (m3/s)

Modeled Streamflow for MM5I-CCSM-LOCI Climate Data with Varied
Land Use
300
250
200
150
100
50
0

Date
Projected Land Use

2012 Land Use

Figure 96. Streamflow time series for the MM5I-CCSM-LOCI climate model with 2012 land use
(blue line) and projected land use (red line) for 2041-2070.
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Figure 97. Streamflow time series for MM5I-CCSM-LS climate model with 2012 land use (blue
line) and projected land use (red line) for 2041-2070.
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Figure 98. Streamflow time series for the MM5I-CCSM-RAW climate model with 2012 land use
(blue line) and projected land use (red line) for 2041-2070.
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Figure 99. Streamflow time series for the RCM3-CGCM3-LOCI climate model with 2012 land
use (blue line) and projected land use (red line) for 2041-2070.
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Figure 100. Streamflow time series for the WRFG-CGCM3-LOCI climate model with 2012 land
use (blue line) and projected land use (red line) for 2041-2070.
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Figure 101. Streamflow time series for the WRFG-CGCM3-LS climate model with 2012 land use
(blue line) and projected land use (red line) for 2041-2070.
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7.3 Extreme Event Analysis Results
This appendix contains the maximum daily streamflow for the past period (1971-2000) and
future period (2041-2070) for sub-basins 70 and 110.

Maximum Daily Streamflow for Past and Future Runs (Sub-basin 70)
400
Observed Climate
CRCM_CCSM_LOCI

Maximum Daily Streamflow (m3/s)

350

CRCM_CGCM3_LOCI
300

HRM3_GFDL_LOCI
HRM3_GFDL_LS

250

MM5I_CCSM_DM
MM5I_CCSM_LOCI

200
MM5I_CCSM_LS
MM5I_CCSM_RAW

150

RCM3_CGCM3_LOCI
WRFG_CGCM3_LOCI

100
Past

Future

Figure 102. Maximum daily streamflow values (in m3/s) computed for the past (1971-2000)
and future (2042-2070) time periods for sub-basin 70.
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Figure 103. Maximum daily streamflow values (in m3/s) computed for the past (1971-2000)
and future (2042-2070) time periods for sub-basin 110.
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7.4 Peak Flow Reduction Wetlands Analysis Results
This appendix contains the daily streamflow for the “no wetlands” and “wetlands” cases (for
2041-2070) for all the climate realizations.
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Figure 104. Daily streamflow output from sub-basin 110 for the CRCM-CCSM-LOCI climate
model run without and with wetlands.
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Figure 105. Daily streamflow output from sub-basin 110 for the CRCM-CGCM3-LOCI climate
model run without and with wetlands.
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Figure 106. Daily streamflow output from sub-basin 110 for the HRM3-GFDL-LOCI climate
model run without and with wetlands.
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Figure 107. Daily streamflow output from sub-basin 110 for the HRM3-GFDL-LS climate model
run without and with wetlands.
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Figure 108. Daily streamflow output from sub-basin 110 for the MM5I-CCSM-DM climate
model run without and with wetlands.
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Figure 109. Daily streamflow output from sub-basin 110 for the MM5I-CCSM-LOCI climate
model run without and with wetlands.
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Figure 110. Daily streamflow output from sub-basin 110 for the MM5I-CCSM-LS climate model
run without and with wetlands.
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Figure 111. Daily streamflow output from sub-basin 110 for the RCM3-CGCM3-LOCI climate
model run without and with wetlands.
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Figure 112. Daily streamflow output from sub-basin 110 for the WRFG-CGCM3-LOCI climate
model run without and with wetlands.
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Figure 113. Daily streamflow output from sub-basin 110 for the WRFG-CGCM3-LS climate
model run without and with wetlands.

