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This study used the Soil and Water Assessment Tool (SWAT) to model 2
watersheds in Mississippi, which are the Lower Pearl River Watershed (LPRW) and the
Big Sunflower River Watershed (BSRW), to simulate streamflow, groundwater storage
and recharge, sediments, nutrients, and bacteria transport. The LPRW model was
calibrated and validated for daily streamflow at 4 locations with R2 ranging from 0.49 to
.90 and Nash-Sutcliffe Efficiency (NSE) ranging from 0.49 to 0.84. In the BSRW, the
model showed good to very good performance for daily streamflow simulation (R2 =
0.53-0.75 and NSE = 0.49-0.72) and seasonal groundwater table depth fluctuations (R2 =
0.76 to 0.86 and NSE = 0.71-0.79). The BSRW model was also calibrated and validated
for total sediment (TS) load (R2 = 0.50-0.72, NSE = 0.47-0.66), total phosphorus (TP)
load (R2 = 0.79-0.82, NSE = 0.73-0.77), and fecal coliform bacteria concentrations (R2 =
0.56-0.60 and NSE = 0.23-0.40).
In the LPRW, the effectiveness of grassed waterways, detention ponds, and
parallel terraces Best Management Practices (BMPs) to attenuate peak streamflow
decreases significantly under increased rainfall and under increased CO2 concentration

climate change scenarios; however, under increased temperature or decreased rainfall, the
effectiveness of BMPs to reduce peak streamflows did not significantly change. In the
BSRW, implementing crop rotations practices with rice resulted in the lowest
groundwater storage (-10.7%), but it also led to the highest increases in monthly
groundwater recharge (up to +60.1%). The crop rotations with corn and cotton usually
resulted in the largest increases in groundwater storage (up to +27.2%). The BSRW was
modeled to assess the sensitivity of bacteria concentrations to climate change, and this
study determined that bacteria concentrations were most sensitive to rainfall, followed by
temperature, solar radiation, and CO2 concentrations. The BSRW model also showed
significant parameter uncertainty in the streamflow, TS load, TP load, and total nitrogen
(TN) load simulations, and that equifinal parameter sets exist in the model. Moreover, the
SWAT parameters that were sensitive to streamflow were also found to be sensitive to
sediment and nutrient transport.
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CHAPTER I
INTRODUCTION
The use and implementation of computer based hydrological and water quality
models in real world applications have been gaining popularity and prevalence over
recent decades. With increased computing speeds, the construction and calibration of
high resolution watershed-scale models have become easier to implement in research
studies and policy making. These models are used to simulate a myriad of hydrologic and
water quality processes in a watershed including runoff, streamflow, evapotranspiration,
infiltration, percolation, groundwater recharge, channel erosion, sediment transport,
Nitrogen and Phosphorus cycles, bacteria transport, and pesticide transport. Some of the
more famous watershed models that have been developed and widely implemented
include the Soil and Water Assessment Tool (SWAT), Hydrologic Simulation Program
Fortran (HSPF), Drainage model (DRAINMOD), Modular groundwater flow model
(MODFLOW), Agricultural Policy/Environmental eXtender (APEX), and the
AGricultural Non-Point Source Pollution (AGNPS) model.
Watershed models provide a number of advantages for researchers and watershed
managers, including ease of use, fast and inexpensive scenario assessment, guiding
project decisions, and providing insight into natural processes occurring in the watershed.
One of the biggest advantages of using a watershed modeling approach is being able to
assess the impacts of future climate changes and land use changes on our water resources.
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While these types of assessments can be done at the field scale, they are difficult to
accomplish with any degree of accuracy at the watershed scale, especially in watersheds
with complex terrain and processes. This is where watershed models are useful, as they
can find the “worst case scenario” for water availability and water quality as climate
change and land use change occur, without trying to physically create the scenario.
The Intergovernmental Panel on Climate Change (IPCC) predicts that the earth’s
surface temperatures will likely increase by 2.6 to 4.8 °C by the end of the century
(IPCC, 2013). Rainfall events are expected to increase in intensity with longer periods of
little or no precipitation in between (IPCC, 2013). Also, droughts are expected to
increase in frequency and duration in many drier areas throughout the world by the end of
the century (IPCC, 2013). The results of General Circulation Models (GCMs) indicate
that atmospheric CO2 concentration is expected to double by the years 2081-2100 (IPCC,
2013). These potential future climate changes are expected to have major impacts on
global freshwater supply and the overall distribution of water in the hydrologic cycle
(Vorosmarty et al., 2000). In general, future streamflows are more sensitive to changes
in precipitation than changes in surface temperatures or CO2 concentration. For example,
a climate sensitivity assessment study conducted for a Mississippi watershed has shown
that average monthly streamflow was very sensitive to changes in precipitation and
moderately sensitive to changes in temperature and CO2 (Parajuli et al., 2010). Jha et al.
(2006) incorporated several atmospheric ocean general circulation model projections in a
hydrologic model and found that future average annual streamflows in the Upper
Mississippi River Basin (UMRB) were more sensitive to precipitation and CO2
concentration increases than temperature increases. Another watershed modeling study
2

conducted for the UMRB found that future increases in CO2 concentrations can have
significant impacts on not only surface water, but for evapotranspiration and soil water
content as well (Wu et al., 2012). A modeling study conducted for the Eastern Nile River
Basin found that a 10% increase or decrease in rainfall caused a 17-26% change in annual
streamflow, while a 1°C increase in temperature only resulted in a decrease of 1.3-6.4%
in annual streamflow (Mengistu and Sorteburg, 2012). Ficklin et al. (2013) used
downscaled precipitation and temperature projections from 16 global climate models and
determined that average annual streamflow in a California watershed will likely decrease
by 15% as a result of a 2.5 to 4.1°C increase in temperature. Climate change can also
shift the timing of snowmelt to earlier in the spring season, which can cause substantial
variability in the timing and magnitude of future peak streamflows (Jin and Sridhar,
2012).
Climate change could also have significant impacts on surface water quality.
Some early water quality modeling studies suggest that future decreases in precipitation
could result in lower levels of Nitrogen in surface water due to reduced streamflows
(Justić et al., 2003; Mimikou et al., 2000; Varanou et al., 2002). Tong et al. (2007)
simulated various climate scenarios in a watershed in the Midwest and also found that
although drier climate change scenarios yielded lower Nitrogen loadings, they also
resulted in higher Nitrogen concentration in surface waters. Research has also shown that
phosphorus concentration and transport in surface runoff can also be affected by climate
changes. For example, a modeling study conducted for a lake in central Sweden using a
number of climate model scenarios determined that Phosphorus concentration almost
doubled in the spring and fall seasons in the warmest climate scenarios (Malmaeus et al.,
3

2006). Another study found that simulating an increase in surface water temperature for
a reservoir in Japan by up to 3.8°C caused a greater upward flux of Phosphorus from
sediments in the water (Komatsu et al., 2007). Recent watershed modeling studies using
SWAT have sought to assess the impacts of climate changes on various pollutants
simultaneously (Ahmadi et al., 2014; Shrestha et al., 2012; Van Liew et al., 2012). A
sensitivity analysis study conducted for two watersheds in California’s Central Valley
employed the SWAT model, and found that sediment and nitrate loads responded
differently between the two watersheds to changes in precipitation and temperature,
which was likely due to differences in the amounts of agricultural land use (Ficklin et al.,
2012). In another SWAT modeling study, which compared streamflow and water quality
impacts of 2 watersheds in Nebraska to changes in climate, determined that sediment,
total Nitrogen, and total Phosphorus losses increased in both watersheds as a result of
projected increases in precipitation and CO2 concentration (Van Liew et al., 2012). Park
et al. (2011a) also used SWAT for a mountainous dam watershed in South Korea to
simulate IPCC’s Special Report on Emission Scenarios (SRES), and they found that
future sediment load generally decreased under all the climate change scenarios, total
Nitrogen load generally increased, and total Phosphorus load fluctuated depending on the
climate change scenario used. So far, there has only been a limited number of watershed
modeling studies that consider the potential impacts of climate change on the fate and
transport of bacteria in surface waters (Fonseca et al., 2014; Jayakody et al., 2015). This
remains a hot topic of research, and the need for understanding and assessing the
consequences of potential climate change on microbial water quality has been addressed
by several researchers (Boxall et al., 2009; Coffey et al., 2014; Hofstra et al., 2011).
4

While climate change impacts on water quantity and water quality are currently
being researched in recent years, modelers have also considered the impacts of future
management practices and land use changes as well (Kaini et al., 2012; Laurent and
Ruelland, 2011; Santhi et al., 2006). However, only a few studies so far have sought to
assess the impacts of both climate change and land use change on watershed hydrology
and water quality. One study simulated the IPCC SRES A1B climate change scenario
along with projected land use change scenarios in a South Korean watershed using
SWAT (Park et al., 2011b). They found that increases in precipitation and air
temperatures caused a 39.8% increase in streamflow, and a decrease in forested land use
with an increased urban land use caused only a 10.8% increase in streamflow (Park et al.,
2011b). However, when both the A1B climate change scenario and the land use changes
are included in the model, annual average streamflow increased by 55.4%. Another study
modeled the SRES A1B and B1 climate change scenarios along with 3 land use change
scenarios using SWAT for an urban watershed in Illinois (Wilson and Weng, 2011).
They found that the climate scenarios resulted in higher concentrations of sediment in
surface water during the winter and spring seasons, while Phosphorus concentration
varied by month depending on the combination of climate change and land use change
scenarios. They also concluded that, at the sub-basin scale, the replacement of low
density residential areas with high density residential areas would result in lower
concentrations of sediments during winter and spring, while the replacement of high
density residential and commercial areas with vegetative areas would result in lower
concentrations of Phosphorus in the future (Wilson and Weng, 2011). Other researchers
have also attempted to assess the effectiveness of watershed management practices to
5

improve water quality during future climate change scenarios. One study assessed the
effectiveness of several Best Management Practices (BMPs) at attenuating non-point
source pollution at the field and watershed scales (Woznicki et al., 2011). They found
that terracing, contour farming, and native grass replacement were the most effective at
reducing sediment, Nitrogen, and Phosphorus pollution in future climate scenarios at both
the field scale and watershed scale. Overall, they found that BMPs were a lot more
effective at reducing non-point source pollution in future climate scenarios at the field
scale compared to the watershed scale (Woznicki et al., 2011). Recently, SWAT
modeling studies conducted in Canadian watersheds also determined that the combined
effects of future climate change and land use change will have a significantly higher
impact than the individual climate or land use change effects on sediment, Nitrogen, and
Phosphorus loads (El-Khoury et al., 2015; Mehdi et al., 2015).
Objectives
The overall objective of this study is to assess the impacts of climate change and
management practices on streamflow, groundwater, and surface water quality in two
watersheds in Mississippi using a watershed modeling approach.
Specific Objectives
1. Assess the effectiveness of BMPs at the watershed scale to attenuate peak
streamflow under climate change scenarios.
2. Quantify the impacts of crop rotation practices on groundwater storage
and recharge in an agricultural watershed.

6

3. Evaluate the sensitivity of fecal coliform bacteria pollution in surface
waters to changes in precipitation, temperature, CO2 concentration, solar
radiation, and relative humidity.
4. Quantify the model parameter sensitivity and uncertainty of streamflow,
sediment transport, and nutrient transport using SWAT.

7

References
Abbaspour, KC. 2013. SWAT-CUP 2012: SWAT calibration and uncertainty programs –
A user manual. Neprash Technology. Available at:
http://www.neprashtechnology.ca/Downloads.aspx.
Ahmadi M, Records R, Arabi M. 2014. Impact of climate change on diffuse pollutant
fluxes at the watershed scale. Hydrological Processes 28(4): 1962-1972.
Arthur JK. 2001. Hydrogeology, model description, and flow analysis of the Mississippi
river alluvial aquifer in Northwestern Mississippi. Water Resources Investigations
Report 01-4035. Reston, Virginia, U.S. Geological Survey.
Boxall ABA, Hardy A, Beulke S, Boucard T, Burgin L, Falloon PD, Haygarth PM,
Hutchinson T, Kovats SR, Leonardi G, Levy LS, Nichols G, Parsons SA, Potts L,
Stone D, Topp E, Turley DB, Walsh K, Wellington EMH, Williams RJ. 2009.
Impacts of climate change on direct human exposure to pathogens and chemicals
from agriculture. Environmental Health Perspectives 117(4): 508-514.
Cathey AM. 2011. Hydrology and fish population dynamics in the Okavango Basin:
managing for uncertainty in a data poor environment. PhD thesis. University of
Florida.
Clark BR, Hart RM. 2009. The Mississippi Embayment Regional Aquifer Study
(MERAS) – documentation of a groundwater-flow model constructed to assess
water availability in the Mississippi embayment. Scientific Investigations Report
2009-5172. Reston, Virginia, U.S. Geological Survey.
Coffey R, Benham B, Krometis L, Wolfe ML, Cummins E. 2014. Assessing the effects of
climate change on waterborne microorganisms: implications for EU and U.S.
water policy. Human and Ecological Risk Assessment 20(3): 724-742.
El-Khoury A, Seidou O, Lapen DR, Que Z, Mohammadian M, Sunohara M, Bahram D.
2015. Combined impacts of future climate and land use changes on discharge,
nitrogen, and phosphorus loads for a Canadian river basin. Journal of
Environmental Management 151: 76-86.
Ficklin DL, Luo Y, Zhang M. 2012. Climate change sensitivity assessment of streamflow
and agricultural pollutant transport in California’s Central Valley using Latin
hypercube sampling. Hydrological Processes. 27(18): 2666-2675.
Ficklin DL, Stewart IT, Maurer EP. 2013. Effects of projected climate change on the
hydrology in the Mono Lake Basin, California. Climatic Change 116(1): 111-131.
Fonseca A, Botelho C, Boaventura RAR, Vilar VJP. 2014. Global warming on faecal
coliform bacterium watershed impairments in Portugal. River Research and
Applications 31(10): 1344-1353.
8

Hofstra N. 2011. Quantifying the impact of climate change on enteric waterborne
pathogen concentrations in surface water. Current Opinion in Environmental
Sustainability 3(6): 471-479.
IPCC. 2013. Climate Change 2013: The Physical Science Basis. Contribution of working
group I to the fifth assessment report of the International Panel on Climate
Change. Cambridge University Press, Cambridge, United Kingdom and New
York, NY, USA. https://www.ipcc.ch/report/ar5/wg1/.
Jayakody P, Parajuli PB, Sassenrath G, Ouyang Y. 2014. Relationships between water
table & model simulated ET. Groundwater Journal 52(2): 303-310.
Jayakody P, Parjauli PB, Brooks JP. 2015. Assessing climate variability impact on
thermotolerant coliform bacteria in surface water. Human and Ecological Risk
Assessment 21(3): 691-706.
Jha M, Arnold JG, Gassman PW, Giorgi R, Gu RR. 2006. Climate change sensitivity on
upper Mississippi River Basin streamflows using SWAT. Journal of the American
Water Resources Association 42(4): 997-1016.
Jin X, Sridhar V. 2012. Impacts of climate change on hydrology and water resources in
the Boise and Spokane River Basins. Journal of the American Water Resources
Association 48(2): 197-220.
Justić D, Rabalais NN, Turner RE. 2003. Simulated responses of the Gulf of Mexico
hypoxia to variations in climate and anthropogenic nutrient loading. Journal of
Marine Systems 42(3-4): 115-126.
Kaini P, Artita K, Nicklow JW. 2012. Optimizing structural best management practices
using SWAT and genetic algorithm to improve water quality goals. Water
Resource Management 26(7):1827-1845.
Komatsu E, Fukushima T, Harasawa H. 2007. A modeling approach to forecast the effect
of long-term climate change on lake water quality. Ecological Modelling 209(24): 351-366.
Laurent F, Ruelland D. 2011. Assessing impacts of alternative land use and agricultural
practices on nitrate pollution at the catchment scale. Journal of Hydrology 409(12): 440-450.
Malmaeus JM, Blenckner T, Markensten H, Persson I. 2006. Lake phosphorus dynamics
and climate warming: a mechanistic model approach. Ecological Modelling
190(1-2): 1-14.
MDEQ, 2000. Pearl River basin status report. MDEQ, Jackson, MS. Available at:
http://www.deq.state.ms.us/mdeq.nsf/pdf/WMB_prstatusreport/$File/prstatusrepo
rt.pdf?OpenElement.
9

MDEQ, 2008a. Total maximum daily load Yazoo River Basin delta region for
impairment due to sediment. MDEQ, Jackson, MS. Available at:
http://deq.state.ms.us/MDEQ.nsf/0/BF653E9A2325274586257452006B4332/$fil
e/YazooRBDeltaRegionSedimentApr08.pdf.
MDEQ, 2008b. Total maximum daily load total nitrogen and total phosphorus for
selected large rivers in the delta. MDEQ, Jackson, MS. Available at:
http://deq.state.ms.us/MDEQ.nsf/0/2F189E937A5B0A3686257537005B5A98/$fi
le/Delta_Large_Rivers_FINAL_Nutrients_TMDL.pdf.
MDEQ, 2010. Fecal coliform TMDL for the Big Sunflower River and the Little
Sunflower River. Office of Pollution Control Standards, Modeling, and TMDL
Branch. Jackson, MS, Available at:
http://www.deq.state.ms.us/MDEQ.nsf/page/TWB_yazoostatrep?OpenDocument.
Mehdi B, Lehner B, Gombault C, Michaud A, Beaudin I, Sottile MF, Blondlot A. 2015.
Simulated Impacts of climate change and agricultural land use change on surface
water quality with and without adaptation management strategies. Agriculture,
Ecosystems and Environment 213: 47-60
Mengistu DT, Sorteburg A. 2012. Sensitivity of SWAT simulated streamﬂow to climatic
changes within the Eastern Nile River basin. Hydrology and Earth System
Sciences 16(2): 391-407.
Mimikou MA, Baltas E, Varanou E, Pantazis K. 2000. Regional impacts of climate
change on water resources quantity and quality indicators. Journal of Hydrology
234(1-2): 95-109.
Parajuli PB. 2010. Assessing sensitivity of hydrologic responses to climate change from
forested watershed in Mississippi. Hydrological Processes 24(26): 3785 – 3797.
Parajuli PB, Jayakody P, Sassenrath GF, Ouyang Y, Pote JW. 2013. Assessing the
impacts of crop-rotation and tillage on crop yields and sediment yield using a
modeling approach. Agricultural Water Management 119(2013): 32-42.
Park JY, Park MJ, Ahn SR, Park GA, Yi JE, Kim GS, Srinivasan R, Kim SJ. 2011a.
Assessment of future climate change impacts on water quantity and quality for a
mountainous dam watershed using SWAT. Transactions of the ASABE 54(5):
1725-1737.
Park JY, Park MJ, Joh HK, Shin HJ, Kwon HJ, Srinivasan R, Kim SJ. 2011b. Assessment
of MIROC3.2 HiRes climate and Clue-S land use change impacts on watershed
hydrology using SWAT. Transactions of the ASABE 54(5): 1713-1724.
Rabalais, NN, Turner RE, Wiseman Jr WJ. 2002. Gulf of Mexico Hypoxia: “The Dead
Zone”. Annu. Rev. Ecol. Syst. 33:235–63.
10

Santhi C, Srinivasan R, Arnold JG, Williams JR. 2006. A modeling approach to evaluate
the impacts of water quality management plans implemented in a watershed in
Texas. Environmental Modelling & Software 21(8): 1141-1157.
Shrestha RR, Dibiki YB, Prowse TD. 2012. Modeling climate change impacts on
hydrology and nutrient loading in the Upper Assiniboine catchment. Journal of
the American Water Resources Association 48(1): 74-89.
Tong STY, Liu AJ, Goodrich JA. 2007. Climate change impacts on nutrient and sediment
loading in a Midwestern agricultural watershed. Journal of Environmental
Informatics 9(1): 18-28.
Van Liew MW, Feng S, Pathak TB. 2012. Climate change impacts on streamflow, water
quality, and best management practices for the Shell and Logan Creek Watersheds
in Nebraska, USA. International Journal of Agricultural and Biological
Engineering 5(1): 13-34.
Vorosmarty JC, Green P, Salisbury J, Lammers RB. 2000. Global water resources:
vulnerability from climate change and population growth. Science 289(5477):284288.
Wilson CO, Weng Q. 2011. Simulating the impacts of future land use and climate
changes on surface water quality in the Des Plaines River watershed, Chicago
Metropolitan Statistical Area, Illinois. Science of the Total Environment 409(20):
4387-4405.
Woznicki SA, Nejadhashemi AP, Smith CM. 2011. Assessing best management practice
implementation strategies under climate change scenarios. Transactions of the
ASABE 54(1): 171-190.
Wu Y, Liu S, Abdul-Aziz OI. 2012. Hydrological effects of the increased CO2 and
climate change in the Upper Mississippi River Basin using a modified SWAT.
Climatic Change 110(3 – 4):977-1003.
Varanou E, Gkouvatsou E, Baltas E, Mimikou M. Quantity and quality integrated
catchment modeling under climate change with the use soil and water assessment
tool model. Journal of Hydrologic Engineering 7(3): 228-244.
Yang J, Reichert P, Abbaspour KC, Xia J, Yang H. Comparing uncertainty analysis
techniques for a SWAT application to the Caohe Basin in China. Journal of
Hydrology 358(1-2): 1-23.

11

CHAPTER II
EVALUATION OF BEST MANAGEMENT PRACTICES AT THE WATERSHED
SCALE TO ATTENUATE PEAK STREAMFLOW UNDER CLIMATE CHANGE
SCENARIOS
Abstract
The objectives of this study are (1) to develop a calibrated and validated model
for streamflow using the Soil and Water Assessment Tool (SWAT) for the Lower Pearl
River Watershed (LPRW) located in southern Mississippi, and (2) to assess the
performance of parallel terraces, grassed waterways, and detention pond BMPs at
attenuating peakflows at the watershed-scale under changes in precipitation, temperature,
and CO2 concentrations. The model was calibrated and validated for streamflow at 4
USGS gauge stations at the daily scale from 1994 to 2003 using the Sequential
Uncertainty Fitting (SUFI-2) optimization algorithm in SWAT-CUP. The model
demonstrated good to very good performance (R2 = 0.49 to 0.90 and NSE = 0.49 to 0.84)
between the observed and simulated daily streamflows at all 4 USGS gauge stations.
This study found that grassed waterways had the highest peak flow reduction (-8.4%),
followed by detention ponds (-6.0%), and then parallel terraces (-3.1%) during the
baseline climate scenario. Combining the different BMPs yielded greater reduction in
average peak flow compared to implementing each BMP individually in both the current
and changing climate scenarios. This study also found that the effectiveness of BMPs to
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reduce peakflows decreases significantly when increased rainfall or increased CO2
concentrations are introduced in the watershed model. When increasing temperatures or
decreasing rainfall is incorporated in the model, the peakflow reductions caused by BMPs
generally does not change significantly.
Introduction
Long-term changes in climate are expected to have major impacts on agricultural
production, ecological conservation, human health, and water availability (Godfray et al.,
2010; McMichael et al., 2006; Walther et al., 2002; Vorosmarty et al., 2000). In the last
30 years, atmospheric Carbon Dioxide (CO2) has increased by approximately 50 ppm and
is projected to increase up to 900 ppm by the end of the century (IPCC, 2013). Increases
in CO2 concentrations and other greenhouse gases can cause solar radiation reflecting
from the earth’s surface to be trapped within our atmosphere, thus causing global
warming. According to Global Climate Model (GCM) projections, mean surface
temperatures in North America are expected to increase by 2.6 to 4.8 °C by 2100 (IPCC,
2013). In addition to CO2 and temperature changes, rainfall is expected to be
concentrated into more intense events with longer periods of little or no precipitation in
between (Tebaldi et al., 2006; Frich et al., 2002). Extreme rainfall events can result in
more flash floods from higher peak flows, which can cause significant damage to
agriculture and infrastructure. Extremely high peak flows can also result in higher
pollutant transport throughout rivers and streams.
Best Management Practices (BMPs) have been incorporated in many watershed
studies to not only reduce pollutant transport, but also attenuate storm peak flows.
Villarreal et al. (2004) simulated several stormwater BMPs in a suburb in Sweden and
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found that green-roofs were the most effective at reducing total runoff. Vegetated
storage-infiltration BMPs have been shown to reduce total runoff volume by up to 42 %
and significantly reduce peak discharges (Wild and Davis, 2009). A dynamic modeling
assessment study in China found that reducing irrigation water demand by 20 % was the
most suitable practice to reduce water scaricity and vulnerability compared to other
management practices (Wu et al., 2013). Some modeling studies have also evaluated
BMP effectiveness to improve water quality (Bracmort et al., 2006; Kaini et al., 2012)
and few studies have coupled BMPs with climate scenarios (Van Liew et al., 2012;
Woznicki et al., 2011). However, there is still a need to assess the effectiveness of
stormwater BMPs at attenuating peak flows in future climate scenarios at the watershed
scale. Because the Intergovernmental Panel on Climate Change (IPCC) has reported that
GCMs predict increases in extreme rainfall events in the next several decades, it is crucial
to understand how flow-attenuating BMPs will perform under changes in climate (IPCC,
2013). BMPs implemented in current climate conditions might not be appropriate in
future climate conditions where increased magnitudes of peak discharges are expected to
occur.
Watershed models are often used to simulate changes in climate and land use to
study their effects on water resources and water quality. The Soil and Water Assessment
Tool (SWAT) was employed in this study due to its robustness and effectiveness at
simulating climatic changes as well as BMP implementation strategies (Arnold et al.,
1998; Neitsch et al., 2011). SWAT has been utilized in numerous studies to simulate
physical hydrological processes associated with precipitation, surface runoff,
evapotranspiration, infiltration, and ground water flow as well as water quality processes
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associated with sediment, nutrient, and pesticide transport (Gassman et al., 2007;
Douglas-Mankin et al., 2010; Tuppad et al., 2011). SWAT has also been incorporated in
many modeling studies to simulate BMPs such as terraces, grassed waterways, filter
strips, and grade stabilization structures (Yang et al., 2009; Kaini et al., 2012; Arabi et
al., 2008). However, one of the challenges with using SWAT is the difficulty of the
calibrated model to capture observed peak streamflows, especially when the model is
calibrated at the daily scale (Wu et al., 2012; Jeong et al., 2010; Moriasi et al., 2007). To
resolve this issue, a “multi-component” assignment auto-calibration technique
(Abbaspour, 2012) is used in this study to assign a higher weight for the peak-flows and a
lower weight for low flows when calculating the objective function, which will allow the
modeled streamflows to better capture the observed peak-flows.
For this study, a watershed model was developed for the Lower Pearl River
Watershed (LPRW) located in southern Mississippi using SWAT. There is a need for
watershed managers to implement BMPs in the LPRW due to the watershed’s high peak
flow magnitudes and water quality deterioration (MDEQ 2000, 2012). The objectives of
this study are (1) to develop a calibrated and validated model for streamflow using
SWAT that can capture observed peak streamflows and (2) to assess the performance of
terraces, grassed waterways, and detention pond BMPs at attenuating peak flows at the
watershed-scale under changes in rainfall magnitude, temperature, and CO2
concentrations.
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Methods
Study Area Description
The LPRW (Figure 2.1) is located in southern Mississippi and drains out of the
Ross Barnett Reservoir, which is one of Mississippi’s largest reservoirs used to supply
drinking water for 200,000 residents in Jackson (Parajuli, 2010). The LPRW is a large
watershed that covers an area of approximately 12,500 Km2 and contains areas from 19
counties in both Mississippi and Louisiana. The land use distribution is comprised of
forests (44 %), wetlands (16 %), grasses (16 %), pastures (12 %), urban areas (8 %),
croplands (2 %), and open water (2 %) (Figure 2.2). Over 80 % of the soils are classified
as hydrologic soil group B and C, which allow for moderate runoff potential when the
soils are thoroughly wet (Figure 2.2). The soil textures that are most prevalent in the
watershed are silt loam, fine sandy loam, and sandy loam. The watershed contains high
slopes in the northern regions and contains flatter slopes along the Pearl River and in the
southern region towards the Gulf of Mexico (Figure 2.2). The elevation in the watershed
ranges from 191.5 m above mean sea level to 0.7 m below mean sea level, with an
average elevation of 87.9 m (Figure 2.1). The LPRW is in a humid subtropical climate
where the precipitation is usually highest during the winter in January (152 mm/month)
and during the summer in July (149 mm/month), and the precipitation is usually lowest
during the fall (105 mm/month) (Figure 2.3). Based on climate data from 1991 to 2010,
the watershed experiences its highest temperatures in July, with an average monthly
temperature of 27.4 °C, and its lowest temperatures in January, with an average monthly
temperature of 9.11 °C (Figure 2.3).
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Figure 2.1

Map of LPRW
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Figure 2.2

Land uses, hydrologic soil groups, and slope classes in the LPRW

Figure 2.3

Average rainfall and temperature in the LPRW

Based on the climate data collected from National Climatic Data Center (NCDC) from
1991-2010 from 27 weather stations
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The LPRW currently contains BMPs at only 40 sites that reduce peak runoff rates
which include parallel terraces, detention ponds, and grassed waterways (Figure 2.1).
These BMPS were implemented recently as a result of Section 319 of the Clean Water
Act (MDEQ, 2014). Periodic flooding occurs throughout the watershed, and some of
these floods have caused significant damage to infrastructure including residential and
commercial districts. In April of 1979, the "Great Easter Flood" in the LPRW caused
$257 million in damage and was one of the most devastating floods to ever occur in
Mississippi (MDEQ, 2000). The floodwaters rose to almost 7 meters above the flood
stage, and peak discharge of the Pearl River reached over 3600 m3s-1 (MDEQ, 2000).
SWAT model description
SWAT is a semi-distributed watershed scale model that operates on a daily time
step that is intended to predict the effects of climate change and management practices on
water quantity and quality in large watersheds (Arnold et al., 1998). The watershed
modeling tool delineates the watershed into sub-basins, which is then further divided into
Hydrological Response Units (HRUs). Each HRU consists of a unique combination of
land use, soil, and slope. The soil water content of each HRU is calculated as a function
of the amount of precipitation, surface runoff, evapotranspiration, infiltration, and
groundwater recharge (Neitsch et al., 2011). Overland flow is aggregated at the HRU
level to the sub-basin level, which is then routed through the stream network using either
the variable storage routing method or the Muskingum method (Neitsch et al., 2011).
Surface runoff can be calculated in SWAT using either the SCS curve number method or
the Green and Ampt infiltration method (Neitsch et al., 2011). For this study, the SCS
curve number method is chosen because it only requires daily rainfall instead of sub19

hourly rainfall data, and the variable storage routing method is chosen because it requires
less inputs than the Muskingum Method.
SWAT calculates the peak runoff rate using a modified rational method. This
modified rational method takes into account both overland flow and channel flow time of
concentration and is given by equation 2.1:
𝑄𝑝𝑒𝑎𝑘 =

(𝛼𝑡𝑐 )(𝑄𝑠𝑢𝑟𝑓 )(𝐴𝑟𝑒𝑎)
3.6(𝑡𝑐𝑜𝑛𝑐 )

(2.1)

Where Qpeak is the peak runoff rate in m3/s, αtc is the fraction of daily rainfall that
occurs during the time of concentration, Qsurf is the surface runoff in mm, Area is the area
in km2, and tconc is the time of concentration for the sub-basin (Neitsch et al., 2011).
SWAT calculates flow rate through the main channel by using Manning’s
equation, which is given in equation 2.2.
𝑄𝑐ℎ =

(𝐴𝑐ℎ )(𝑅𝑐ℎ 2/3 )(𝑠𝑙𝑝𝑐ℎ 1/2 )
𝑛

(2.2)

Qch is the flow rate in the channel in m3/s, Ach is the cross-sectional area of the
channel in m2, Rch is the hydraulic radius for a given flow depth in meters, slpch is the
slope along the channel length in m/m, and n is the Manning’s coefficient for the channel
(Neitsch et al., 2011).
Model Input Development
The four basic spatial inputs needed to set up a SWAT model include elevation,
land cover, soils, and climate datasets. The LPRW SWAT model was delineated into 41
sub-basins using a 10 m × 10 m Digital Elevation Model (DEM) grid obtained from the
National Elevation Dataset (NED) from USGS (USGS, 1999). The watershed
delineation process was based on the guidelines set by Arabi et al. (2006) in order to have
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an optimal watershed subdivision to accurately represent the influence of BMPs in the
watershed. The land use data was obtained from USDA-National Agricultural Statistics
Service (NASS) in the form of a remotely sensed Cropland Data Layer (CDL) (USDANASS, 2011). The soils dataset was obtained from the Soil Survey Geographic
(SSURGO) database in the form of a raster image (USDA, 2005). The DEM was then
used to calculate the slope in the watershed based on the elevation values of each pixel in
the DEM. The land use, soils, and slope data were then used to further divide the subbasins into 1489 HRUs. Daily precipitation and temperature data was obtained from the
National Climatic Data Center (NCDC) from 27 weather stations located in and around
the LPRW (Figure 2.1). Daily discharge rates from the Ross Barnett Reservoir from
1/1/1993 to 12/31/2003 were also incorporated in the model, which was obtained from
the Pearl River Valley Water Supply District. The measured reservoir discharge was used
in the model because it has been shown that using measured reservoir outflow data
improves daily streamflow calibration as opposed to using the reservoir target release
option in SWAT (Kim and Parajuli, 2014). BMPs that attenuate peak flows were also
incorporated in the model to capture the current management practices that are present in
the watershed (Figure 2.1) (MDEQ, 2014). These BMPs include detention ponds, parallel
terraces, and grassed waterways.
Model calibration and validation
Model calibration and validation is the process of altering model input variables
to allow the simulated watershed to mimic actual watershed conditions. The LPRW
SWAT model was calibrated and validated using daily observed streamflow records from
4 USGS stations located near Jackson (02486000), Strong River (02487500), Monticello
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(02488500), and Bogalusa (02489500) (Figure 2.1). The Jackson, Strong River,
Monticello, and Bogalusa USGS gauge stations are located at the outlets of sub-basin 6,
11, 18, and 29 in the model, respectively. The time period between 1994 and 2003 was
selected for calibration and validation because this time period captured a wide variety of
climatic conditions, including high peak flow events. The model considered a one year
warm-up period (1993), 5 years calibration period (1994-1998), and 5 years validation
period (1999-2003).
The model was calibrated automatically using the Sequential Uncertainty Fitting
(SUFI-2) optimization algorithm through the SWAT Calibration Uncertainty Programs
(SWAT-CUP) tool version 5.1.4 (Abbaspour et al., 2007). The SUFI-2 algorithm takes
into account all sources of uncertainty by computing r-factors and p-factors. The p-factor
is the percentage of measured data in the 95% prediction uncertainty (95PPU) obtained
through Latin Hypercube sampling, and the r-factor is the average thickness of the
95PPU band divided by the standard deviation of the measured data (Abbaspour, 2012).
The SUFI-2 algorithm updates selected parameters by finding new parameter ranges that
are smaller than the previous ranges in order to optimize the objective function. For this
study, 13 SWAT model parameters that affect the surface water and groundwater
processes in the watershed were adjusted during auto-calibration (Table 2.1). These
parameters and their ranges were selected based on previous SWAT modeling studies
(Gassman et al., 2007; Parajuli et al., 2009; Khanal et al., 2013).
Because peak flows are analyzed in this study, the objective function was
partitioned into 2 compartments by assigning a threshold flow value for each gage
station. This “multi-component” assignment (Abbaspour, 2012) technique allows the user
22

to assign a higher weight for the peak flows and a lower weight for the low flows when
calculating the objective function. Assigning a higher weight for the peak flows has the
potential to allow the modeled streamflow to capture more of the observed peak flow
events (Abbaspour et al., 2004). For this study, a weight of 0.90 was assigned for the
peak flow values, and a weight of 0.10 was assigned for the low flow values. The
threshold value used to separate the peak flows and low flows was based on the 95th
percentile of the observed streamflow values at each gauge station. These values are
470.059 m3s-1, 75.323 m3s-1, 765.828 m3s-1, and 1064.712 m3s-1 at the Jackson, Strong
River, Monticello, and Bogalusa USGS gauge stations, respectively.
Table 2.1

SWAT model parameters

Parameter

Definition

Minimum

Maximum

CN2
ALPHA_BF
GW_DELAY
GWQMN

SCS curve number
Baseflow Alpha factor (days)
Groundwater delay (days)
Threshold depth of water in shallow aquifer
for return flow (mm)
Groundwater revap coefficient
Manning's n value for the main channel
Effective hydraulic conductivity for main
channels (mm/hr)
Available soil water capacity (mm H2O/mm
soil)
Saturated hydraulic conductivity (mm/hr)
Surface runoff lag coefficient
Soil evaporation compensation factor
Plant uptake compensation factor
Maximum canopy storage (mm H2O)

-10%
0
0
0

+10%
1
500
2000

Final
Value
-1.97%
0.81
3.16
123.41

0.02
0.014
5

0.2
0.05
130

0.075
0.049
122.18

-10%

+10%

-3.87%

-10%
0.05
0
0
0

+10%
12
1
1
30

+4.13%
0.45
0.98
0.50
26.89

GW_REVAP
CH_N2
CH_K2
SOL_AWC(1)
SOL_K(1)
SURLAG
ESCO
EPCO
CANMX

Parameter descriptions, ranges, and final calibrated values used in the LPRW SWAT
model
Scenario Analysis

The BMPs simulated in this study include detention ponds, parallel terraces, and
grassed waterways to see their individual and combined effects on peak flow reduction.
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The BMP scenarios were also coupled with climate change scenarios that include rainfall,
temperature, and CO2 concentration adjustments to assess the BMP effectiveness under
climate change. Table 2.2 shows each BMP and climate change scenario investigated in
this study, which includes a total of 88 model scenarios. The methodology used to model
the BMPs and climate change scenarios in the SWAT model are described as follows.
To simulate detention ponds in SWAT, the variables in the pond file (.PND) were
changed to physically represent the stormwater retention mechanism in the pond. A
detention pond is a permanent flood control structure installed to intercept not only
runoff, but other pollutants such as sediments, nutrients, and metals contained in the
runoff. Peak flows during a heavy storm event are mitigated in a detention pond by
allowing the runoff to slowly drain into a stream or river. The detention ponds simulated
in this study are wet detention ponds because they also allow storm water retention
during periods of no storm events. Every sub-basin in the LPRW is assumed to be a
potential location for detention ponds, and it is assumed that these ponds are evenly
distributed throughout the sub-basin area. Each detention pond simulated covers 3% of
the sub-basin area, has a contributing area of half of the sub-basin, and is assumed to be 5
meters deep. Hydraulic conductivity is assumed to be 0 mm/hr so that no water is
allowed to seep through the bottom of the ponds.
Parallel terraces are earth embankments placed across the slope that serve to
attenuate peak runoff rates by storing water in small depressions and by reducing slope
length (ASABE, 2012). They reduce soil erosion by allowing sediments to settle and by
reducing the development of rills and gullies (Arabi et al., 2008). In this study, terraces
were only applied to crop, pasture, range, and forest land classes at slope lengths higher
24

than 2% at the HRU level. Slope lengths less than 2% were not considered for terraces
BMP implementation because it was assumed that erosion would not occur heavily in this
slope length range (Arabi et al., 2008). To simulate terracing, the USLE practice factor
(TERR_P), the curve number (TERR_CN), and average slope length (TERR_SL)
variables were changed in the Scheduled Management Operations (.OPS) file. TERR_P
was reduced between the range of 0.12 and 0.20 depending on the slope class. TERR_CN
was reduced by 6 to account for the decrease of the amount of runoff when terraces are
installed. The values of TERR_SL for each sub-basin were modified based on the
recommendations of the ASABE standard using equation 2.3 (ASABE, 2012).
100

𝑇𝐸𝑅𝑅𝑆𝐿 = (𝑋 ∗ 𝑆 + 𝑌) ∗ (

𝑠

)

(2.3)

Where X is a dimensionless value ranging from 0.4 to 0.8 and is based on
geographical location, which is X = 0.4 for the LPRW. The variable S is the average
slope in the sub-basin. Y is an indicator of soil erodibility, cropping systems, and crop
management practices which has values ranging from 0.3 to 1.2 meters.
Grassed waterways are natural or constructed channels with vegetation that are
designed to filter sediments and reduce flow velocity. Peak flow rates are reduced due to
the increased roughness of flow in the channel. To simulate grassed waterways,
Manning’s n for overland flow for the main channels (CH_N2) was increased to 0.3.
This high value of CH_N2 is chosen because it is assumed that the simulated grassed
waterways are fully protected by vegetation and are always in good condition. Two other
variables in the routing (.RTE) file, the channel erodibility factor (CH_COV) and channel
cover factor (CH_COV2), were decreased to 0.001 to account for the reduction in soil
erosion in the channels (Arabi et al., 2008).
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The climate change scenarios implemented in this study are based on the climate
model predictions over the 21st century presented in the IPCC fifth assessment report
(IPCC, 2013). Daily precipitation was adjusted by +10%, +20%, -10%, and -20%, which
reflect the variations of the projected precipitation change in the 21st century between
different seasons and different regions across North America (IPCC, 2013). Temperature
was adjusted by +1°C, +2°C, and +4°C to reflect the climate model projected increases in
global surface temperature caused by positive radiative forcing and the greenhouse effect
(IPCC, 2013). Assuming a baseline condition of 330 ppm based on the SWAT model
documentation, CO2 concentrations were increased by 50% (495 ppm), 100% (660 ppm),
and 150% (825 ppm) to reflect the projected increases of global CO2 concentration
throughout the 21st century (IPCC, 2013).
Table 2.2
BMP
scenarios
Rainfall
adjustment
(%)
Temperature
Increase (°C)
CO2 Conc

BMP and climate change scenarios
No
BMP

GWW

DTP

PTR

DTP +
GWW

DTP+
PTR

GWW +
PTR

No CC
+10%
+20%
-10%
-20%
+1°C
+2°C
+4°C
+50%
+100%
+150%

No CC
+10%
+20%
-10%
-20%
+1°C
+2°C
+4°C
+50%
+100%
+150%

No CC
+10%
+20%
-10%
-20%
+1°C
+2°C
+4°C
+50%
+100%
+150%

No CC
+10%
+20%
-10%
-20%
+1°C
+2°C
+4°C
+50%
+100%
+150%

No CC
+10%
+20%
-10%
-20%
+1°C
+2°C
+4°C
+50%
+100%
+150%

No CC
+10%
+20%
-10%
-20%
+1°C
+2°C
+4°C
+50%
+100%
+150%

No CC
+10%
+20%
-10%
-20%
+1°C
+2°C
+4°C
+50%
+100%
+150%

GWW +
DTP +
PTR
No CC
+10%
+20%
-10%
-20%
+1°C
+2°C
+4°C
+50%
+100%
+150%

Note: GWW = grassed waterways, DTP = detention ponds, PTR = parallel terraces, No
CC = no climate change,
BMP performance was assessed by quantifying the reduction of peak flows
during a 10 year period. The peak flows considered in this study are based on the 95th

percentile of the simulated daily streamflow values at the outlet of sub-basin 29, which is
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the location of the Bogalusa USGS gauge station (Figure 2.1). The 95th percentile daily
streamflows were analyzed so that the measure of BMP effectiveness is only considered
for the high magnitude storm events (Figure 2.4). The percentile was chosen at 95 percent
in this study because it captured all of the high peak flow magnitudes at all four gauge
station locations.

Figure 2.4

95th percentile streamflows

The 95th percentile of the simulated daily streamflow values from January 1994 to
December 2003 at the outlet of sub-basin 29. BMP performance was evaluated in this
study by quantifying the reduction of the streamflows in the 95th percentile.
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Statistical Analysis
Simulated streamflows were evaluated statistically using the coefficient of
determination (R²), Nash-Sutcliffe Efficiency (NSE), and root mean square error (RMSE)
statistics. The R² statistic describes the proportion of variation in measured data that can
be explained by the modeled data (Moriasi et al., 2007). NSE describes how well the
plot of observed data versus the modeled data fits the 1:1 line (Moriasi et al., 2007). The
NSE statistic was selected because it has been used in many hydrological and water
quality modeling studies to assess model performance and accuracy (Gassman et al.,
2007). The RMSE is an error index that indicates error in the squared units of the
variable of interest (Moriasi et al., 2007). An RMSE of 0 indicates that there is a perfect
fit between observed data and modeled data. The performance of the model was rated
based on the guidelines found in Moriasi et al. (2007), where NSE ≥ 0.75 is considered
very good, 0.65 ≤ NSE < 0.75 is considered good, 0.50 ≤ NSE < 0.65 is considered
satisfactory, and NSE < 0.50 is considered unsatisfactory.
Once the model performance is assessed using the R2, NSE, and RMSE statistics,
the peak streamflows from the calibrated and validated model were used in the scenario
analysis. Paired sample t-tests were performed for this study to compare peak streamflow
reductions caused by BMPs in the current climate and each changing climate condition.
The paired sample t-tests were conducted at α=0.05 level; therefore, p-values of less than
0.05 indicate a significant difference between peakflow reductions.
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Results and Discussion
Model calibration and validation results
Table 2.1 list the final values obtained from the SUFI-2 algorithm after 3
iterations, and each iteration included 1400 simulations. The resulting values of some of
the calibrated parameters are similar to other calibrated parameters in SWAT modeling
studies performed for similar watersheds (Amatya and Jha, 2010; Parajuli, 2010;
Douglas-Mankin et al., 2010). For example, in a SWAT modeling study conducted by
Niraula et al. (2012), the final calibrated parameter for the effective hydraulic
conductivity (CH_K2) was found to be 150 mm/hr and 160 mm/hr in two subwatersheds. These values match closely with the final value of 122.18 mm/hr, which
indicates that most of the streams in the LPRW might have bed material made of gravel
and large sand particles. The final value of soil evaporation compensation factor
(ESCO), which accounts for the depth distribution used to meet the soil evaporative
demand, was found to be 0.98. This value is similar to other studies that involve
calibrating the SWAT model using ESCO (Douglas-Mankin et al., 2010). The final
values for other groundwater parameters such as the groundwater delay (GW_DELAY),
the threshold depth of water in shallow aquifer for return flow (GWQMN), and the
Groundwater revap coefficient (GW_REVAP) match closely with other studies using
those same parameters to calibrate SWAT models for streamflow (Douglas-Mankin et
al., 2010; Tuppad et al., 2011). The curve number (CN2), available soil water capacity
(SOL_AWC), and saturated hydraulic conductivity (SOL_K) values were also adjusted to
allow the model to simulate surface runoff responses more accurately. Plant related
parameters such as the plant uptake compensation factor (EPCO) and the maximum
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canopy storage (CANMX) were included in the model auto-calibration because the
deciduous and evergreen forests that dominate the LPRW.
The daily observed and simulated streamflows during the calibration and
validation period at the 4 USGS gauge station locations are shown in the hydrographs in
Figure 2.5. The model was able to capture some of the peak streamflow events; however,
the model sometimes underestimated the magnitude of the observed peak streamflow
values. The model generally showed satisfactory to very good performance (R² = 0.49 to
0.90 and NSE = 0.49 to 0.84) between the observed and simulated daily streamflows
(Table 2.3). The model had the lowest RMSE at the Strong River gauge station (25.08
m³/s and 23.18 m³/s) and the highest RMSE at the Bogalusa gauge station (181.27 m³/s
and 159.81 m³/s) (Table 2.3). The wide spatial variation in the RMSE is due to the low
streamflows at the Strong River gauge station (up to 521 m³/s) and the high streamflow
values at the Bogalusa gauge station (up to 2175 m³/s) (Figure 2.5). The model
demonstrated relatively low uncertainty for the daily streamflow prediction, which was
accounted for by the calculation of the p-factors (0.53 to 0.70 ) and r-factors (0.22 to
0.43) generated by the SUFI-2 algorithm (Table 2.3). These uncertainty measures
indicate that 53% to 70% of the observed streamflow data was bracketed by the 95%
prediction uncertainty (95PPU) and that the r-factors of 0.22 and 0.43 describe the
thickness of the 95PPU band divided by the standard deviation of the measured
streamflow data (Abbaspour, 2012).
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Figure 2.5

Observed and simulated streamflows during calibration and validation

Note: a. = Jackson USGS gauge station, b = Strong River USGS gauge station, c =
Monticello USGS gauge station, d = Bogalusa USGS gauge station
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Table 2.3
Gauge
stations
Jackson
Strong River
Monticello
Bogalusa

Model performance statistics using SUFI-2 auto-calibration
Calibration
R2
0.87
0.63
0.90
0.86

NSE
0.73
0.62
0.84
0.76

RMSE (m3/s)
90.4
25.08
107.91
181.27

Validation
R2
0.85
0.49
0.81
0.79

NSE
0.68
0.49
0.75
0.74

RMSE (m3/s)
102.60
23.1
126.28
159.81

Uncertainty
p-factor
0.53
0.70
0.68
0.63

r-factor
0.22
0.30
0.38
0.43

BMP performance under current climate
The effectiveness of BMPs to reduce peak streamflows was analyzed first with no
changes in climate during a 10 year period from 1/1/1994 to 12/31/2003. The peak flow
average of each BMP scenario simulated with no climate changes is shown in Figure 2.6.
Between the individual BMPs, grassed waterways had the highest peak flow reduction (8.4%), followed by detention ponds (-6.0%), and then parallel terraces (-3.1%) (Figure
2.6). When these individual BMPs were combined during the simulation, the average
peak flows reduced even more. The BMPs that were implemented with grassed
waterways yielded a higher peak flow reduction than the parallel terraces and detention
pond BMP scenario. Combining all 3 BMP implementations yielded the highest average
peak flow reduction of 17.7% (Figure 2.6).
The grassed waterways BMP resulted in the largest reduction of peak flows
because of the increased manning's channel roughness coefficient, which was increased
from 0.049 to 0.30. This result is consistent with past modeling studies that implement
grassed waterways to reduce peak flows. For example, in a study conducted by Kalantari
et al. (2014), simulated grassed waterways had the highest performance in reducing peak
runoff compared to reforestation and vegetation buffers BMPs. In a Water Erosion
Prediction Project (WEPP) modeling study conducted in Iowa, they found that grassed
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waterways had the potential to reduce total runoff volume up to 18% (Dermisis et al.,
2010). Parallel terraces BMP had the lowest reduction in peak streamflow of -3.1%
(Figure 2.6). This result was most likely caused by the limited application of parallel
terraces in the watershed, which was restricted to HRUs that had a higher slope than 2%
and only certain land use classes. Therefore, the ineffectiveness of parallel terraces to
reduce peak streamflows was mainly due to the BMP being applied only to 842 out of the
total 1489 HRUs in the modeled watershed. Installing detention ponds resulted in a 6%
decrease in peak streamflows because the runoff from heavy storm events was allowed to
drain slowly into the rivers and streams. Detention ponds could have performed better if
the ponds had a higher contributing area or increased depth, which would have allowed
for more mitigation of runoff (Kaini et al., 2012). Out of all the BMP scenarios, the
combined BMPs always performed better in reducing peak streamflow than
implementing individual BMPs in the watershed (Figure 2.6).

Figure 2.6

Average peak flows for each BMP scenario with no climate changes

Note: GWW = grassed waterways, DTP = detention ponds, PTR = parallel terraces
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BMP performance under changing climate
For each scenario listed in Table 2.2, BMP performance was assessed by
quantifying the average reduction of peak flows simulated from 1994 to 2003. The BMP
performance during the climate change scenarios was compared to the BMP performance
during the no climate change scenario. The average peak flow reductions due to the
BMPs during each climate scenario are shown in Figure 2.7, Figure 2.8, and Figure 2.9
During the increased rainfall climate scenarios, all of the BMP implementation
strategies lead to decreased peak flow reduction, except for parallel terraces (Figure 2.7).
The decreased peak flow reduction is likely a result of increased peak runoff caused by
the increased rainfall. The simulated BMPs were simply not as effective in an increased
rainfall climate to reduce the velocity of high magnitude runoff rates and streamflows.
For example, grassed waterways BMPs were able to reduce the average peak flow by
80.9 m3/s with no climate change, but were only able to reduce the average peak flow by
61.8 m3/s and 37.1 m3/s in the +10% and +20% rainfall scenarios, respectively (Figure
2.7). These reductions in grassed waterways efficiency was caused by the limited
potential for the vegetation and channel roughness to reduce the velocity of high
magnitude flows caused by increased rainfall. The detention ponds BMP also
experienced lower peak flow reductions in an increased rainfall climate scenario. The
decrease in detention pond BMP efficiency was caused by the increased influx of runoff
into the ponds, which allowed for less retention of stormwater and shorter residence
times. The parallel terraces BMP actually performed better in an increased rainfall
climate; however, the differences in average peak flow reductions were small (2.17 m3/s
and 3.77 m3/s) and not statistically significant (Table 4).
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Peak flow reductions were not as sensitive to a decreased rainfall climate scenario
compared to an increased rainfall climate scenario (Figure 2.7). For most of the BMP
scenarios, peak flow reductions increased during a decreased rainfall climate scenario,
indicating greater BMP efficiency. However, almost all of the peak flow reduction
changes were not statistically significant at the 0.05 level of significance (Table 4). When
detention ponds were implemented without any combined BMP implementations, the
peak flow reduction increased significantly when rainfall decreased by 10% and 20%.
The average peak flow reductions by detention ponds increased to 69.1 m3/s and 76.7
m3/s during the -10% and -20% rainfall climate scenarios, respectively, compared to the
average peak flow reduction of only 57.9 m3/s during the no climate change scenario.
When detention ponds were combined with other BMPs in the decreased rainfall climate
scenarios, the peak flow reduction still increased, but not significantly (Table 4). The
increased detention pond BMP efficiency is likely due to the increased capability of the
ponds to hold stormwater runoff in a decreased rainfall climate. These results indicate
that implementing detention ponds can reduce peak flows more effectively in a decreased
rainfall climate scenario compared to current climate conditions in the LPRW.
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Figure 2.7

Average peak flow reductions with BMPs during the rainfall change
scenarios.

Table 2.4

P-values from paired sample t-tests

Climate
scenarios
Rainfall +10%
Rainfall +20%
Rainfall -10%
Rainfall -20%
Temperature
+1°C
Temperature
+2°C
Temperature
+4°C
CO2 +50%
CO2 +100%
CO2 +150%

GWW

DTP

PTR

DTP +
GWW

PTR +
DTP

GWW +
PTR

0.0009
<0.0001
0.8851
0.3688
0.9473

0.0555
0.0022
0.0264
0.0051
0.9628

0.6633
0.2884
0.0689
0.0449
0.3302

<0.0001
<0.0001
0.1771
0.7479
0.7472

0.3827
0.3280
0.2365
0.1167
0.7695

0.0076
<0.0001
0.6048
0.1029
0.8657

GWW +
DTP +
PTR
<0.0001
<0.0001
0.5338
0.5674
0.5818

0.3163

0.0959

0.0167

0.0821

0.1168

0.1799

0.0477

0.7070

0.6102

0.5723

0.8537

0.8994

0.8239

0.3957

0.0136
0.0048
<0.0001

0.2508
0.1414
0.0004

0.2704
0.9094
0.4647

0.0007
<0.0001
<0.0001

0.0937
0.2288
0.0441

0.0306
0.0312
0.0002

0.0024
<0.0001
<0.0001

Paired sample t-tests comparing BMP peak flow reductions in a changing climate to
BMP peak flow reductions during the baseline climate condition. Shaded cells represent
p-values of less than 0.05, indicating a significant difference in peak flow reductions.
Generally, the temperature change climate scenarios caused no statistically
significant changes in BMP effectiveness to reduce peak flows (Figure 2.8 and Table
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2.4). The +1°C caused no noticeable change in peak flow reductions, while the +2°C and
+4°C climate change scenarios caused slight changes in peak flow reductions (Figure
2.8). The modeled peak flow reductions caused by BMPs was simply not sensitive to an
increase of temperature by +1°C. The +2°C temperature change caused the average peak
flow reduction to decrease slightly, with the lowest decrease by 2.61 m3/s for grassed
waterways and the highest decrease by 8.18 m3/s for parallel terraces (Figure 2.8). The
+4°C temperature change scenario actually caused even smaller decreases in peak flow
reduction than the +2°C temperature change scenario, with the lowest decrease by 0.53
m3/s and the highest decrease by 3.20 m3/s (Figure 2.8). These insignificant changes in
peak flow reductions during the temperature climate change scenarios are likely caused
by the increased evapotranspiration rates, which have been shown to cause a reduction in
surface runoff (Joh et al., 2011; Parajuli, 2010; Jha et al., 2006). A reduction in the
magnitude of surface runoff could alter the timing and peaks of streamflow that could
lead to slight changes in the performance of BMPs to mitigate peak streamflows. Overall,
these results indicate that increasing temperatures generally do not have a significant
effect on the effectiveness of BMPs to reduce peak streamflows.
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Figure 2.8

Average peak flow reductions with BMPs during the temperature change
scenarios

During the increased CO2 concentration climate scenarios, average peakflow
reductions by the BMPs decreased (Figure 2.9). The largest relative decreases in peak
flow reductions during the CO2 climate scenarios were found in the BMP
implementations that included grassed waterways (Figure 2.9). The average peak flow
reduction for the BMPs that included grassed waterways in the baseline climate scenario
ranged from 72.1 to 159.8 m3/s, while the average peak flow reductions for the BMPs
that included grassed waterways in the increasing CO2 climate ranged from 58.5 to 137.5
m3/s (Figure 2.9). From the paired sample t-tests, all the scenarios that included grassed
waterways during CO2 concentration increases had p-values of less than 0.05 (Table 2.4).
The peak flow reduction for the detention ponds BMPs significantly decreased during the
+150% CO2 scenario, while there were no significant decreases in peak flow reduction
during the +50% CO2 and +100% CO2 scenarios (Table 2.4). CO2 increases caused no
significant changes in peak flow reductions for the parallel terraces BMP implementation
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(Table 2.4). Overall, as the CO2 concentration increased in the watershed, the
effectiveness of the BMPs to mitigate peak streamflows generally decreased. The
decreased BMP effectiveness is likely due to the increased streamflows resulting from the
increased CO2 concentrations. This is consistent with past watershed modeling studies,
where it has been reported that increasing CO2 concentrations usually lead to increased
surface runoff and water yields (Wu et al., 2012; Ficklin et al., 2009; Jha et al., 2006;
Stonefelt et al., 2000). The increase in CO2 concentration has been shown to decrease
plant stomatal conductance, which can cause a decrease in the rate of transpiration and
plant water use efficiency (Chaplot, 2007; Wigley and Jones, 1985). The reduction in
transpiration would allow for more water to be available for surface runoff (Chaplot,
2007; Wigley and Jones, 1985). The increase in CO2 concentrations in the LPRW
seemed to have a significant effect on peak flows because over 70% of the watershed
consists of forest lands, wetlands, and grasslands, which could have a large impact on
evapotranspiration in the watershed. Therefore, the increased magnitude of peak
streamflows resulted in decreased effectiveness of the BMP implementation strategies
because of the higher velocity of surface runoff.
Overall, grassed waterways had the highest peak flow reduction, followed by
detention ponds, and then parallel terraces during the current and changing climate
scenarios. In every climate scenario, the combining of BMPs always yielded higher
peakflow reductions compared to individual BMP implementations. The results of this
study suggest that the effectiveness of BMPs to reduce peakflows in the future will likely
decrease significantly due to increased rainfall and increased CO2 concentrations.
However, increased rainfall amounts seem to have a larger effect on BMP peakflow
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reductions than increasing CO2 concentrations. The results also suggest that BMP
effectiveness to reduce peakflows will most likely not be affected significantly by
decreased rainfall or rising temperatures in future climate conditions. It must be
recognized that this study only analyzed the effect of each individual climate parameter
on the effectiveness of BMPs to reduce peakflow magnitudes. This study did not seek to
model BMPs in a future climate scenario where the precipitation, temperature, and CO2
concentrations are changed simultaneously. Instead, this study sought to explore the
interactions between the effectiveness of simulated BMPs and each individual climate
factor.

Figure 2.9

Average peak flow reductions with BMPs during the CO2 change
scenarios.

Conclusion
This study evaluated the performance of grassed waterways, detention ponds, and
parallel terraces to reduce peakflows under varying precipitation, temperature, and CO2
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concentrations in the LPRW using the SWAT model. The model demonstrated good to
very good performance (R² = 0.49 to 0.90 and NSE = 0.49 to 0.84) between the observed
and simulated daily streamflows at all 4 USGS gauge stations. The BMP implementation
strategies, which included grassed waterways, detention ponds, and parallel terraces,
were simulated in the LPRW to see any differences in reducing peakflows during a 10year period during current climate conditions and changing climate conditions.
This study found that grassed waterways had the highest peak flow reduction (8.4%), followed by detention ponds (-6.0%), and then parallel terraces (-3.1%) during the
baseline climate scenario. Combining the different BMPs yielded greater reduction in
average peak flow compared to implementing each BMP individually in both the current
and changing climate scenarios. This study also found that the effectiveness of BMPs to
reduce peakflows decreases significantly when increased rainfall or increased CO2
concentrations are introduced in the watershed model. The decreased effectiveness of the
BMPs was likely due to the increased streamflow magnitude caused by the increased
rainfall or increased CO2 concentration. When increasing temperatures or decreasing
rainfall is incorporated in the model, the peakflow reductions caused by BMPs generally
does not change significantly.
This study contributes useful information regarding the effect of potential climate
change, specifically changes in precipitation, temperature, and CO2 concentration, on the
effectiveness of BMPs to reduce peakflows at the watershed scale. The findings of this
study are especially useful for watershed managers and policy decision makers who are
tasked with implementing and maintaining BMP projects. It is recommended that future
research include an investigation of the effects of climate change on BMP effectiveness
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at the field scale. Such an investigation could provide valuable information on the
differences in BMP effectiveness at field scale and watershed scale in varying climate
conditions. Future watershed modeling studies should also consider the sensitivity and
uncertainty of BMPs to changes in climate to help watershed managers and policy
decision makers understand the risk and reliability of implementing BMPs and
maintaining BMPs in a changing climate.
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CHAPTER III
EVALUATING THE IMPACTS OF CROP ROTATIONS ON GROUNDWATER
STORAGE AND RECHARGE
Abstract
The Mississippi River Valley Alluvial Aquifer, which underlies the Big
Sunflower River Watershed (BSRW), is the most heavily used aquifer in Mississippi.
Because the aquifer is primarily used for irrigating crops such as corn, cotton, soybean,
and rice, the water levels have been declining rapidly over the past few decades. The
objectives of this study are to analyze the relationship and interactions between
evapotranspiration and groundwater recharge rates in the BSRW, and model the effects
of various crop rotation practices on groundwater storage and recharge.
The model performed well during the calibration period (R2= 0.53 to 0.68 and
NSE = 0.49 to 0.66) and validation period (R2= 0.55 to 0.75 and NSE = 0.49 to 0.72) for
daily streamflow, which was achieved by the SUFI-2 auto-calibration algorithm in the
SWAT-CUP package. The model also performed well in simulating seasonal water table
depth fluctuations during calibration (R2 = 0.76 and NSE = 0.71) and validation (R2 =
0.86 and NSE = 0.79). This study demonstrated a seasonal relationship between
evapotranspiration and groundwater storage and recharge in the BSRW SWAT model. In
general, groundwater storage decreased during the summer months while ET rates were
high, and increased during the winter and spring months when ET rates were low. The
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crop rotation scenarios that include rice planting resulted in the lowest groundwater
storage (down to -10.7%) compared to the baseline crop scenario, which is due to the
high irrigation rates of the rice crop. However, the rice crop rotations resulted in the
highest increases of groundwater recharge rates (up to +60.1%), likely because of the
response to the deficiency of groundwater needed for irrigation as well as the limited
water uptake by the rice crop. The crop rotations with corn and cotton resulted in the
largest increases in groundwater storage (up to +27.2%), which is the result of the low
irrigation rates as well as the short time period for irrigation applications. The results of
this study are expected to aid farmers and watershed managers to conserve groundwater
resources, but still maintain crop production.
Introduction
Research indicates that land use change is a prominent factor influencing the
amount and movement of water in the hydrologic cycle, namely runoff,
evapotranspiration, stream discharge, and groundwater flow (Batelis and Nalbantis, 2014;
Khanal and Parajuli, 2013; Wang et al., 2013). These hydrological changes can result
from alterations to surface roughness, soil characteristics, plant cover, and surface water
storage (Parajuli et al., 2013; Thanapakpawin et al., 2006; Tuppad et al., 2010; Wild and
Davis, 2009). While certain land use alteration strategies can alleviate the problems of
surface water and groundwater scarcity, they can also cause adverse effects on the
environment and exacerbate those problems (Foley et al., 2005; Lotze-Campen et al.,
2008). Especially in agricultural areas, groundwater sources tend to be over extracted
and exploited without any regard to employing any conservational or sustainable
management practices (Fereres and Soriano, 2007). It is estimated that global
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groundwater reserves are being depleted very rapidly to meet the irrigation demand for
crop production at a withdrawal rate of 545 cubic kilometers per year, and this rate is
expected to increase (Konikow, 2013; Siebert et al., 2010). Therefore, it becomes
necessary to employ sustainable management practices to conserve groundwater in these
areas while still maximizing crop production. Many field studies and modeling studies
have attempted to quantify the effects of changing land uses and soil characteristics on
groundwater storage and flows. The results of a land use comparison study showed that
groundwater recharge rates are much higher in an irrigated agricultural watershed (130640 mm/yr) than in a non-irrigated agricultural watershed (9-32 mm/yr) (Scanlon et al.,
2005). A study conducted in a watershed in Denmark found that converting grasslands to
forests had a very small effect on groundwater recharge, while increased CO2 caused
considerable additional groundwater recharge within the watershed (Roosmalen et al.,
2013). Huang et al. (2012) found that converting grassland to winter wheat over a 100year period reduced groundwater recharge rates by up to 50%, which was attributed to
the changes in evapotranspiration. A study that linked a vadose zone model and a
saturated groundwater model for a watershed in south-western Australia found that
recharge rates are higher in pasture land covers compared to areas with native vegetation
(Dawes et al., 2012).
While the aforementioned studies evaluated the effects of land use change on
groundwater flows, there are no studies specifically addressing the impacts of crop
rotation practices on groundwater storage and recharge. This study will utilize the Soil
and Water Assessment Tool (SWAT) to quantify the effects of crop rotations on
groundwater storage and recharge.
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In the past, SWAT has been used to calibrate and validate watershed models using
groundwater table depths. However, it should be noted that the current version of SWAT
does not print groundwater table depths, which makes verifying SWAT groundwater
outputs somewhat challenging. For example, Vazquez-Amabile and Engel (2004)
attempted to calibrate their watershed model with observed groundwater table depths
using SWAT for three different soil types. They had to compute water table depths by
using the soil input data and SWAT soil water output to predict fluctuations in the
shallow aquifer, which is based on the DRAINMOD model. While their model
performed fairly well (R2= 0.46 to 0.88 and Nash-Sutcliffe Efficiency (NSE) = -0.74 to
0.61), it did not accurately capture the monthly variation of groundwater table depth
within the watershed. In subsequent studies conducted by Moriasi et al. (2009) and
Moriasi et al. (2011), a modified DRAINMOD approach was used to model water table
depths based on the outputs of the SWAT model. This modified approach differs from
the study conducted by Vazquez-Amabile and Engel (2004) in how the drainage volume
is calculated and how the drainage volume is related to the water table depths (Moriasi et
al., 2009). The authors reported that the DRAINMOD approach yielded better results
than other water table depth algorithms used in SWAT, which are the SWAT-M and
SWAT2005 approaches (Moriasi et al., 2009). Other SWAT groundwater modeling
studies have integrated the SWAT model with MODFLOW, which is a distributed
modular finite-difference groundwater flow model that is capable of simulating water
table depths at the cell scale (Galbiati et al., 2006; Kim et al., 2008; Narula and Gosain,
2013; Perkins and Sophocleous, 1999; Sophocleous and Perkins, 2000). Typically, the
integration process of SWAT and MODFLOW involves the SWAT calculated
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groundwater recharge rates at the Hydrologic Response Unit (HRU) level being
converted to the cell level, which is subsequently used as an input in MODFLOW (Kim
et al., 2008). The MODFLOW model is then able to calculate groundwater related
outputs such as water table depth, river-groundwater fluxes, and groundwater
evapotranspiration (Kim et al., 2008). However, this integrative modeling method relies
heavily on the HRU level groundwater recharge outputs from the SWAT model, which
do not have any spatial location due to the nature of the construction of HRUs. Also,
converting groundwater recharge rates at the HRU level to the cell level may not be
feasible at the watershed scale due to expensive computational requirements. In another
SWAT groundwater modeling study, it was possible to only use SWAT to calibrate and
validate a model for changes in water table depths (Jayakody et al., 2013). This was
accomplished by calculating evapotranspiration, percolation, and groundwater discharge
to develop an empirical relationship with water table fluctuations that was able to predict
64% of the water table variation (Jayakody et al., 2013).
For this groundwater modeling study, SWAT was used to calibrate and validate a
watershed scale model by comparing simulated seasonal variations of water table depths
averaged at the sub-basin level to observed changes in water table depths. The objectives
of this study are to (1) develop a calibrated and validated model using SWAT for
streamflow and groundwater table depths in the Big Sunflower River Watershed
(BSRW), (2) analyze the relationship and trends between evapotranspiration and
groundwater recharge rates and (3) estimate the effects of various crop rotation practices
on groundwater storage and recharge.
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Methods
Watershed Description
The BSRW is located in north-western Mississippi in an area of the lower
Mississippi River alluvial plain known locally as the Delta (Figure 3.1). The watershed
covers 10,488 km2 and contains heavy agricultural production for corn, soybean, cotton,
and rice crops, which make up over 80% of the land use in the watershed (Parajuli et al.,
2013). The BSRW has very little topographic relief and is bordered by the Mississippi
River levee on the western boundary and the Bluff Hills on the eastern boundary (Coupe
et al., 2012). The watershed contains mostly Alligator, Sharkey, Dowling, Forestdale,
and Dundee soils, which have high clay and silt content (Table 3.1). These soils account
for over 90% of the soil types in the watershed and are classified as NRCS hydrologic
soil groups C and D, which allow for high runoff potential (Table 3.1).
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Figure 3.1

Map of BSRW
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Table 3.1

BSRW soils

Soil name
Alligator
Sharkey
Dowling
Forestdale
Dundee
Commerce
Tensas
Dubbs
Brittain
Tunica
Water
Bosket (dubbs)
Pearson
Marsh
Bosket (askew)
No name
Beulah

Percentage of
watershed area
28.36%
23.80%
17.24%
14.79%
8.83%
1.69%
1.11%
0.83%
0.82%
0.81%
0.42%
0.41%
0.33%
0.26%
0.21%
0.11%
0.00%

Hydrologic
soil group
D
D
D
D
C
C
D
B
D
D
D
B
C
B
C
B
B

Clay content
(%)
57.74
64.02
61.75
32.85
23.60
27.10
39.00
18.83
32.00
42.83
N/A
18.83
23.17
31.00
20.50
31.00
9.83

Silt content
(%)
35.97
29.38
30.55
52.95
54.58
54.65
45.17
46.30
52.97
33.42
N/A
44.90
58.37
33.60
36.27
33.60
20.40

Sand content
(%)
6.30
6.60
7.70
14.21
21.82
18.25
15.83
34.87
15.03
23.75
N/A
36.27
18.47
35.40
43.23
35.40
69.77

Because of the low permeability of the soils, only small amounts of rainfall are
allowed to seep through the soil horizons into the underlying Mississippi River Valley
Alluvial Aquifer (MRVAA), which is the main source of irrigation for the watershed
(Arthur, 2001). The MRVAA consists of mainly sand and gravel material from the
Quaternary age that generally reside around the center of the Mississippi River alluvium
where the aquifer is at its thickest (Arthur, 2001). The underlying aquifers in the BSRW
consist of the Forest Hill Formation, Cockfield Formation, and Sparta Sand aquifers,
where the sediments of these aquifers consist of unconsolidated sand and clay beds of
different thicknesses (Arthur, 2001). In the areas where clay beds of the underlying
aquifers are in contact with the MRVAA, the hydraulic connection is weak or nonexistent (Arthur, 2001). Conversely, in areas where the underlying sand beds are in
contact with the MRVAA, there is usually a strong hydraulic connection (Arthur, 2001).
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Groundwater in the MRVAA tends to flow southward where it follows the
direction of the north to south slope of the alluvial plain, and it also flows laterally toward
the Big Sunflower River which cuts through the center of the BSRW. The water table
levels tend to be lowest in the center of the BSRW where the heaviest groundwater
extraction occurs (Barlow and Clark, 2012). The water levels throughout the watershed
are typically highest during the early spring season right before the growing season
begins, and are lowest during the early fall. The observed average, minimum, and
maximum spring and fall water table depths are shown in Figure 3.2.
The MRVAA is capable of providing well yields of over 0.126 m³/s for irrigation
use, and the storage of the alluvial aquifer has been depleting at an exponential rate since
the 1970's (Arthur, 2001; Clark and Hart, 2009; Konikow, 2013). As of March 2014,
there have been almost 22,000 groundwater use permits issued within the Delta region,
and they account for more than 80% of all issued groundwater use permits in the state of
Mississippi. The extraction of groundwater for irrigation in the Mississippi Delta has
gone beyond recharge rates needed to refill the aquifer, thus proving to be unsustainable
over time.
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Figure 3.2

Observed water table depths in the BSRW

SWAT model description
SWAT is a semi-distributed watershed scale model that predicts the impacts of
climate change and management decisions on water and pollutant yields from large
watersheds (Arnold et al., 1998). The watershed modeling tool delineates the watershed
into sub-basins, which is then further divided into Hydrological Response Units (HRUs).
Each HRU consists of a unique combination of land use, soil, and slope. The user can
customize each HRU to contain specific management practices as well as various
parameters that govern surface water movement, groundwater movement, erosion
processes, and pollutant transport (Neitsh et al., 2011). The water budget is calculated at
the HRU level, which consists of precipitation, surface runoff, evapotranspiration,
infiltration, and groundwater recharge (Neitsch et al., 2011). For this study, ArcSWAT
2012 was used to develop the BSRW model, which is an ArcGIS extension and graphical
user input interface.
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SWAT has two main reserves for groundwater storage, which are the shallow
aquifer and the deep aquifer (Neitsch et al., 2011). In the model, the shallow aquifer is
unconfined and the deep aquifer is confined. Water that enters the shallow aquifer from
the top soil layers can either contribute to baseflow or percolate to the deep aquifer.
Water stored in the shallow aquifer can also move upward to the overlying unsaturated
zone by either evaporation or plant root uptake, which is termed in the SWAT model as
“revap”. Water in the shallow and deep aquifers can also be removed via groundwater
pumping used for irrigation. The overall equation used to calculate the storage of
groundwater in the shallow aquifer during each time step is presented in equation 3.1:
𝑎𝑞𝑠ℎ,𝑖 = 𝑎𝑞𝑠ℎ,𝑖−1 + 𝑤𝑟𝑐ℎ𝑟𝑔,𝑠ℎ − 𝑄𝑔𝑤 − 𝑤𝑟𝑒𝑣𝑎𝑝 − 𝑤𝑝𝑢𝑚𝑝,𝑠ℎ

(3.1)

where 𝑎𝑞𝑠ℎ,𝑖 is the amount of water stored in the shallow aquifer on day i (mm),
𝑎𝑞𝑠ℎ,𝑖−1 is the amount of water stored in the shallow aquifer on day i-1 (mm), 𝑤𝑟𝑐ℎ𝑟𝑔,𝑠ℎ
is the amount of recharge entering the shallow aquifer on day i (mm), 𝑄𝑔𝑤 is the amount
of baseflow entering the main channel on day i (mm), 𝑤𝑟𝑒𝑣𝑎𝑝 is the amount of revap
moving into the soil zone on day i (mm), and 𝑤𝑝𝑢𝑚𝑝,𝑠ℎ is the amount of water removed
from the shallow aquifer for consumption on day i (mm) (Neitsch et al., 2011).
Model inputs
A 10m by 10m Digital Elevation Model (DEM) was downloaded from United
States Geological Survey (USGS) and used to delineate the BSRW into 32 sub-basins.
The land use data were obtained from the USDA National Agricultural Statistics Service
(NASS) in the form of a 30m X 30m cropland data layer. The soils data were obtained
from the Soil Survey Geographic (SSURGO) database from the Natural Resources
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Conservation Service (NRCS) in the form of a 30m X 30m raster layer. The cropland
data layer and SSURGO raster dataset were used to divide the BSRW model sub-basins
into 2209 HRUs.
After the HRU generation, the climate data were incorporated in the model from
various weather stations. Daily precipitation and temperature data were obtained from
the USDA climatic database where the data was preformatted to use in SWAT. These
climate data were derived from the National Oceanic and Atmospheric Administration
(NOAA) which includes the Cooperative Observer Network and Weather Bureau Army
Navy (WBAN) stations. The daily precipitation and temperature data from 1980 to 2010
from 11 weather stations were used from the USDA climate database. Daily solar
radiation and relative humidity data obtained from the Stoneville Experiment Station at
the Delta Research and Extension Center were also used as climate inputs in the model.
However, the solar radiation and relative humidity data from the Stoneville Experiment
Station were only available from the year 1996 to 2010. While SWAT does have a builtin weather generator to generate the missing values for solar radiation and relative
humidity from 1980 to 1996, only the climate data starting from 1996 were included. In
this way, the model can be simulated consistently without any potential differences or
biases as a result of discrepancies in observed and generated solar radiation and relative
humidity values. Planting and harvesting dates as well as irrigation rates in the BSRW
were incorporated in the model (Table 3.2). The planting and harvesting dates were
based on the USDA-NASS "Usual Planting and Harvesting Dates for U.S. Field Crops"
for corn, soybean, cotton, and rice crops in Mississippi (USDA, 1997). The midpoint
between the beginning date and final date during the most active planting and harvesting
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periods were used as the planting and harvesting dates in the model. Irrigation data were
obtained from the Yazoo Mississippi Delta (YMD) Joint Water Management District at
the monthly scale during the growing seasons (Table 3.2) (YMD, 2010). The monthly
irrigation rates used in the model for corn, soybean, cotton, and rice were based on the 9
year average from 2002 to 2010 recorded by YMD Joint Water Management District.
Because the irrigation rates are at the monthly scale, irrigation practices were simulated
only once per month during the growing season.
Table 3.2

Planting, harvesting, and irrigation rates used in the BSRW model

Crop type

Planting date

Harvesting date

Irrigation amounts
May: 30 mm
Soybean
May 11th
October 6th
June: 122 mm
July: 91 mm
August 91 mm
May: 61 mm
Corn
April 11th
September 9th
June: 122 mm
July: 61 mm
June: 61 mm
Cotton
May 7th
October 12th
July: 91 mm
August: 30 mm
May: 305 mm
st
th
Rice
May 1
September 26
June: 366 mm
July: 336 mm
August: 30 mm
Planting and harvesting dates were obtained from the USDA “Usual planting and
harvesting dates for US field crops” and the irrigation amounts were obtained from the
YMD water management district.
Model calibration and validation procedures
Calibration and validation were conducted to assess the watershed model's
performance in simulating streamflow with reasonable accuracy. The model was
calibrated from 1/1/2003 to 12/31/2006 and validated from 1/1/2007 to 12/31/2009 using
USGS daily streamflow data. These observed streamflow data were obtained from 3
60

USGS gauge stations near the towns of Merigold (USGS 07288280), Sunflower (USGS
07288500), and Leland (USGS 07288500) (Figure 2.1). An auto-calibration technique
was employed in this study to find a good input parameter set that allowed satisfactory
model performance in simulating streamflow. The Sequential Uncertainty Fitting (SUFI2) algorithm, which is one of the auto-calibration programs included in the SWAT
Calibration and Uncertainty Procedures (SWAT-CUP) package, was used to find the best
input parameter set to optimize the objective function. The objective function to optimize
during calibration was the Nash-Sutcliffe Efficiency (NSE). The SUFI-2 program takes
sources of uncertainty into account by computing r-factors and p-factors. The p-factor is
the percentage of measured data in the 95% prediction uncertainty (95PPU) obtained
through Latin Hypercube sampling, which can range from 0 to 1, where a p-factor of 1
indicating a perfect fit between observed and simulated data (Abbaspour, 2013). The rfactor is simply the average width of the 95PPU band divided by the standard deviation
of the measured data, and this value can range from 0 to infinity (Abbaspour, 2013).
The calibration procedure required changing 12 hydrological parameters to
optimize the objective function in the SUFI-2 program, which are listed in Table 3.3.
These 12 hydrological parameters are the Soil Conservation Service (SCS) curve number
(CN2), the Manning's roughness coefficient for the main channel (CH_N2), surface
runoff lag time (SURLAG), saturated hydraulic conductivity of the soil layers (mm/hr)
(SOL_K), the available water capacity of the soil layer (mm H2O/ mm soil)
(SOL_AWC), the baseflow alpha factor (1/days) (ALPHA_BF), the groundwater delay
time (days) (GW_DELAY), the groundwater revap coefficient (GW_REVAP), the
threshold depth of water in the shallow aquifer for “revap” or percolation to the deep
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aquifer to occur (mm) (REVAPMN), the threshold depth of water in the shallow aquifer
for baseflow to occur (mm) (GWQMN), the soil evaporation compensation factor
(ESCO), and the plant uptake compensation factor (EPCO). More information on these
parameters can be found in the SWAT model documentation (Neitsch et al., 2011).
These parameters were chosen because they tend to be the most commonly adjusted
parameters when calibrating the SWAT model for streamflow (Arnold et al., 2012;
Gassman et al., 2007). Out of all the SWAT parameters to adjust for calibration, these
are likely to affect the streamflow outputs the most in this particular watershed compared
to other parameters that affect processes not dominant in the watershed such as snowmelt
or forest canopy interception. The sampling ranges listed in Table 3.3 for these 12
parameters were also based on previous research using the SWAT model to calibrate for
streamflow (Arnold et al., 2012; Gassman et al., 2007)
The model was simulated 1300 times to find the final values of the input
parameters that yielded good statistics, namely the R², NSE, and root mean square error
(RMSE) statistics. A sensitivity analysis was also conducted to provide insight into
which parameters had the largest effect on the simulated streamflow. Table 3.3 also lists
the sensitivity ranking of those parameters by computing and comparing t-statistics and
p-values. The t-statistic simply provides the measure of sensitivity and the p-value
provides the significance of that sensitivity assessment. Thus, a high t-statistic value and
low p-value indicate that the input has a large effect on the change in the model output.
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Table 3.3

Hydrological parameters used in the sensitivity analysis and autocalibration

Parameter Name
Minimum Maximum Fitted Value t-stat
p-value
V_CH_N2.rte
0.014
0.30
0.25
40.71
<0.001
R_CN2.mgt
-10%
+10%
-1.7%
-12.07 <0.001
V_SURLAG.bsn
1
12
1.39
-9.71
<0.001
R_SOL_K.sol
-10%
+10%
-6.8%
2.21
0.03
A_GWQMN.gw
1
1000
929
1.70
0.09
A_GW_DELAY.gw
2
45
6.31
1.47
0.14
R_REVAPMN.gw
1
400
79.4
-1.25
0.21
A_GW_REVAP.gw
0.02
0.20
0.17
1.07
0.29
V_ESCO.hru
0.40
0.90
0.44
-0.76
0.45
R_SOL_AWC.sol
-10%
+10%
9.8%
0.32
0.75
V_EPCO.hru
0.10
0.90
0.71
-0.16
0.87
V_ALPHA_BF.gw
0.20
0.90
0.66
-0.02
0.98
Note: V__ means the existing parameter value is to be replaced by the given value, A__
means the given value is added to the existing parameter value, and R__ means the
existing parameter value is multiplied by (100% plus the value). Detailed description of
each parameter can be found in the SWAT documentation (Neitsch et al., 2012).
In addition to streamflow, the model was also calibrated and validated for changes
in water table depths at the seasonal scale. The observed water table depth data was
obtained from YMD Management District in the form of a shapefile containing the
recorded depth measurements at hundreds of wells throughout the watershed between the
years 1989 and 2010. However, the YMD Management District only records the water
table depths twice a year; once during the spring right before the growing season in the
beginning of April and once following the end of the growing season in the beginning of
October in the Mississippi Delta. To resolve this issue, a spatial calibration and
validation technique was employed in this study to match simulated changes in water
table depths with observed changes in water table depths at the seasonal scale. The
spring and fall observed depths were spatially averaged at sub-basin 9 and also spatially
averaged at sub-basin 25 (Figure 3.3). The averaged water table depth values were used
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to calibrate and validate the model based on those two sub-basins, where sub-basin 9 was
considered as the calibration area and sub-basin 25 as the validation area. The
implementation of this spatial averaging technique is necessary to calibrate and validate
the model for water table depths because groundwater outputs are printed at the HRU
level, which do not have any spatial information. To resolve this issue, the simulated
groundwater outputs were averaged at the sub-basin level. These two sub-basins were
chosen because there is very little spatial variation in recorded water table depths within
each of the sub-basins, and they also contain consistent observed seasonal water table
depth data from 1996 to 2010. Sub-basin 9 was an area of particular interest due to the
"cone of depression" found in that area of the Mississippi Delta where land subsidence is
occurring due to the over-extraction of groundwater for irrigation (Barlow and Clark,
2012).
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Figure 3.3

Observed water table depths at sub-basins 9 and 25

Note: These are used to calibrate and validate the model for water table depths at the
BSRW
Because the SWAT model does not print water table depths in the outputs, the
changes in the water table depth between spring and fall were calculated based on the
changes in water storage in the shallow aquifer. The simulated water table depth changes
were obtained by multiplying the specific yield by the change in water storage in the
shallow aquifer. The specific yield is simply the ratio of the volume of water that drains
from a soil due to gravity to the volume of aquifer material. Therefore, the rise or decline
of the water table is equal to the drainage volume, or change in water storage, divided by
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the specific yield. It should be noted that while the specific yield parameter is included in
SWAT, it is currently not an active variable used in the SWAT source code. Therefore,
the specific yield parameter was altered separately using the Solver tool in Microsoft
Excel to obtain the optimal specific yield value that yielded the highest performance
statistics, which are described below.
The accuracy of the model was assessed based on the R2, NSE, and RMSE
statistics. The R² describes the proportion of variation in measured data that can be
explained by the modeled data (Moriasi et al., 2007). The NSE describes how well the
plot of observed data versus the modeled data fits the 1:1 line (Moriasi et al., 2007). The
NSE index is a good indicator of the accuracy of the model output compared to the model
input because of the index's sensitivity to extreme values in the output. The RMSE is an
error index that indicates error in the squared units of the variable of interest (Moriasi et
al., 2007). An RMSE of 0 indicates that there is a perfect fit between observed data and
modeled data.
Model analysis and scenarios
Because previous research has demonstrated strong relationships between ET and
groundwater (Ajami et al., 2011; Jayakody et al., 2013; Nachabe et al., 2005; Pandey et
al., 1997), the BSRW model was analyzed to see any hydrological connections between
the two hydrological parameters. The model was also simulated under 10 crop rotation
scenarios, which are a combination of the four dominant crop types of corn, soybean,
cotton, and rice. These scenarios include continuous corn, continuous soybean,
continuous cotton, continuous rice, corn after cotton, corn after rice, corn after soybean,
soybean after cotton, soybean after rice, and cotton after rice. The model scenarios were
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compared to the baseline to see any changes in groundwater storage and recharge that
resulted from land use changes. The baseline land use condition was assumed to be the
2013 land use cover since it is impossible to capture the actual crop rotations occurring in
the watershed over a long time period with reasonable accuracy. Paired two-sample ttests were conducted to see if the changes in groundwater recharge and storage were
significant at the 0.05 level of significance. The paired samples for the t-test consisted of
the baseline scenario with a crop rotation scenario. The null hypothesis considers that
there is no significant change in groundwater storage or recharge and the alternative
hypothesis considers that there is a significant change in groundwater storage or recharge.
Results and Discussion
Model calibration and validation
The top five most sensitive parameters to streamflow with a p-value of less than
0.1 are Ch_N2, CN2, SURLAG, SOL_K, and GWQMN (Table 3.3). The CH_N2, CN2,
and SURLAG parameters were the most sensitive because they dictate the amount and
rate of surface runoff, which directly impacts the streamflow in the watershed. The final
value chosen for CH_N2 is 0.25, which indicates that the channels are lined with rough
surfaces such as dense brushes and vegetation. The final value for CN2 was changed to 1.72% of the default CN2 estimate used in the uncalibrated model. The final SURLAG
value was 1.39 days, indicating a fast response time for overland flow to reach the main
channels. The high sensitivity of the SOL_K and GWQMN indicate that streamflow is
also heavily influenced by the movement of water in the subsurface and underground
aquifer. SOL_K was changed to -6.8% of the original uncalibrated values and GWQMN
was changed to 928.9 mm. The high value of GWQMN implies that the underground
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aquifer is unable to provide baseflow during periods of low aquifer storage and recharge.
The low rates or absence of baseflow in the river channels of the BSRW usually occurs
during the growing season when groundwater reserves are used for crop irrigation.
The model was calibrated for daily streamflow during a 4-year period from
1/1/2003 to 12/31/2006 and validated during a 3-year period from 1/1/2007 to 12/31/2009
at 3 USGS gage stations (Figure 3.4). The R², NSE, RMSE, p-factors, and r-factors
indicated that the model performed well in simulating streamflow and most of the
peakflows were captured in the model (Table 3.4). During calibration, the R² values
ranged from 0.53 to 0.68 and the NSE values ranged from 0.49 to 0.66, and during
validation, the R² values ranged from 0.55 to 0.75 and the NSE values ranged from 0.49
to 0.72. These model evaluation statistics are consistent with previous SWAT modeling
studies that use R² and NSE to evaluate the performance of the model during calibration
and validation (Gassman et al., 2007). The p-factors ranged from 0.80 to 0.87 and the rfactors ranged from 1.28 to 1.35, which was based on the number of simulations
bracketed by the 95 PPU band. It is evident that most of the 1300 simulations fell within
the 95 PPU, indicating that the uncertainty in modeling streamflow was low. However,
the thickness of the 95 PPU increased drastically when the model was simulating
peakflows at all three gauges, which indicates a high degree of uncertainty when SWAT
simulates peakflows. This also further explains why the SWAT model generally tends to
underestimate high streamflows and overestimate low streamflows (Gassman et al., 2007;
Jeong et al., 2010, Wu et al., 2012).
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Figure 3.4

Observed vs. simulated daily streamflows during calibration and validation

Note: The top, middle, and bottom hydrographs are for the Merigold, Sunflower, and
Leland USGS gauge stations, respectively. The calibration period is from 2003 to 2006
and the validation period is from 2007 to 2009.
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Table 3.4

Model performance statistics for daily streamflow simulation
Station

Calibration
NSE
RMSE
Merigold
0.49
24.7
Sunflower
0.59
27.2
Leland
0.66
22.2
Validation
R2
NSE
RMSE
Merigold
0.55
0.49
21.4
Sunflower
0.64
0.63
23.2
Leland
0.75
0.72
19.4
Uncertainty
p-factor
r-factor
Merigold
0.83
1.28
Sunflower
0.80
1.31
Leland
0.87
1.35
Note: R2 is the coefficient of determination, NSE is the Nash-Sutcliffe Efficiency, and
RMSE is the root mean square error, p-factor is the percentage of measured data in the
95% prediction uncertainty (95PPU), and the r-factor is the average width of the 95PPU
band divided by the standard deviation of the observed data.
R2
0.53
0.60
0.68

The model was also calibrated and validated for water table depth fluctuations at
sub-basin 9 and sub-basin 25 (Figure 3.5). The calibrated value for specific yield was
found to be 0.26, which resulted in an R² of 0.76 and NSE of 0.71 during calibration
(sub-basin 9) and R² of 0.86 and NSE of 0.79 during validation (sub-basin 25) (Figure
3.5). The model did not perform as well in sub-basin 9, most likely due to the rapid rate
of groundwater depletion in the "cone of depression" (Barlow and Clark, 2012). A
specific yield of 0.26 is close to the 0.32 specific yield value chosen in previous
groundwater modeling studies conducted in the Mississippi Delta region (Arthur, 2001;
Barlow and Clark, 2012). It should be noted that this groundwater calibration process
involved averaging water table depths over a large area, which reduces the spatial
variation that can be captured by the model. However, this spatial averaging technique at
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the sub-basin level was necessary because the water table depths can only be simulated in
SWAT at the HRU level, which does not have spatial information. Overall, the model
performed well in simulating seasonal changes in groundwater table depths at the
watershed scale.

Figure 3.5

Observed and simulated water table depth changes

Note: a.) is the calibration sub-basin and b.) is the validation sub-basin
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ET and groundwater interactions
Before comparing the crop rotation scenarios, the baseline scenario was simulated
at the monthly scale from 1996 to 2010 to compare the interactions of ET and
groundwater within the watershed. In general, groundwater recharge rates are high
during the spring months and low during the fall months (Figure 3.6). The increases in
groundwater recharge rates are due to the higher rainfall magnitudes that occur during the
spring season that lead to increases in infiltration and percolation rates, as well as water
contribution from the deep aquifer in the model. From Figure 3.6, groundwater recharge
start to increase rapidly in the spring seasons following the heavy precipitation events
occurring in the winter seasons. However, during the summer and fall months, the
alluvial aquifer does not receive much groundwater recharge, which is a result of the
irrigation rates and the high transpiration rates during the growing season. Average
monthly groundwater storage decreases during the summer while average monthly ET
rates are high, and increases during the winter and spring when ET rates are low (Figure
3.7). For example, during the months of June and July, the average monthly ET rates
reached their yearly peak of 97 mm/month. These two months also experienced the
largest depletion in groundwater storage by 17% for June and by 14.4% for July. In
contrast, ET rates were lowest at 13.9 mm/month during December and 16.5 mm/month
during January, while the average groundwater storage increased by 11.8% during
December and 8.3% during January. Essentially, the alluvial aquifer is recharged during
the winter and spring, and is depleted during the summer when irrigation occurs during
the growing season and ET rates are high. While decreases in groundwater storage are
primarily due to irrigation, groundwater storage is also lost to revap, which is dependent
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on ET rates. Most of the groundwater in the watershed that is lost to revap typically
occurs in the months of May, June, and July, where 48% of the total annual revap takes
place. Overall, ET rates played a significant role in simulating groundwater storage and
groundwater recharge in the BSRW model.

Figure 3.6

Average precipitation (PRECIP), evapotranspiration (ET), and groundwater
recharge (GW_RCHG) simulation.

Figure 3.7

Average monthly shallow aquifer storage (SA_ST) and evapotranspiration
(ET) from 1996 to 2010.

It should be noted that the scheduled irrigation in the model does not necessarily
reflect the actual irrigation applications practiced by farmers in the BSRW from year to
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year. It has been reported that the farmers in the Mississippi Delta irrigate based
primarily on plant observation, which may lead the farmers to either under irrigate or
over irrigate their crops (Jayakody et al., 2013). This can cause considerable spatial and
temporal variations of irrigation practices throughout the watershed, especially when
considering varying weather conditions. However, it is not realistic or feasible to
accurately simulate these varying irrigation applications at the watershed scale. Instead,
the monthly average irrigation rates that have been reported by the YMD water
management district were included. Including these irrigation data in the model yielded
reasonable and plausible groundwater results at the monthly scale that corresponded well
with ET rates from the watershed model.
Groundwater storage and recharge
The groundwater outputs of the crop rotation scenarios were analyzed to see any
significant differences in average monthly groundwater recharge and storage. The model
was simulated from 1996 to 2010 for each scenario, and the results of the simulations are
listed in Figure 3.8. Paired two-sample t-tests were conducted to see if the changes in
groundwater recharge and storage were significant at the 0.05 level of significance (Table
3.5 and Table 3.6).
Out of all the scenario simulations, continuous rice rotation leads to the greatest
rates of monthly groundwater recharge (+60.1%), followed by soybean after rice
(+28.1%), corn after rice (+27.7), and cotton after rice crop rotations (+19.6%) (Table
3.5). Continuous cotton rotation leads to the highest decreases in average monthly
groundwater recharge (-17.7%), followed by corn after cotton (-10.7%), and soybean
after cotton (-9.3%) (Table 3.5). The continuous soybean and corn after soybean crop
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rotations did not have a significant effect on groundwater recharge outputs in the model
(Table 3.5). Most of the simulated crop rotation practices also had a significant effect on
the average monthly groundwater storage in the shallow aquifer. The continuous corn
crop rotation resulted in the largest increases in groundwater storage (+27.2%), followed
by corn after cotton (+22.3%), corn after soybean (+13.3%), and continuous cotton crop
rotations (+9.7%) (Table 3.6). Compared to baseline crop rotation, the continuous rice
crop rotation resulted in the highest depletion in groundwater storage (-10.7%), followed
by soybean after rice (-9.2%), and continuous soybean rotations (-9.0%) (Table 3.6). The
soybean after cotton crop rotation scenario did not have a significant effect on the
groundwater storage in the shallow aquifer (Table 3.6).
The results of the crop rotation scenarios indicated that the type of crop planted in
the watershed does have a potential impact on groundwater storage and recharge. All of
the simulated crop rotations had varying irrigation rates, which are pumped from the
alluvial aquifers. The irrigation rates caused the aquifer to respond to groundwater
depletion in different ways. For example, continuous rice crop rotation caused the largest
depletion of groundwater in the watershed due to the high irrigation rates (Table 3.2),
which resulted in the highest rates of recharge. The high rates of groundwater recharge
occurred in response to the deficiency of groundwater needed for irrigation. More water
was allowed to recharge the aquifer under rice planting scenarios because of the shallow
rooting depth of the rice crop compared to other crops, which allowed for low revap rates
due to low plant root uptake during the simulation. On the other hand, the lowest
recharge rates occurred during cotton planting scenarios, likely due to the deep roots of
the cotton plants, which increased groundwater revap rates in the watershed. The
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continuous soybean and corn after soybean crop rotation scenarios had no significant
effect on the groundwater recharge, which is to be expected because those are currently
the most common crop rotation practices occurring in the watershed.
The corn crops caused the largest increases in shallow aquifer storage, which is
likely due to the short time period for irrigation applications (Figure 3.8). Cotton
planting caused increases in groundwater storage as well, which is also the result of low
irrigation rates. These results indicate that farmers and watershed managers in the BSRW
should consider implementing crop rotations containing corn and cotton. Over a long
period of time (>20 years), implementing these crop rotations should result in an increase
in groundwater storage in the alluvial aquifer.
Alternatively, the rice planting scenarios resulted in the lowest groundwater
storage in the alluvial aquifer, which is the result of the significantly higher irrigation
rates compared to other crops. However, the rice crop scenarios resulted in the largest
rates of groundwater recharge. This is interesting because while rice planting scenarios
resulted in the highest rates of groundwater recharge, it was not enough to fill the shallow
aquifer compared to the baseline scenario or other crop rotation scenarios. Therefore,
crop rotations with rice planting should not be implemented very often in the watershed
to allow groundwater storage to increase.
It should be noted that none of the crop rotation scenarios resulted in any
significant change in evapotranspiration in the watershed. This is mostly likely the result
of all the corn, cotton, rice, and soybean crops having similar transpiration rates. The
change in the amount of groundwater storage was not due to the amount of baseflow in
the watershed, because the threshold depth of water in the shallow aquifer for baseflow to
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occur (GWQMN) was set at a high value (928.9 mm) during model calibration. The
storage in the shallow aquifer almost never reached 928.9 mm, so baseflow in the
watershed was rare, which is in conformity with the actual physical response of the
watershed (Coupe et al., 2012). The crop rotation scenarios resulted in significant
changes in groundwater revap rates, which are a result of the varying plant root depths
and soil evaporation rates. The changes in groundwater revap and pumping caused most
of the groundwater responses in the different crop rotation simulations.

Figure 3.8

Simulated average groundwater recharge and storage for each crop rotation
scenario

Note: Average monthly groundwater recharge and storage results from each scenario are
calculated from 1996 to 2010
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Table 3.5

Percent changes in monthly groundwater recharge

Scenario
% change
t-value
p-value
Continuous corn
-5.0
7.6
<0.01
Continuous cotton
-17.7
12.9
<0.01
Continuous rice
+60.1
-9.4
<0.01
Continuous soybean
-0.2
0.31
0.76
Corn after cotton
-10.7
9.3
<0.01
Corn after rice
27.7
-5.4
<0.01
Corn after soybean
-0.6
0.85
0.40
Soybean after cotton
-9.3
7.6
<0.01
Soybean after rice
+28.1
-5.7
<0.01
Cotton after rice
+19.6
-3.7
<0.01
Percent changes in average monthly groundwater recharge for each crop rotation scenario
are relative to the baseline scenario in the watershed. Paired two-sample t-tests were
conducted to see if the changes were significant at the 0.05 level of significance.
Table 3.6

Percent changes in groundwater storage in the shallow aquifer

Scenario
% change
t-value
p-value
Continuous corn
+27.2
-22.6
<0.01
Continuous cotton
+9.7
-14.5
<0.01
Continuous rice
-10.7
7.3
<0.01
Continuous soybean -9.0
22.6
<0.01
Corn after cotton
+22.3
-19.9
<0.01
Corn after rice
+5.5
-5.7
<0.01
Corn after soybean
+13.3
-17.1
<0.01
Soybean after cotton -0.1
0.2
0.85
Soybean after rice
-9.2
8.6
<0.01
Cotton after rice
-2.6
2.3
0.03
The percent changes in average groundwater storage in the shallow aquifer for each crop
rotation scenario are relative to the baseline scenario in the watershed. Paired two-sample
t-tests were conducted to see if the changes were significant at the 0.05 level of
significance.
Conclusion
This study was conducted to develop a calibrated and validated model using
SWAT for streamflow and water table depths in a humid sub-tropical climate watershed
in northwestern Mississippi. The model was used to simulate any relationships between
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evapotranspiration and groundwater as well as simulate the effects of crop rotation
strategies on groundwater storage and recharge.
The model performed well during the calibration period (R2= 0.53 to 0.68 and
NSE = 0.49 to 0.66) and validation period (R2= 0.55 to 0.75 and NSE = 0.49 to 0.72) for
daily streamflow, which was achieved by the SUFI-2 auto-calibration algorithm in the
SWAT-CUP package. The model also performed well in simulating seasonal water table
depth fluctuations at the calibration sub-basin (R2= 0.76 and NSE = 0.71) and at the
validation sub-basin (R2= 0.86 and NSE = 0.79), which was achieved by setting the
specific yield of the Mississippi River Valley Alluvial Aquifer to 0.26. The model was
most sensitive to Manning's roughness coefficient, SCS curve number, surface runoff lag
time, soil hydraulic conductivity, and the threshold shallow aquifer depth for baseflow to
occur.
ET rates played a significant role in governing the amount of groundwater storage
and the rate of recharge of the alluvial aquifer. The model results indicated that
groundwater storage decreased during the summer months while ET rates were high, and
increased during the winter and spring months when ET rates were low. The crop
rotation scenarios with rice planting resulted in the lowest groundwater storage (down to
-10.7%) compared to the baseline crop scenario, which is due to the high irrigation rates
of the rice crop. However, the rice crop rotations resulted in the highest increases of
groundwater recharge rates (up to +60.1%), likely because of the response to the
deficiency of groundwater needed for irrigation as well as the limited water uptake by the
shallow rice plant roots. The crop rotations with corn and cotton resulted in the largest
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increases in groundwater storage (+27.2%), which is the result of the low irrigation rates
as well as the short time period for irrigation applications.
This study found that monthly groundwater recharge and storage were related to
changes in ET rates in the BSRW in Mississippi. This study also found that
implementing crop rotations that contain cotton and/or corn resulted in the largest
increases in groundwater storage, and crop rotations with rice and soybean resulted in the
largest decreases in groundwater storage. Farmers and watershed managers should
consider the consequences of implementing certain crop rotation strategies on
groundwater storage and recharge, especially in watersheds where the main source of
irrigation water is from groundwater. This study should be conducted in other
watersheds with different landscapes and soils to see if the resulting groundwater flows
change significantly. Also, the study could be improved by incorporating future climate
changes by using generated precipitation and temperature data from down-scaled global
climate models.
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CHAPTER IV
SENSITIVITY OF FECAL COLIFORM BACTERIA TRANSPORT TO CLIMATE
CHANGE IN AN AGRICULTURAL WATERSHED
Abstract
Climate change is expected to have negative impacts on our surface water
resources, especially on the deterioration of surface water quality including fecal bacteria
contamination. The objectives of this study are to develop a calibrated and validated
watershed model for streamflow and fecal coliform bacteria concentrations using the Soil
and Water Assessment Tool (SWAT) for the Big Sunflower River Watershed (BSRW),
and to assess the sensitivity of fecal coliform bacteria concentrations to changes in
precipitation, temperature, CO2 concentrations, solar radiation, and relative humidity.
The model demonstrated good to very good performance in simulating daily streamflow
(R2 = 0.64-0.77, NSE = 0.57-0.75) and fair performance in simulating fecal coliform
bacteria concentrations (R2 = 0.56-0.60, NSE = 0.23-0.40). The one-at-a-time and global
sensitivity analyses showed that average fecal coliform bacteria concentrations were most
sensitive to changes in temperature, followed by rainfall, solar radiation, and CO2
concentrations. Increased rainfall caused greater wash-off of fecal coliform bacteria
colonies from soil surfaces, while increased temperatures caused a decrease in surface
water bacteria concentrations due to increased bacteria die-off rates. Increasing solar
radiation in the watershed resulted in higher bacteria concentration, and CO2 levels over
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800 ppm caused a significant reduction in average bacteria concentration. Fecal coliform
bacteria transport in the BSRW was not significantly sensitive to changes in relative
humidity.
Introduction
The deterioration of surface water quality in the US is a growing concern and a
major health issue. According to section 303(d) of the Environmental Protection
Agency's (EPA) Clean Water Act, pathogens, specifically fecal coliform and Escherichia
Coli (E. Coli), are the largest cause of water quality impairment in the US (EPA, 2015).
Pathogen contamination currently impairs over 160,000 miles of rivers and streams
within the US (EPA, 2015). Bacteria pollution in surface water can lead to serious health
risks and illnesses such as typhoid fever, diarrhea, hepatitis, and cholera, among others
(Parajuli et al., 2009; Leclerc et al., 2002; Prüss, 1997). Sources of bacteria in surface
water are mainly from manure applications, grazing operations, waste water treatment
plants (WWTPs), failing septic systems, and wildlife (Parajuli et al., 2009). Most of
these sources are prevalent in agriculturally dominated watersheds which contain large
populations of livestock and rural households that rely on septic systems for waste
disposal (Jayakody et al., 2014).
Bacteria transport and survival rates are dependent on the physical, chemical, and
hydrological conditions in the watershed. For example, bacteria survival has been shown
to be dependent on soil characteristics such as soil water content, porosity, nutrient
availability, and soil texture (Holden and Fierer, 2005; Ranjard and Richaume, 2001).
Suspended sediment particles in stormwater runoff can also affect the survival and
transport of bacteria by providing an attachment source for bacteria (Davies et al., 1995;
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Russo et al., 2011; Schillinger and Gannon, 1985). Studies in New Zealand have
demonstrated that bacteria concentrations in surface water drastically increase as a result
of flooding in the watershed (Nagels et al., 2002; Muirhead et al., 2004). Scientists and
researchers in the past have also demonstrated that concentrations of bacteria in surface
water are controlled by the climate conditions of the watershed. One plot-scale study in
Virginia found that rainfall events following manure applications resulted in bacteria
concentrations in surface water that were up to four orders of magnitude higher than
established water quality standards for the basin (Mishra et al., 2008). Mallin et al.
(2009) reported that fecal coliform bacteria concentration was significantly higher during
rainfall events compared to periods with no rainfall. On the other hand, bacteria
populations in surface water have been shown to decrease or be susceptible to
inactivation in the presence of increasing temperatures and solar radiation (Blaustein et
al., 2013; Cho et al., 2010; Schijven and de Roda Husman 2005).
Because bacteria survival in natural surface waters is dependent on climatic
conditions, it is important to understand how the potential impacts of future climate
change can affect the fate and transport of bacteria within a given watershed. The
Intergovernmental Panel on Climate Change (IPCC) predicts that global mean surface
temperatures are expected to increase by 2.6°C to 4.8°C by the years 2081-2100 (IPCC,
2013). General Circulation Model (GCM) results indicate that the magnitude and
frequency of extreme rainfall events will most likely increase (IPCC, 2013). Also, the
instances and duration of drought are expected to increase in many areas around the
world by the end of the 21st century (IPCC, 2013).
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Past researchers have recommended using a watershed modeling approach along
with downscaled climate models to assess the impacts of climate change on bacteria fate
and transport (Coffey et al., 2013; Boxall et al., 2009). So far, little research has been
conducted to investigate the possible impacts of future climate change on fecal coliform
bacteria concentrations in surface waters using a watershed modeling approach (Fonseca
et al., 2014; Jayakody et al., 2014). However, before attempting to quantify the impacts
of climate change, it is imperative to understand the sensitivity of fecal coliform bacteria
survival and transport to changes in each individual climate parameter. For example,
how will increasing surface temperatures or changing rainfall patterns affect the fate and
transport of fecal bacteria within a watershed? How sensitive is fecal bacteria to
increases in CO2 concentration, solar radiation, or relative humidity?
Therefore, the objectives of this study are to (1) develop a calibrated and validated
watershed model for streamflow and fecal coliform bacteria concentrations using the Soil
and Water Assessment Tool (SWAT), and to (2) assess the sensitivity of fecal coliform
bacteria concentrations to changes in precipitation, temperature, CO2 concentrations,
solar radiation, and relative humidity in an agricultural watershed.
Methodology
The SWAT model was developed for the Big Sunflower River Watershed
(BSRW) located in the state of Mississippi. The sources of fecal coliform bacteria
incorporated in the model were WWTP discharge, poultry litter, beef cattle manure, hog
manure, and failing septic systems. Observed data for streamflow and fecal coliform
bacteria concentrations were used to calibrate and validate the model using an autocalibration technique. One-at-a-time and global sensitivity analyses were conducted to
88

assess the sensitivity of FCB transport to climate changes using Latin Hypercube
sampling.
Study Area
The BSRW is part of the Mississippi River Alluvial Plain that covers an area of
10,488 Km2 and is located just east of the Mississippi River (Figure 4.1). The watershed
consists of areas from 10 counties: Bolivar, Coahoma, Humphreys, Issaquena, Leflore,
Sharkey, Sunflower, Tallahatchie, Washington, and Yazoo. The watershed contains over
80% row crops, which mainly include soybean, corn, cotton, and rice. Most of the
BSRW soils contain high clay and silt content, and over 90% of the soils are classified as
National Resource Conservation Service (NRCS) hydrologic soil groups C and D, which
have high runoff potential. The BSRW has very little topographic relief with an average
slope of approximately 0.25 m/km (Coupe et al., 2012). Most of the precipitation in the
watershed occurs during the winter and spring seasons, and the maximum temperatures
can reach over 34°C during July and August (Figure 4.2).
The Big Sunflower River is listed as one of the waterbodies in Mississippi that is
impaired due to fecal coliform bacteria (MDEQ, 2010). According to the Total
Maximum Daily Load (TMDL) report published by the Mississippi Department of
Environmental Quality (MDEQ), the sources of fecal coliform bacteria pollution in the
BSRW include livestock, wildlife, failing septic systems, and waste water discharge
(MDEQ, 2010). The MDEQ recommends that policy actions should be taken to reduce
bacteria concentrations in the Big Sunflower River, such as requiring NPDES permits to
include fecal coliform limits and standards for disinfection (MDEQ, 2010).
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Figure 4.1

Map of the BSRW with USGS gauges, elevation, river, network, and
WWTPs
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Figure 4.2

Average monthly rainfall and temperatures in the BSRW

Note: rainfall and temperature data is based on climate data from 1996 to 2010 collected
from 11 weather stations.
SWAT model description
SWAT is a semi-distributed watershed-scale that quantifies the impacts of climate
change and management practices on water quantity and quality in large complex
watersheds at daily, monthly, and annual time scales (Arnold et al., 1998; Neitsch et al.,
2011). The hydrological processes that can be modeled in SWAT include precipitation,
surface runoff, streamflow, soil storage, evapotranspiration, infiltration, subsurface flow,
and groundwater flow (Neitsch et al., 2011). The pollutants that can be modeled in
SWAT are sediment, Nitrogen, Phosphorus, pesticide, and bacteria. In addition, SWAT
allows the user to model climate change by adjusting climate parameters such as
precipitation, temperature, solar radiation, relative humidity, and CO2 levels. SWAT uses
a Digital Elevation Model (DEM) to delineate a watershed into sub-basins, which are
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then further divided into Hydrological Response Units (HRUs) that contain a unique
combination of land use, soil, and slope (Neitsch et al., 2011). For this study,
ArcSWAT2012, which is the ArcGIS extension version of SWAT, was used to process
the spatial input data and develop the model, and the SWAT executable revision 635 was
used generate the model results.
The bacteria sub-model in SWAT can model fecal bacteria populations as either
persistent or less persistent, which have different growth rates and die-off rates (Neitsch
et al., 2011). Bacteria populations modeled in SWAT can exist on plant foliage, by
attachment to soil particles, or dissolved in soil water storage (Neitsch et al., 2011).
Chick’s Law first order decay equation (equation 4.1) is used to calculate the amount of
bacteria that is removed or added to the watershed
𝐵𝑡 = 𝐵0 𝑒 −𝐾20 𝜃

(𝑇−20)𝑡

(4.1)

Where Bt = bacteria concentration at time t (cfu/100mL), B0 = initial bacteria
concentration (cfu/100mL), K20 = first-order die-off rate at 20°C (dayˉ¹), θ = temperature
adjustment factor, T = temperature (°C), t = exposure time (days).
Watershed model inputs
A 10m by 10m DEM grid was obtained from the National Elevation Dataset
(NED) from USGS to delineate the watershed into 32 sub-basins. The land use data was
obtained from the USDA National Agricultural Statistics Service (NASS), which
consisted of a cropland data layer with over 40 different land cover classes (USDANASS, 2011). The soils data was obtained from the Soil Survey Geographic (SSURGO)
database, which consisted of a raster image with multiple soil layers (USDA, 2005).
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Three slope classes were then defined based on each grid value in the DEM grid. The
sub-basins were then divided into multiple HRUs as a function of the land use types,
soils, and slope classes.
Daily precipitation and temperature data from 1/1/1996 to 12/31/2010 from 11
weather stations were obtained from the USDA climate database. These climate data
were obtained from the Cooperative Observer Network and the Weather Bureau Army
Navy Stations from the National Oceanic and Atmospheric Administration (NOAA). In
addition to precipitation and temperature inputs, daily solar radiation and relative
humidity data from one weather station at the Delta Research and Extension Center were
incorporated in the model. During periods where solar radiation and relative humidity
data were missing, the weather generator in SWAT calculated those missing values based
on the precipitation and temperature inputs.
The sources of fecal coliform bacteria incorporated in the model include WWTP
discharge, poultry litter applications, beef cattle manure, hog manure, and failing septic
systems (Table 4.1). WWTP discharge was modeled by obtaining discharge data from
the EPA’s Discharge Monitoring Report (DMR) pollutant loading tool. The discharge
and pollutant loadings from the DMR tool are based on the information collected from
EPA’s National Pollutant Discharge Elimination System (NPDES) program, which seeks
to regulate the water pollution emanating from industrial and municipal facilities. A total
of 38 facilities that have discharge and pollutant data in the DMR database were included
in the model (Figure 4.1). The discharge amounts and fecal coliform bacteria loads
between the years 2007 and 2010 were averaged for each facility. The years 2007
through 2010 were chosen because the earliest period of record in the DMR database is
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from 2007, and the latest period of record that was available during the time of
conducting the study is 2010. Then, the average flows and average bacteria loads from
the facilities were averaged across each sub-basin in the SWAT model, because SWAT
allows point sources to be simulated only at the sub-basin level. The average discharges
and average fecal coliform bacteria loads in the sub-basins ranged from 5 m3/day to
27706 m3/day and from 1.89×106 cfu/day to 7.32×1010 cfu/day, respectively.
Table 4.1
County

County scale fecal coliform bacteria source inputs used in the BSRW
SWAT model
WWTPs

Poultry
Beef cattle
Swine
Septic
population
population
population
system
Bolivar
14
45
800
489
2838
Coahoma
6
0
900
150
1871
Humphreys 6
84
100
394
1409
Issaquena
0
0
100
0
539
Leflore
1
90
100
108
1574
Sharkey
4
0
0
0
828
Sunflower
5
20100
600
1396
2087
Tallahatchie 2
650
4100
18
2717
Washington 0
332
400
75
3505
Yazoo
0
234
7200
7279
3745
Note: WTTPs were incorporated as a point source in each sub-basin. It was assumed that
each poultry, beef cow, and swine weigh 1.9 Kg, 360 Kg, and 61 Kg, respectively. It was
assumed that each septic system had 3 persons, and have a sewage effluent of 0.32 m3 per
day
Poultry, beef cattle, and hog populations at the county level were obtained from
the USDA-NASS census of agriculture for the years 2002 and 2007, which is shown in
Table 4.1 (USDA-NASS, 2007). The livestock populations were then multiplied by the
grassland area of each sub-basin to obtain the respective population densities at the subbasin level. The amount of manure deposited by each animal type and the fecal coliform
bacteria levels were estimated using the American Society of Agricultural Engineering
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standards (ASAE, 2003). The mean amount of fresh manure deposited per 1000 kg
animal mass for poultry, beef cattle, and swine are 64 kg/day, 58 kg/day, and 84 kg/day,
respectively (ASAE, 2003). Because the SWAT model only considers the dry weight of
manure, the dry weight from the ASAE standards was used, which is 16 kg, 8.5 kg, 11 kg
per 1000 kg animal mass for poultry, beef cattle, and swine, respectively (ASAE, 2003).
The fecal coliform bacteria concentrations used in this study for poultry, beef cattle, and
swine manures are 5.83 × 106 colony forming units per gram (cfu/g), 1.17 × 106 cfu/g,
and 2.14 × 106 cfu/g, respectively (ASAE, 2003). Poultry manure was applied in the
SWAT model as poultry litter fertilizer applications, while the beef cattle and swine
manure was applied as a grazing operation.
To model the bacteria pollution emanating from failing septic systems in the
watershed, the number of septic systems for each county was obtained from the
Mississippi Department of Health, which is shown in Table 4.1 (MSDH, 2014).
Assuming the septic systems are evenly distributed throughout each county on the range,
pasture, forested, and crop land uses, and it was estimated that there are a total of 9375
septic systems in the BSRW. Because there are no reports documenting septic system
failures in the BSRW, this study assumed a failure rate of 40%, which is similar to failure
rate values used in other studies (Coffey et al., 2009; Jayakody et al., 2014). Based on
the population data provided by the MSDH, there are approximately 3 persons using each
septic system in the counties located in the BSRW (MSDH, 2014). For this study, it was
assumed that each person using these failing septic systems produces 150 grams of feces
and a sewage effluent of 0.32 m3 per day (Parajuli et al., 2009; Reddy et al., 1981). To
simulate failing septic systems in SWAT, a “continuous fertilizer application” operation
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was used to apply the human feces on the grassland and forested land uses, which has
been used in other bacteria transport modeling studies to simulate failing septic systems
(Coffey et al., 2009; Parajuli et al., 2009). The SWAT fertilizer database was modified
to include a “human manure fertilizer”, which was assumed to have a bacteria
concentration of 1.13 × 107 cfu/gram (Reddy et al., 1981). The wastewater discharge
from the failing septic systems was modeled as point sources at the sub-basin level in
SWAT.
Model calibration and validation procedures
After the SWAT model set-up, the model was calibrated and validated for
streamflow and fecal coliform bacteria concentrations. Observed daily streamflow data
was obtained from 1996 to 2003 at the Merigold, Sunflower, and Leland USGS gauge
stations (Figure 4.1). Observed streamflow data is scarce between January 1996 to
October 2002 at the Sunflower USGS gauge station and some streamflow data is not
available for years 1996 and 1998 at the Leland USGS gauge station. Observed daily
fecal coliform bacteria concentrations from 1996 to 2000 at the Sunflower gauge station
was obtained from the MDEQ TMDL report for the Big Sunflower River published in
2002 (MDEQ, 2002). Additional observed bacteria concentration data from 2001 to 2003
at the Sunflower gauge station was obtained from the Yazoo Mississippi Delta (YMD)
joint water management district. The observed fecal coliform bacteria data from MDEQ
and YMD district were combined for a total of 65 observed data points to be used for the
calibration process. It is important to mention that while the observed streamflow data
for the Sunflower gauge station is limited, every observed bacteria concentration data
point coincided with an observed streamflow data point.
96

An auto-calibration procedure called Sequential Uncertainty Fitting version 2
(SUFI-2) was used in the SWAT Calibration and Uncertainty Programs (SWAT-CUP)
(Abbaspour, 2013). The SUFI-2 algorithm optimizes the objective function by taking
sources of uncertainty into account through the computation of P-factors and R-factors.
The P-factor represents the percentage of observed data in the 95% prediction uncertainty
(95PPU) obtained through Latin Hypercube sampling. The R-factor is the average
thickness of the 95PPU band divided by the standard deviation of the observed data.
SUFI-2 allows the user to optimize the objective function by updating the input
parameter ranges to smaller ranges than the previous iteration that are centered on the
best simulation (Abbaspour, 2013).
The model was first calibrated for streamflow by adjusting 12 different
hydrological parameters that affect the surface water transport, soil water storage,
evapotranspiration, and groundwater. The model was then calibrated for fecal coliform
bacteria concentrations by adjusting 11 more input parameters associated with bacteria
growth and die-off, soil particle attachment, and bacteria transport in surface water. The
performance of the model was evaluated using the coefficient of determination (R2) and
the Nash-Sutcliffe Efficiency (NSE) index, which quantify the correlation between the
observed and simulated values.
Climate change sensitivity analysis
Latin Hypercube sampling was employed in this study to generate input values for
potential climate change because of its widespread use in hydrological modeling studies
involving sensitivity and uncertainty analyses (Ficklin et al., 2012; Woznicki and
Nejadhashemi, 2014; Yang et al., 2008). Latin Hypercube sampling is a type of stratified
97

sampling that generates a random value in each segment for a particular probability
distribution. The user can define the input parameter range and segments from which the
samples are drawn. For this study, Latin Hypercube sampling was applied to five
climatic inputs to generate input values for the sensitivity analysis: precipitation,
temperature, CO2 concentration, solar radiation, and relative humidity. The input ranges
used in Latin Hypercube sampling for the climate variables, which are listed in Table 4.2,
are based on the end of the century projections from GCM results reported in the IPCC
5th assessment report (IPCC, 2013).
Two types of sensitivity analyses were conducted in this study to assess the
sensitivity of bacteria concentrations to climate change: one-at-a-time and global
sensitivity analyses. A one-at-a-time sensitivity analysis allows the user to assess the
sensitivity of the output to changes in an input variable if all of the other parameters are
kept constant (Abbaspour, 2013). It is important to note that while the one-at-a-time
analysis can provide the sensitivities of each of the climate inputs, it cannot provide
information regarding the sensitivity of an input variable while other input variables are
changing. Therefore, the sensitivity of one parameter depends on the values of other
inputs parameters. For this study, 50 samples were generated for each of the five climatic
inputs for the one-at-a-time sensitivity analysis (Table 4.2).
Conversely, a global sensitivity analysis allows the user to assess the sensitivities
of each input parameter while the other input parameters are changing (Abbaspour,
2013). A global sensitivity analysis cannot provide the sensitivities of each input
parameter separately, but it can provide the sensitivity of each input parameter relative to
the other input parameters. For this study, 500 simulations were ran for the global
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sensitivity analysis to change all the climate change parameters simultaneously. The
global sensitivity is assessed by calculating the average changes in the objective function
while the values for the input parameters are changing. For this study, the objective
function is the NSE, which is given in equation 4.2:
𝑛

∑𝑖=1(𝑋𝑖 −𝑌𝑖 )

𝑁𝑆𝐸 = 1 − [

𝑛
∑𝑖=1(𝑋𝑖 −𝑋̅)

(4.2)

where 𝑋𝑖 is the observed value, 𝑌𝑖 is the simulated value, 𝑋̅ is the mean of the
observed values, and 𝑛 is the total number of observations (Nash and Sutcliffe, 1970). Ttests were conducted during the global sensitivity analysis to assess the significance of
the sensitivity of each climate parameter.
Table 4.2

Sampling ranges of climate change parameters used in the sensitivity
analyses

Climate parameter
Range of sampling
Precipitation (%)
-20 to 20
Temperature (°C)
0 to 5
CO2 concentration (ppm)
330 to 1000
2
Solar radiation (MJ/m -day)
0 to 6
Relative Humidity (%)
0 to 10
Note: climate change ranges are based on the general circulation model results from the
IPCC 5th assessment report.
Results and Discussion
Streamflow Calibration and Validation Results
The model showed good to very good performance in simulating daily streamflow
with the highest R2 value of 0.77 and NSE index of 0.75 at the Leland gauge station,
which is the most downstream gauge station (Table 4.3). The model was able to capture
some of the peak flow events at all 3 gauge stations, but most of the simulated peak flows
usually underestimated the observed peak streamflows (Figure 4.3). Even with the small
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amount of available observed streamflow data, the simulated vs. observed streamflow
values at the Sunflower gauge station yielded good model performance statistics with R2
values of 0.70 and 0.67 and NSE values of 0.68 and 0.67 during calibration and
validation (Figure 4.3 and Table 4.3). The model generally showed relatively low
uncertainty for the daily streamflow prediction, which is indicated by the calculated pfactors (0.75 to 0.80) and r-factors (1.15 to 1.17) generated from the SUFI-2 autocalibration program (Table 4.3). These uncertainty measures indicate that 75% to 80% of
the observed streamflow values were captured by the 95PPU, and the r-factors of 1.15 to
1.17 describe the thickness of the 95PPU band divided by the standard deviation of the
measured streamflow (Abbaspour, 2013).
Table 4.3

Model calibration, validation, and uncertainty statistics for daily
streamflow

Station

Calibration
Validation
Uncertainty
2
2
R
NSE
R
NSE
p-factor
r-factor
Merigold
0.638
0.572
0.643
0.603
0.75
1.16
Sunflower
0.696
0.673
0.683
0.675
0.68
1.15
Leland
0.769
0.748
0.665
0.567
0.80
1.17
Note: p-factor is the percentage of observed data in the 95% prediction uncertainty
(95PPU), and the r-factor is the average thickness of the 95PPU band divided by the
standard deviation of the observed data.
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Figure 4.3

Observed vs. simulated daily streamflows

Note: Streamflow calibration and validation are for the a.) Merigold (USGS 07288280),
b.) Sunflower (USGS 07288500), and c.) Leland (USGS 07288650) gauge stations.
The final calibrated values for the hydrological parameters are listed in Table 4.4.
Out of the 12 hydrological parameters, the Manning’s roughness coefficient (CH_N2),
SCS curve number (CN2), and the surface runoff lag coefficient (SURLAG) were the
most sensitive parameters at the 0.05 level of significance (Table 4.4). The SUFI-2 autocalibration program yielded a value of 0.26 for CH_N2 for the BSRW, which indicates
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that the watershed’s main channels are lined with dense brush and weeds. While the CN2
parameter was sensitive to streamflow, the final value was only -1.10% from the default
curve number values from the SWAT land use database. The final SURLAG value of
1.23 indicates a fast response time for overland flow to reach the main channels in the
BSRW. The final values for these parameters are similar to the values used in another
watershed modeling study conducted in the same watershed (Parajuli et al., 2013). The
groundwater parameters that were also incorporated in the auto-calibration include the
baseflow alpha factor (ALPHA_BF), the groundwater “revap” coefficient
(GW_REVAP), the threshold depth of water in the shallow aquifer required for return
flow to occur (GWQMN), the threshold depth of water in the shallow aquifer for “revap”
or percolation to the deep aquifer to occur (REVAPMN), and the groundwater delay time
(GW_DELAY). However, as indicated by the low t-values and high p-values from the
sensitivity analysis, the groundwater parameters did not significantly impact streamflow
in the model (Table 4.4). These groundwater parameters were included because past
modeling research has shown that groundwater flow parameters can have a considerable
impact on the streamflow of a watershed (Arnold et al., 2012). The other parameters that
were included during auto-calibration are the available soil water capacity of the soil
layers (SOL_AWC), saturated hydraulic conductivity (SOL_K), soil evaporation
compensation factor (ESCO), and the plant uptake compensation factor (EPCO). The
final calibrated values of the input parameters are similar to the parameter values used in
past watershed modeling studies using SWAT (Douglas-Mankin et al., 2010; Gassman et
al., 2007; Tuppad et al., 2011).
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Table 4.4
Parameter
CH_N2
CN2
SURLAG
SOL_AWC
ALPHA_BF
SOL_K
GW_REVAP
GWQMN
REVAPMN

ESCO
EPCO
GW_DELAY

Hydrological parameters used in auto-calibration
Parameter definition
Manning’s “n” value for the main
channel
SCS runoff curve number
Surface runoff lag coefficient
Available water capacity of the soil
layer (mm H2O/mm soil)
Baseflow alpha factor (1/days)
Saturated hydraulic conductivity
(mm/hr)
Groundwater “revap” coefficient
Threshold depth of water in the
shallow aquifer required for return
flow to occur (mm H2O)
Threshold depth of water in the
shallow aquifer for “revap” or
percolation to the deep aquifer to
occur (mm H2O)
Soil evaporation compensation
factor
Plant uptake compensation factor
Groundwater delay time (days)

Range
0.014-0.30

Final
0.26

t-stat
57.64

p-value
<0.01

-10%-+10%
1-12
-10%-+10%

-1.10%
1.23
+9.63%

-16.78
-13.08
1.34

<0.01
<0.01
0.18

0.20-0.90
-10%-+10%

0.36
-6.84%

1.24
1.06

0.21
0.29

0.02-0.20
1-1000

0.098
231.02

0.95
0.69

0.34
0.49

1-400

6.68

-0.51

0.61

0.40-0.90

0.55

0.23

0.82

0.10-0.90
2-45

0.79
24.4

-0.19
0.17

0.85
0.86

Bacteria calibration and validation results
The model simulated fecal coliform bacteria concentrations reasonably well when
compared to observed bacteria concentrations (Figure 4.4). The model performed
slightly better at modeling bacteria concentrations during the validation period (1/1/200012/31/2003) than the calibration period (1/1/1996-12/31/1999) (Figure 4.4). The model
usually underestimated bacteria concentrations for both low and high streamflow events.
However, the model did show acceptable correlation between observed and simulated
fecal coliform bacteria concentrations during the calibration and validation periods (R2 =
0.56-0.60). While the NSE values from the bacteria model are low (NSE = 0.23-0.40),
the model is still considered acceptable to conduct sensitivity analysis (Parajuli et al.,
2009). Also, other bacteria modeling studies using SWAT have reported low NSE values
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as well (Baffaut and Sadeghi, 2010). The poor model performance is likely due to the
high degree of error and uncertainty when modeling pathogen transport, especially
compared to modeling the transport of other surface water pollutants such as sediments
and nutrients (Coffey et al., 2009; Parajuli et al., 2009). In this study, there was a high
degree of uncertainty when modeling the sources of fecal coliform bacteria, especially
the failing septic systems. For the scope of this study, there is no way to accurately
assess, at the watershed scale, the number of septic systems that are failing, the location
of these failing septic systems, the exact amount of sewage effluent, or the bacteria
concentrations present in the sewage effluent. Other potential sources of error and
uncertainty in this study include not considering wildlife sources, omission of direct
application of manure to streams and rivers, and the lack of subsurface soil bacteria
growth and die-off.
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Figure 4.4

Observed vs. simulated fecal coliform bacteria concentration at the
Sunflower gauge station during a.) calibration and b.) validation.

Note: The calibration period is from 1996 to 1999 and the validation period is from 2000
to 2003.
Twelve bacteria parameters were adjusted via the SUFI-2 auto-calibration
program for 2000 simulations (Table 4.5). Among the parameters, the most sensitive at
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the 0.05 level of significance are the bacteria soil partitioning coefficient (BACTKDQ),
which describes the ratio of the concentration of solution bacteria at the soil surface to the
concentration of solution bacteria in surface runoff, the fraction of manure applied to land
areas that have active colony forming units (BACT_SWF), and the bacteria partition
coefficient for human feces (BACTKDDB(55)). From the sensitivity analysis results, the
BACTKDQ, BACT_SWF, and BACTKDDB(55) parameters had p-values of less than
0.01 and t-statistics of 4.51, -3.03, and 0.93, respectively. The final calibrated value for
BACTKDQ is 87.88, which is similar to BACTKDQ values used in other SWAT bacteria
modeling studies (Baffaut and Sadeghi, 2010). The final BACT_SWF value of 0.27
indicates that most of the manure applied in the watershed contains bacteria that is not
readily active. The final value for BACTKDDB(55) is 0.93, which indicates that most of
the bacteria is primarily found in solution as opposed to being sorbed to soil particles
(Neitsch et al., 2011). The BACTKDQ and BACT_SWF parameters were found to be
sensitive likely due to the bacteria sources being represented in the model as fertilizer
applications, which applies the manure directly onto the soil surface. The BACTKDQ
parameter allows the ratio of bacteria solution in the soil surface to the bacteria solution
in surface runoff to be adjusted directly. The BACTKDDB(55) was sensitive in the
model because the majority of the fecal coliform bacteria concentrations resulted from
failing septic systems, which was modeled as a human manure “fertilizer application”. In
addition, the BACTKDDB parameters for layer and beef cattle manure were also found
to be moderately sensitive in the model. The sensitivity of the BACTKDDB parameters
indicate that the partitioning of the bacteria colonies between soil particles and surface
water was an important process in modeling the transport of bacteria within the BSRW.
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The final values for the other bacteria input parameters are listed in Table 4.5, and more
information on these parameters can be found in Neitsch et al. (2011).
Table 4.5

Bacteria parameters used in auto-calibration

Parameter
BACTKDQ
BACT_SWF
BACTKDDB(55)
BACTKDDB(51)
BACTKDDB(45)
THBACT
WOF_LP
BACTMINLP
BACTKDDB(47)
BACTMX
WDLPRCH
WDLPS

Parameter definition
Bacteria soil partitioning coefficient
(m3/Mg)
Fraction of manure applied to land areas
that has active colony forming units
Bacteria partition coefficient (human
feces)
Bacteria partition coefficient (layer
manure)
Bacteria partition coefficient (beef
manure)
Temperature adjustment factor for
bacteria die-off/growth
Wash-off fraction for less persistent
bacteria
Minimum daily bacteria loss for less
persistent bacteria (#cfu/m2)
Bacteria partition coefficient (swine
manure)
Bacteria percolation coefficient (10
m3/Mg)
Die-off factor for less persistent bacteria
in streams at 20°C (1/day)
Die-off factor for less persistent bacteria
adsorbed to soil particles at 20°C
(1/day)

Range
0-500

Final
87.88

t-stat
4.51

p-value
<0.01

0-1

0.27

-3.03

<0.01

0-1

0.93

-3.01

<0.01

0-1

0.45

1.71

0.09

0-1

0.22

1.06

0.29

1-10

1.10

-0.69

0.49

0-1

0.75

-0.44

0.66

0-1

0.80

0.39

0.69

0-1

0.74

-0.29

0.76

7-20

7.20

0.16

0.87

0-1

0.38

0.08

0.93

0-1

0.52

-0.02

0.98

One-at-a-time sensitivity analysis results
The daily fecal coliform bacteria concentrations from 1/1/1996 to 12/31/2003
were averaged for each simulation generated from the one-at-a-time sensitivity analyses.
The average bacteria concentrations for each one-at-a-time sensitivity analysis were
analyzed by comparing it to the Latin hypercube samples of each climate parameter. The
sensitivity of the resulting average fecal coliform bacteria concentrations to changes in
rainfall is displayed in Figure 4.5. Generally, increasing rainfall caused average bacteria
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concentrations to increase, while decreasing rainfall caused average bacteria
concentrations to decrease (Figure 4.5). The baseline average bacteria concentration of
258.0 cfu/100 ml increased to 277.0 cfu/100 ml as a result +20% rainfall and decreased to
237.7 cfu/100 ml as a result of -20% rainfall. The average bacteria concentrations appear
to have a linear relationship with changing rainfall rates in the BSRW. Overall,
increasing or decreasing rainfall has the same effect on the change in magnitude of
average bacteria concentrations (Figure 4.5).
From these results, it is evident that increasing rainfall causes greater wash-off of
bacteria from the soil surface, which leads to more bacteria being transported to rivers
and streams. These results are in agreement with past bacteria modeling studies in other
watersheds, where the peak bacteria concentrations tend to coincide with peak
streamflows (Cho et al., 2010; Jayakody et al., 2014). It is possible that increased rainfall
magnitudes could decrease bacteria concentration due to increased dilution. However,
for this study, the increased wash-off of fecal coliform bacteria colonies from soil
surfaces resulted in higher bacteria concentrations in surface waters. Conversely, when
rainfall decreases, there was less wash-off of fecal coliform bacteria, which results in
lower bacteria concentrations in surface waters. More rainfall also leads to increased
streamflows, which could lead to higher microbial transport by attachment to suspended
sediment particles (Wilkes et al., 2011).
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Figure 4.5

Sensitivity of average fecal coliform bacteria concentrations to changing
rainfall

The sensitivity of average fecal coliform bacteria concentrations to increases in
temperature is displayed in Figure 4.6. In-stream bacteria concentration was found to be
very sensitive and inversely related to temperature in the BSRW model. As air
temperature increased to 5°C, average bacteria concentration from 1996 to 2003
decreased by 30% from the baseline condition (Figure 4.6). The baseline average
bacteria concentration of 258.0 cfu/100 ml decreased to 220.4, 191.8, and 180.4 cfu/100
ml as a result of increasing air temperature by 2°C, 4°C, and 5°C, respectively. From
Figure 4.6, it appears that the watershed’s air temperature and bacteria concentration are
linearly related. Based on these results, the decreasing bacteria concentrations is most
likely caused by the increases in die-off rates and inactivation of bacteria growth in
manure applications and in surface waters. Increasing air temperatures essentially
created an environment for the watershed that is not conducive for the growth of fecal
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coliform bacteria in manure and septic effluent. This is in agreement with Chick’s law
first order decay equation, which stipulates that increasing temperature should cause the
die off of bacteria to increase. It is possible that increased temperatures could also lead to
drier and hardened soil surfaces that allow for less infiltration and more runoff, which
results in higher wash-off of bacteria colonies into rivers and streams (Jayakody et al.,
2014). However, as mentioned previously, most of the soils in the watershed fall in the
soil hydrologic group categories of C and D, which indicate that most of the soils have
low infiltration and high runoff potential to begin with. Therefore, in this study,
increasing air temperatures even slightly seemed to directly cause a decrease in simulated
average bacteria concentration. For example, decreasing air temperature by just 0.5°C
resulted in a 5% decrease in average bacteria concentration in the watershed (Figure 4.6).
Overall, these results indicate that the die-off rates of fecal coliform bacteria is directly
related to even small increases in temperatures in the BSRW.
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Figure 4.6

Sensitivity of average fecal coliform bacteria concentrations to increasing
temperature

The sensitivity of average fecal coliform bacteria concentrations to increases in
CO2 concentrations is displayed in Figure 4.7. Based on the model simulations, bacteria
concentrations were not that sensitive to changes in CO2 compared changes in rainfall
and temperature. As CO2 concentration in the watershed increased from the baseline of
330 ppm to 800 ppm, average fecal coliform bacteria concentration did not significantly
change (Figure 4.7). However, as CO2 concentration increased above 800 ppm, average
bacteria concentration decreased drastically (Figure 4.7). Compared to the baseline
climate condition, average fecal coliform bacteria concentration decreased by 4.7% when
CO2 concentration increased to 1000 ppm. The narrow CO2 concentration range of 8001000 ppm caused a noticeable decrease in bacteria concentration due to a number of
possible watershed responses. For example, increasing CO2 levels can exacerbate the
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greenhouse effect, which can lead to temperature increases. The increase in temperature
can increase the inactivation of bacteria and pathogens in surface water (Hofstra, 2011).
To our knowledge, there is currently no research that has been conducted that investigates
the direct impact of changing CO2 concentration on bacteria transport in a watershed.
Such an investigation would be interesting because it would provide new insight into the
relationship and interaction of CO2 and bacteria survival in surface waters.

Figure 4.7

Sensitivity of average fecal coliform bacteria concentrations to increasing
CO2 concentration

The sensitivity of average fecal coliform bacteria concentrations to changes in
solar radiation and relative humidity are displayed in Figure 4.8 and Figure 4.9,
respectively. Average bacteria concentration was found to be less sensitive to increases
in solar radiation compared other climatic changes of rainfall and temperature. In
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general, average bacteria concentration in the BSRW increased nearly linearly with
increasing solar radiation (Figure 4.8). From the baseline of 258.0 cfu/100 ml, average
bacteria concentration increased by 4.2% when solar radiation increased by 6 MJ/m2-day
(Figure 8). However, when relative humidity was decreased, average fecal coliform
bacteria concentration did not change at all (Figure 4.9). From the results, even when
relative humidity in the basin was decreased by 10%, fecal coliform bacteria
concentration remained the same (Figure 4.9). This result is to be expected because the
small hydrologic changes due to changing relative humidity should have no potential
impact on the bacteria concentration in surface waters.
Past research has indicated that fecal bacteria such as Escherichia coli and
enterococci usually die off in the presence of sunlight (Cho et al., 2010). While it may be
expected for bacteria concentration to decrease in the presence of increased solar
radiation, the results of this study demonstrated that bacteria concentrations actually
increase. The increase in bacteria concentration is attributed to the increased surface
water evaporation that occurs as a result of more solar radiation. When solar radiation
was increased by 6 MJ/m2-day in the BSRW, average annual ET increased by 21.2%.
The increased rate of evaporation would lead to less surface water thereby increasing the
concentration of fecal coliform colonies. To elaborate further, when solar radiation
increased by 6 MJ/m2-day, the average annual surface runoff decreased from 614.1 mm
to 560.8 mm, and the amount of surface water bacteria colonies actually decreased from
1.03x1015 cfu/year to 9.84x1014 cfu/year. Therefore, the concentration of bacteria can
increase as a result of increased solar radiation, but the amount of surface water bacteria
colonies decreases.
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Figure 4.8

Sensitivity of average fecal coliform bacteria concentrations to increasing
solar radiation

Figure 4.9

Sensitivity of average fecal coliform bacteria concentrations to decreasing
relative humidity
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Global sensitivity analysis results
The results of the global sensitivity analysis are shown in Table 4.6. Based on the
500 simulations used in the global sensitivity analysis, temperature was the most
sensitive with a t statistic of -37.8 and a P-value of <0.001 (Table 4.6). The second most
sensitive climate parameter to fecal coliform bacteria concentration is rainfall, followed
by solar radiation, and followed by CO2 concentration. The t statistics from the global
sensitivity analysis for the rainfall, solar radiation, and CO2 concentration are 13.6, -4.4,
and 3.4, respectively, and these parameters were significant in the sensitivity analysis
with P-values less than 0.001 (Table 4.6). Relative humidity was found to be not
sensitive and had no noticeable impact on fecal coliform bacteria concentrations in the
BSRW.
Table 4.6

Global sensitivity analysis of fecal coliform bacteria concentration to
climate parameters

Climate parameter
Temperature
Rainfall
Solar Radiation
CO2 concentration
Relative Humidity

t-stat
-37.8
13.6
-4.4
3.4
-0.17

p-value
<0.001
<0.001
<0.001
<0.001
0.86

When compared with the other climate parameters, temperature caused the most
change in average bacteria concentrations in the model. This result is understandable
because the Chick’s law first order decay equation relates bacteria die-off rates directly
with temperature. Essentially, the effect of temperature increases has a higher impact on
bacteria concentrations than other climate changes simply due to the nature of the
bacteria model in SWAT. Rainfall change, which was the second most sensitive climate
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parameter, affected the bacteria concentration by providing a mechanism that allowed
bacteria colonies in manure applications to be washed off into rivers and streams. This
rainfall-induced mechanism did not necessarily affect the growth or die-off rates of
bacteria directly, which explains the reduced sensitivity compared to temperature change.
The other sensitive climate parameters of solar radiation and CO2 concentration still had
a significant impact on bacteria concentration, but the impact was indirect. The solar
radiation increases caused the evaporation rates in the watershed to increase, which
explains the increases in bacteria concentrations, and the increases in CO2 concentrations
led to increases in temperature, which resulted in decreased bacteria concentration.
It is important to note that both the one-at-a-time and global sensitivity analyses
results depend on the bacteria parameters set in the calibrated model. The bacteria
parameters, which affect processes in the model such as bacteria wash-off, die-off rates,
and bacteria percolation, can influence the sensitivity of bacteria concentrations to
climate changes. For example, the BACTKDQ parameter was set to 87.88 in the
calibrated model, which indicates that surface runoff will only partially interact with the
solution bacteria at the soil surface. Had a higher value been chosen for the BACTKDQ
parameter, rainfall would most likely have been a more sensitive parameter in the global
sensitivity analysis due to more interaction between surface runoff and bacteria
concentration at the soil surface. Another parameter that could influence the climate
change sensitivity analysis results is the THBACT parameter. Altering the THBACT
value changes the sensitivity of bacteria die-off and growth to changes in temperature.
The results of this study would be very different if the sensitivity analyses were
conducted in another watershed, because the bacteria parameters for the calibrated model
116

would have different values. Essentially, the climate sensitivity results found in this
study are only applicable to the BSRW and do not necessarily reflect how bacteria
concentrations in other watersheds would respond under these same climate changes.
Future studies that use the SWAT model to assess the sensitivity of bacteria transport to
climate change should also consider incorporating the SWAT bacteria parameters in the
climate change sensitivity analysis. Incorporating the bacteria parameters could lead to a
more comprehensive sensitivity analysis and demonstrate the interaction of the SWAT
bacteria parameters and the climate change parameters on bacteria fate and transport.
The purpose of this study was to see how the individual potential climate change
parameters can affect bacteria concentrations in surface waters. This study did not seek
to model bacteria transport using realistic future climate scenarios where rainfall,
temperature, solar radiation, CO2 concentration, and relative humidity are changing
simultaneously. The results of this study do suggest that the effects climate change
parameters on surface water bacteria concentrations might cancel each other out. For
example, increased rainfall causes bacteria concentrations to increase and increased
temperature causes bacteria concentrations to decrease. If both of these climate changes
occur in the future, then the combined effects of rainfall and temperature change might
not necessarily have a significant impact on bacteria concentrations. However, before
implementing future climate change scenarios, more modeling and field-based studies
should be conducted to investigate how each of the individual climate changes reacts
with bacteria concentrations. Such studies will provide valuable information for future
modelers looking to apply down-scaled climate models to assess the impacts of climate
change on bacteria fate and transport.
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Conclusion
This study assessed the sensitivity of fecal coliform bacteria concentrations to
changes in precipitation, temperature, CO2 concentrations, solar radiation, and relative
humidity in an agricultural watershed. The model was calibrated and validated for
streamflow and fecal coliform bacteria concentrations using SWAT. The model
demonstrated good to very good performance in simulating daily streamflow (R2 = 0.640.77, NSE = 0.57-0.75) and fair performance in simulating fecal coliform bacteria
concentrations (R2 = 0.56-0.60, NSE = 0.23-0.40). The bacteria parameters that were
found to be the most sensitive in the model were BACTKDQ, BACT_SWF, and
BACKTKDDB. The one-at-a-time and global sensitivity analyses showed that average
fecal coliform bacteria concentrations were most sensitive to changes in temperature,
followed by rainfall, solar radiation, and CO2 concentrations.
Increased rainfall caused greater wash-off of fecal coliform bacteria colonies from
soil surfaces, which resulted in higher bacteria concentrations in surface water.
Conversely, when rainfall decreased, there was less wash-off of fecal coliform bacteria,
which resulted in lower bacteria concentrations in surface water. When temperature in
the watershed was increased even slightly, bacteria concentration decreased due to higher
bacteria die-off rates. Increasing solar radiation resulted in higher bacteria
concentrations, which was caused by increased ET in the watershed. Increasing CO2
concentration from the baseline condition to 800 ppm did not cause any significant
changes in fecal coliform bacteria concentration, but when CO2 reached over 800 ppm,
average bacteria concentration decreased only by 4.7%. Relative humidity was shown to
have no impact on bacteria concentrations in the watershed.
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The results of this study point to a need for more watershed modeling and fieldbased research that fully investigates the impact each individual climate parameter on
bacteria concentrations in surface water. More specifically, future research should focus
on thoroughly understanding bacteria transport processes and mechanisms that are
directly affected by changes in climate. Such studies would help inform and guide
watershed managers and policy makers who are tasked with setting water quality
standards. These standards should be set while taking potential climate changes into
account, especially when it comes to addressing uncertainty in water quality modeling
results.
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CHAPTER V
ASSESSING MODEL PARAMETER SENSITIVITY AND UNCERTAINTY OF
STREAMFLOW, SEDIMENT, AND NUTRIENT TRANSPORT
IN THE MISSISSIPPI DELTA USING SWAT
Abstract
The Big Sunflower River Watershed (BSRW) located in the Delta in northwestern
Mississippi currently suffers from water quality impairment due to sediments,
Phosphorus, and Nitrogen. As a result, there is a need to model the BSRW and
understand the uncertainties associated with predicting pollutant loads emanating from
non-point sources. The objectives of this study are to (1) use the Soil and Water
Assessment (SWAT) to construct a model for the BSRW to simulate streamflow, Total
Sediment (TS), Total Phosphorus (TP), and Total Nitrogen (TN) loads, and (2) use the
Sequential Uncertainty Fitting (SUFI-2) algorithm to quantify the model parameter
sensitivity and uncertainty in simulating streamflow, TS, TP, and TN loads.
The model was calibrated from 1996 to 2003 and validated from 2004 to 2010 for
daily streamflow, TS load, TP load, and TN load. The model performed well simulating
daily streamflow (R2 = 0.58-0.75, NSE = 0.47-0.75), TS load (R2 = 0.50-0.72, NSE =
0.47-0.66), and TP load (R2 = 0.79-0.82, NSE = 0.73-0.77), and the model performance
was slightly low for TN load (R2 = 0.13-0.31, NSE = -0.09-0.07). This study determined
that parameter uncertainty was greatest for simulating TN load (p-factor = 0.48, r-factor =
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1.25) and that parameter uncertainty was lowest for simulating streamflow (p-factor =
0.70-0.78, r-factor = 1.18-1.19). Output uncertainty was much greater during peak
streamflow and peak pollutant loads compared to periods of low streamflow and low
pollutant loads. The uncertainty analyses also demonstrated that different combinations
of parameter values yielded the same model performance, thus equifinality was present in
the model. The sensitivity analyses found that streamflow was most sensitive to
Manning’s roughness coefficient for the main channel (CH_N2), TS load was most
sensitive the peak rate adjustment factor for sediment routing in the tributary channels
(ADJ_PKR), TP load was most sensitive to the Phosphorus enrichment ratio for loading
with sediments (ERORGP), and TN load was most sensitive to the denitrification
exponential rate coefficient (CDN). In general, the parameters that were sensitive for
streamflow were also found to be sensitive for sediment and nutrient transport. This
study also addressed the main limitation in quantifying uncertainty using SUFI-2, which
is that the p-factor and r-factor do not explicitly address or quantify the presence of
equifinality in the model parameters. Therefore, it is highly recommended to examine
the distribution of behavioral simulations to find any parameter combinations that yield
the same model performance.
Introduction
Watershed models are becoming increasingly popular and necessary in predicting
the impacts of climate changes and management practices on both water quantity and
water quality. These models attempt to simulate important natural processes that occur in
the environment such as rainfall, runoff, evaporation, groundwater transport, vegetation
growth, sediment and nutrient transport, and bacteria growth (Gassman et al., 2007;
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Moriasi et al., 2012; Duda et al., 2012). With rapid technological advancements and
faster computing capabilities, these models are becoming increasingly complex, and they
contain numerous parameters representing various watershed processes. As a result,
quantifying parameter uncertainty and sensitivity in watershed models is a hot topic in
environmental modeling and one of the biggest challenges to improving hydrological and
water quality model predictions (Sellami et al., 2013). Incorporating sensitivity and
uncertainty in hydrological and water quality models can provide insight to overall model
structure and parameter interactions, while aiding stakeholders and policy makers in
implementing efficient and useful water resource management practices.
Uncertainty analysis can be defined as the process of quantifying the level of
confidence in a given model simulation output which can be influenced by the amount
and quality of input data, or lack thereof (Moriasi et al., 2007). Model uncertainty can
emanate from watershed model structure, inputs, and parameters. Uncertainty from
model structure can originate from processes simplified in the conceptual model,
processes occurring in the watershed but not included in the model, processes included in
the model but the occurrences are unknown to the modeler, or processes not included in
the model and unknown to the modeler. Uncertainty from watershed model inputs can be
caused by observation errors, such as errors in measuring precipitation or temperature.
Also, input uncertainty can result from the incorporation or representation of the inputs in
the model, such as extending point observation data to large distributed watershed models
with multiple basins. Watershed models can also suffer from uncertainty due to multiple
model parameter combinations that can lead to the same model performance, which is
termed equifinality (Beven and Binley, 1992).
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There are many uncertainty analysis techniques that have been employed in
previous watershed modeling studies. Some examples of these techniques include the
Generalized Likelihood Uncertainty Estimation (GLUE), Markov chain Monte Carlo
simulations, Parameter Solution (ParaSol), and Sequential Uncertainty Fitting (SUFI-2)
procedure (Shen et al., 2012; Sellami et al., 2013; Yang et al., 2008). The First Order
Error Analysis (FOEA) uncertainty method was used along with the Soil and Water
Assessment Tool (SWAT) for a watershed in the Three Gorges Reservoir in China to
quantify the parameter uncertainty of non-point source pollutants resulting from different
land uses (Shen et al., 2010). The authors found that the water quality parameter
uncertainty for crop land use was related to runoff processes and soil properties, while
parameter uncertainty for forests and grasslands was mainly associated with runoff
processes (Shen et al., 2010). A GLUE based watershed model comparison study
between the Hydrologic Simulation Program-Fortran (HSPF) and SWAT conducted for
the Illinois River Basin found that both models exhibit large parameter uncertainty due to
equifinal solutions (Xie and Lian, 2013). Linhoss et al. (2013) applied the Pitman model
to conduct a sensitivity and uncertainty analysis for the Okavango Basin in southern
Africa under climate change scenarios and found that parameter uncertainty and
sensitivity changed significantly between dry and wet climate scenarios. Li et al. (2009)
used a Bayesian approach for uncertainty analysis along with SWAT and found that
parameter uncertainty on the hydrological model prediction uncertainty was low, and that
most of the posterior distributions of the hydrological parameters are not normally
distributed. However, using a Bayesian-based uncertainty analysis requires large number
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of repeated simulations compared to conducting an uncertainty analysis using other
methods such as GLUE, ParaSol, or SUFI-2 (Yang et al., 2008).
Yang et al. (2008) compared various uncertainty analysis methods and found that
the SUFI-2 algorithm required the least number of repeated simulations to achieve good
prediction uncertainty ranges. Therefore, SUFI-2 was used in this study to quantify the
parameter uncertainty on streamflow and water quality outputs in the Big Sunflower
River Watershed (BSRW) in the state of Mississippi. The BSRW currently suffers from
water quality deterioration as a result of sediments, Phosphorus, and Nitrogen from
excessive fertilizer applications and tillage practices. The watershed is also listed in the
EPA Section 303(d) of the Clean Water Act (CWA) of impaired water bodies due to
sediments and nutrient pollution (MDEQ, 2008a; MEDQ, 2008b). To aid watershed
managers in alleviating water resource impairment, the BSRW has been modeled using in
a number of studies to assess the impacts management practices on water quantity and
quality (Barlow and Clark, 2011; Kim et al., 2013; Parajuli et al., 2013). However, no
research has yet been conducted to account for the sensitivity and uncertainty of model
parameters on hydrological and water quality predictions in the BSRW using SWAT.
Therefore, the objectives of this study are to (1) use SWAT to construct a model for the
BSRW using various inputs to simulate streamflow, Total Sediment (TS), Total
Phosphorus (TP), and Total Nitrogen (TN) loads, and (2) use the SUFI-2 algorithm to
quantify the model parameter uncertainty and sensitivity in simulating streamflow, TS,
TP, and TN loads.
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Methodology
Study area description
The BSRW is located in western Mississippi and covers an area of 10,488 Km2
and contains areas from 10 counties. The BSRW resides in an agriculturally dominated
area of Mississippi locally known as the Delta, which is part of a larger basin called the
Yazoo River Basin. Over 80% of the land use in the watershed consist of corn, soybean,
cotton, and rice crops (Parajuli et al., 2013). The BSRW has very little change in
elevation, with higher slopes in the northern regions and lower slopes in the southern
regions (Figure 5.1). Over 90% of the soils in the watershed have high clay and silt
content, and they are classified as National Resources Conservation Service (NRCS)
hydrologic soil groups C and D, which allow for high runoff potential. The BSRW has
an average annual rainfall of more than 52 inches, with most of the precipitation in the
watershed occurring during the winter and spring seasons (Barlow and Coupe, 2014).
The BSRW consists of two main rivers, which are the Big Sunflower River and
the Bogue Phalia River. These rivers drain into the Yazoo River and eventually drain
into the Mississippi River just south of Vicksburg (Parajuli and Jayakody, 2012). The
BSRW, with its heavy crop production and heavy use of fertilizers, can contribute a large
amount of nutrients into the Mississippi River, which drains into the Gulf of Mexico.
Currently, the Gulf of Mexico is the second largest zone of coastal hypoxia, or surface
water that is Oxygen depleted due to increased eutrophication caused by high levels of
nutrients (Rabalais et al., 2002). These hypoxic conditions have caused a number of
environmental problems, namely a loss in biodiversity and difficulty for fishermen to
catch fish, shrimp, and crabs (Rabalais et al., 2002). Therefore, the water quality issues
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in the BSRW highlighted in section 303(d) of the CWA are of great concern because of
the high levels sediments and nutrients found in the Big Sunflower River and Bogue
Phalia River and their tributaries. Based on the Total Maximum Daily Load (TMDL)
reports, the Mississippi Department of Environmental Quality (MDEQ) recommends
streambank and riparian buffer zone restoration and other sediment reduction Best
Management Practices (BMPs) for the Mississippi Delta (MDEQ, 2008a). The MDEQ
also recommends an 85.3% reduction in Phosphorus loads and a 68.1% reduction in
Nitrogen loads (MDEQ, 2008b). The main sources of sediment and nutrient pollution in
the BSRW are fertilizer applications, failing septic systems, waste water treatment plants,
animal manure, tillage practices, and gully erosion (MDEQ, 2008a; MDEQ, 2008b;
Parajuli et al., 2013).
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Figure 5.1

Map of BSRW

Note: The 32 sub-basins were delineated using SWAT and used to build the BSRW
model.
SWAT model description
SWAT is a semi-distributed watershed-scale that quantifies the impacts of
management practices and climate change on streamflow and pollutant loads at the daily,
131

monthly, or annual time scale in large watersheds with varying land use and soil
conditions (Arnold et al., 1998; Neitsch et al., 2011). The hydrological processes that
can be modeled in SWAT include precipitation, surface runoff, soil storage,
evapotranspiration, infiltration, subsurface flow, and groundwater flow (Neitsch et al.,
2011). The pollutants that can be currently modeled in SWAT are sediment, Nitrogen,
Phosphorus, pesticide, and bacteria loads (Neitsch et al., 2011). SWAT uses a Digital
Elevation Model (DEM) to first delineate the watershed into sub-basins, which are then
further divided into Hydrological Response Units (HRUs). Each HRU consists of a
unique combination of land use, soil, and slope class. SWAT then uses precipitation and
temperature data from the weather stations that are in and around the watershed to
calculate a water budget consisting of soil water content, precipitation, surface runoff,
evapotranspiration, infiltration, and groundwater flow. ArcSWAT 2012 was used in this
study, which is an ArcGIS extension and graphical user input interface.
The simulation of the hydrology in SWAT can be divided into two phases: the
land phase and the routing phase (Neitsch et al., 2011). The land phase governs the
amount of water and pollutant loadings to the main channel in each sub-basin, and the
routing phase governs the movement of water and pollutant loadings through the channel
network to the outlet of the watershed (Neitsch et al., 2011). Sediment yield is calculated
for each HRU using the Modified Universal Soil Loss Equation (MUSLE), which is
shown in equation 5.1
𝑠𝑒𝑑 = 11.8 ∗ (𝑄𝑠𝑢𝑟𝑓 ∗ 𝑞𝑝𝑒𝑎𝑘 ∗ 𝑎𝑟𝑒𝑎ℎ𝑟𝑢 )

0.56

∗ 𝐾 ∗ 𝐶 ∗ 𝑃 ∗ 𝐿𝑆 ∗ 𝐶𝐹𝑅𝐺

(5.1)

where sed is the sediment yield during the day (metric tons), Qsurf is the volume of
surface runoff (mm/ha), qpeak is the peak runoff (m3/s), areahru is the HRU area (ha), K is
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the soil erodibility factor, C is the USLE cover factor, P is the USLE support practice
factor, LS is the USLE topographic factor, and CFRG is the coarse fragment factor
(Neitsch et al., 2011).
Phosphorus is modeled in SWAT via the Phosphorus cycle, which describes the
different phases and pools of mineral and organic Phosphorus. There are 6 different
pools of Phosphorus modeled in the soil: 3 pools are organic forms and 3 are inorganic
forms. The 3 organic forms include fresh organic Phosphorus from crop residue and
biomass, active organic Phosphorus from soil humus, and stable organic Phosphorus
from soil humus (Neitsch et al., 2011). The 3 inorganic forms include solution
Phosphorus associated with fertilizer application and plant uptake, active inorganic
Phosphorus, and stable inorganic Phosphorus (Neitsch et al., 2011). SWAT models
Nitrogen in the soil by monitoring 5 different pools: 2 pools are inorganic forms and 3
pools are organic forms. The 2 inorganic forms are NH4+ and NO3-, and the 3 organic
forms are similar to the organic Phosphorus pools, which are active, stable, and fresh
organic forms (Neitsch et al., 2011). More information on the fate and transport of
nutrients in SWAT can be found in Netisch et al. (2011).
Model inputs
To incorporate elevation data in the model, a 10m by 10m DEM grid was
downloaded from the National Elevation Dataset from the United State Geological
Survey (USGS) to delineate the watershed. For processing in SWAT, the DEM was
divided into 3 different slope classes. Land use data was also used to develop the BSRW
model, which was downloaded from the U.S. Department of Agriculture (USDA)
National Agricultural Statistics Service (NASS) (USDA-NASS, 2011). Soil data for the
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watershed was downloaded from Soil Survey Geographic (SSURGO) database, which
consisted of a raster image with multiple soil layers (USDA, 2005). After delineating the
watershed into 32 sub-basins, the watershed was further divided into 2209 HRUs based
on the land use, soil, and slope class data.
Quality controlled daily rainfall and temperature data from 1996 to 2010 from 11
weather stations were obtained from the USDA climate database. These climate data
were obtained from the Cooperative Observer Network and the Weather Bureau Army
Navy Stations from the National Oceanic and Atmospheric Administration (NOAA)
(USDA-ARS, 2010). Daily solar radiation and relative humidity data from the Delta
Research and Extension Center were incorporated in the model. The weather generator
in SWAT calculated any missing solar radiation and relative humidity values based on
the rainfall and temperature inputs.
To account for the potential impacts of agricultural practices on streamflow and
pollutant transport, planting, harvesting, irrigation, fertilizer applications, and tillage
practices were incorporated in the model for corn, soybean, cotton, and rice crops (Table
5.1). Planting and harvesting dates were obtained from a USDA-NASS report titled
“Usual Planting and Harvesting Dates for U.S. Field Crops” (USDA, 1997). Because the
report only includes the beginning date and final date during the most active planting and
harvesting periods, the midpoint was chosen to model consistent planting and harvesting
times (Table 5.1). Monthly irrigation rates for corn, soybean, cotton, and rice were
supplied by the Yazoo Mississippi Delta (YMD) Joint Water Management District, which
was incorporated in the model by averaging irrigation rates from 2002 to 2010 (YMD,
2010). Because the irrigation data is at the monthly scale, irrigation practices were
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simulated in SWAT only once per month during the growing season (Table 5.1).
Conventional tillage was simulated in the model, which is the most common tillage
practice used in the BSRW for corn, soybean, cotton, and rice (Jones et al., 1995).
Conventional tillage in the BSRW usually includes disking, hipping, and sub-soiling to
establish the seed beds in the fall, and a do-all or roller in the spring right before planting
(Table 5.1) (Parajuli et al., 2013). Nitrogen and Phosphorus fertilizer applications were
also simulated in the model, which were based on the USDA-NASS “Quick Stats”
database (Table 5.1) (USDA-NASS, 2014). This database contains information
regarding the average amount of fertilizer used per application and the average number of
applications per year for each crop type. The timing of the fertilizer applications used in
the model was based on reports published by the Mississippi State University Extension
Service which contain recommendations for the optimal timing of each type of fertilizer
(Table 5.1) (MSU 2008a; MSU, 2008b; MSU, 2010; MSU, 2011).
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Table 5.1
Crop type
Soybean

Corn

Cotton

Rice

Crop management schedules used in the BSRW SWAT model
Date
Apr-1
May-1
May-11
May-11
May-11
Jun-1
Jul-1
Aug-1
Oct-6
Oct-15
Nov-1
Nov-15
Dec-1
Apr-1
Apr-10
Apr-10
May-1
May-1
Jun-1
Jul-1
Sep-6
Oct-1
Oct-1
Oct-15
Nov-1
Nov-15
Apr-1
May-7
May-7
Jun-1
Jun-1
Jul-1
Aug-1
Oct-12
Oct-15
Nov-1
Nov-1
Nov-15
Dec-1
Apr-1

Operation
Tillage operation
Plant
Fertilizer app
Fertilizer app
Irrigation operation
Irrigation operation
Irrigation operation
Irrigation operation
Harvest and Kill
Tillage operation
Tillage operation
Tillage operation
Tillage operation
Tillage operation
Plant
Fertilizer app
Fertilizer app
Irrigation operation
Irrigation operation
Irrigation operation
Harvest and Kill
Fertilizer app
Tillage operation
Tillage operation
Tillage operation
Tillage operation
Tillage operation
Plant
Fertilizer app
Fertilizer app
irrigation operation
irrigation operation
irrigation operation
Harvest and Kill
Tillage operation
Fertilizer app
Tillage operation
Tillage operation
Tillage operation
Tillage operation
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Parameters
TILL_ID = Landall Do-all
n/a
FERT_ID = N, FRT_KG = 17.9
FERT_ID = P, FRT_KG = 51.6
IRR_AMT = 30.48 mm
IRR_AMT = 121.92 mm
IRR_AMT = 91.44 mm
IRR_AMT = 91.44 mm
n/a
TILL_ID = Disk Plow Ge23ft
TILL_ID = Paraplow
TILL_ID = Disk Plow Ge23ft
TILL_ID = Bedder Disk-hipper
TILL_ID = Landall Do-all
n/a
FERT_ID = N, FRT_KG = 87.4
FERT_ID = N, FRT_KG = 87.4
IRR_AMT = 60.96
IRR_AMT = 121.92
IRR_AMT = 60.96
n/a
FERT_ID = P, FRT_KG = 52.3
TILL_ID = Disk Plow Ge23ft
TILL_ID = Paraplow
TILL_ID = Disk Plow Ge23ft
TILL_ID = Bedder Disk-hipper
TILL_ID = Landall Do-all
n/a
FERT_ID = N, FRT_KG = 72.9
FERT_ID = N, FRT_KG = 36.4
IRR_AMT = 60.96
IRR_AMT = 91.44
IRR_AMT = 30.48
n/a
TILL_ID = Disk Plow Ge23ft
FERT_ID = P, FRT_KG = 52.7
TILL_ID = Paraplow
TILL_ID = Disk Plow Ge23ft
TILL_ID = Bedder Disk-hipper
TILL_ID = Landall, Do-all

Table 5.1 (continued)
Rice

Jun-1
Fertilizer app
FERT_ID = N, FRT_KG = 70.6
Jun-1
Irrigation Operation
IRR_AM = 365.76
Jul-1
Fertilizer app
FERT_ID = N, FRT_KG = 70.6
Jul-1
Irrigation Operation
IRR_AM = 335.76
Aug-1
Irrigation Operation
IRR_AM = 30.48
Sep-26
Harvest and kill
n/a
Oct-1
Tillage operation
TILL_ID = Disk Plow Ge23ft
Oct-15
Tillage operation
TILL_ID = Paraplow
Nov-1
Tillage operation
TILL_ID = Disk Plow Ge23ft
Nov-15
Tillage operation
TILL_ID = Bedder Disk-hipper
Note: TILL_ID = tillage operation, FERT_ID = fertilizer type, FRT_KG = amount of
fertilizer application in kg/ha, IRR_AM = amount of irrigation water per application
(mm/ha)
Waste Water Treatment Plants (WWTPs), failing septic systems, and livestock
manure were also accounted for in the model to quantify sediment and nutrient loads
(Table 5.2). WWTP discharge information was obtained from the EPA Discharge
Monitoring Report (DMR) loading tool, which is based on data collected from EPA’s
National Pollutant Discharge Elimination System (NPDES) program (USEPA, 2014).
The DMR loading tool contains information regarding the names and locations of the
facilities that discharge pollutants, as well as the amount of water, sediments,
Phosphorus, and Nitrogen being discharged into surface waters. For this study, the
discharge and pollutant load amounts for each NPDES facility were averaged from the
year 2007, which is the earliest period of record, to the year 2010. The average flows,
sediment, Phosphorus, and Nitrogen loads from WWTPs were averaged across each subbasin because point sources must be included at the sub-basin scale in the SWAT model.
The average sub-basin facility discharges in the model range from 1.42 to 10430.96
m3/day, average sediment loads range from 3.06 x 10-5 to 0.34 metric tons/day, average
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NH3 loads range from 0.03 to 112.39 kg/day, and average mineral Phosphorus loads
range from 0.45 to 13.31 kg/day.
Failing septic systems in the BSRW were modeled by obtaining the number of
septic systems in each county in the BSRW from the Mississippi Department of Health
(Table 5.2) (MSDH, 2014). There are approximately a total of 9375 septic systems in the
BSRW, assuming that the septic systems are distributed uniformly throughout each
county. For this study, it was assumed that 60% of the septic systems were functioning
normally and not contributing any sediment or nutrient pollution, and 40% were failing.
While there is no feasible way to assess the actual number of failing septic systems in the
watershed, other pollutant modeling studies have also used a failure rate of around 40%
(Coffey et al., 2009; Jayakody et al., 2014). This study also assumed an average of 3
persons per household using each failing septic system, which is reasonably accurate
given the county population data provided by MSDH (MSDH, 2014). Because there is
no way to currently simulate failing septic systems in SWAT, a “continuous fertilizer
application” operation was employed to apply human feces from failing septic systems on
grassland and forest lands in the BSRW. This modeling technique has been used
previously in other watershed modeling studies (Coffey et al., 2009; Parajuli et al., 2009).
The model considered each person in the watershed to contribute 150 grams of feces and
0.32 m3 sewage effluent per day, with the effluent consisting of 60 mg/L of mineral
Nitrogen, 9 mg/L of mineral Phosphorus, 13 mg/L of organic Nitrogen, 1 mg/L of
organic Phosphorus (Reddy et al., 1981; Siegrist et al., 2005).
Beef manure, swine manure, and poultry litter applications were also included in
the model, which are based on the 2002 and 2007 county level livestock population data
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collected by USDA-NASS (Table 5.2) (USDA-NASS, 2007). The animal populations
were multiplied by the amount of grassland in the watershed to obtain the animal
population densities at the sub-basin level in the model. The amount of manure applied
to grasslands and pastures were estimated using the standards set by the American
Society of Agricultural Engineering (ASAE, 2003). The average amount of wet fresh
manure deposited per 1000 kg animal mass for poultry, beef cattle, and swine are 64 Kg,
58 Kg, and 84 Kg, respectively (ASAE, 2003). Because the SWAT model only considers
the dry weight of manure, the dry weight from the ASAE standards was used, which is 16
Kg, 8.5 Kg, 11 Kg per 1000 Kg animal mass for poultry, beef cattle, and swine,
respectively (ASAE, 2003). The fertilizer database in SWAT was used for an estimate of
the average amount of Nitrogen and Phosphorus in the animal manure. More information
on the nutrient content of the animal manure in the SWAT database can be found in
Neitsch et al. (2011).
Table 5.2

Sediment and nutrient sources used in the BSRW SWAT model

County

WWTPs

Bolivar
Coahoma
Humphreys
Issaquena
Leflore
Sharkey
Sunflower
Tallahatchie
Washington
Yazoo

19
6
3
0
3
3
15
2
0
0

Poultry
population
45
0
84
0
90
0
20100
650
332
234

Beef cattle
population
800
900
100
100
100
0
600
4100
400
7200
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Swine
population
489
150
394
0
108
0
1396
18
75
7279

Septic
Systems
2838
1871
1409
539
1574
828
2087
2717
3505
3745

Model calibration and validation
Before analyzing the uncertainty and sensitivity of the model outputs, the model
was calibrated and validated for streamflow, TS, TP, and TN loads based on the best
simulation from the uncertainty analyses. The calibration period is from 1996 to 2003
and the validation period is from 2004 to 2010. The observed data consists of daily
streamflow from 3 USGS gauge stations and TS, TP, and TN load data at 1 USGS gauge
station (Figure 5.1). The observed daily streamflow data at the Merigold (07288280)and
Leland (USGS 07288650) gauge stations ranged from 1996 to 2010, while the Sunflower
(USGS 07288500) gauge station ranged from 2002 to 2010. The water quality data was
only available at the Leland gauge station, which also ranged from 1996 to 2010. There
are a total of 240 observed data points for TS load, 227 observed data points for TP load,
and only 128 data points for TN load (USGS, 2015).
Sensitivity and Uncertainty Analysis
The SUFI-2 algorithm was used to perform the sensitivity and uncertainty
analyses using the SWAT Calibration and Uncertainty Programs (SWAT-CUP)
(Abbaspour, 2013). While the SUFI-2 algorithm is primarily used as an auto-calibration
procedure, for this study, it is used to quantify model uncertainty. The algorithm
attempts to account for all sources of uncertainty from input variables, conceptual model,
parameters, and measured data (Abbaspour, 2013). The uncertainty of the output
variables is expressed as the 95% probability distributions calculated at 2.5% and 97.5%
of the cumulative distribution resulting from the propagation of parameter uncertainty,
which is referred to as the 95% prediction uncertainty (95PPU) (Abbaspour, 2013). The
95PPU is used to estimate the overall model parameter uncertainty by calculating P140

factors and R-factors. The P-factor is the percentage of the observed data bracketed by
the 95PPU, and the R-factor is a function of the average thickness of the 95PPU divided
by the standard deviation of the observed data (Rouholahnejad et al., 2012). SUFI-2
attempts to optimize the objective function after each iteration to find the best simulation
by calculating smaller and smaller parameter ranges that are centered on the best
simulation. For this study, the objective function that is used is the Nash-Sutcliffe
Efficiency (NSE) (Nash and Sutcliffe, 1970).
Parameter uncertainty is quantified in the following order in this study: 1.)
streamflow, 2.) TS load, 3.) TP and TN loads. After the streamflow uncertainty analysis,
the modeler is tasked with choosing a streamflow parameter set that should be used for
the subsequent water quality uncertainty analyses. If the streamflow parameter set from
the best simulation is chosen, then it is assumed that the streamflow model has only one
correct parameter set, which is not a correct assumption in the science of modeling.
Furthermore, choosing one streamflow parameter set will distort the uncertainty and
sensitivity of the water quality parameters on TS, TP, and TN loads. To resolve this
issue, the SUFI-2 calculated parameter ranges were used after an iteration that is based on
the confidence interval around the best simulation. Hence, these newly updated
parameter ranges are smaller than the initial parameter ranges used in the iteration, and
the upper and lower limits are calculated using equations 5.2 and 5.3:
′
𝑏𝑖,𝑚𝑖𝑛
= 𝑏𝑖,𝑙𝑜𝑤𝑒𝑟 − 𝑀𝑎𝑥 (

(𝑏𝑖,𝑙𝑜𝑤𝑒𝑟 − 𝑏𝑖,𝑚𝑖𝑛 ) (𝑏𝑖,𝑚𝑎𝑥 −𝑏𝑖,𝑢𝑝𝑝𝑒𝑟 )

′
𝑏𝑖,𝑚𝑎𝑥
= 𝑏𝑖,𝑢𝑝𝑝𝑒𝑟 + 𝑀𝑎𝑥 (

,

2

2

)

(𝑏𝑖,𝑙𝑜𝑤𝑒𝑟 − 𝑏𝑖,𝑚𝑖𝑛 ) (𝑏𝑖,𝑚𝑎𝑥 −𝑏𝑖,𝑢𝑝𝑝𝑒𝑟 )

,

2
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2

)

𝑖 = 1, 2, … , 𝑛

(5.2)

𝑖 = 1, 2, … , 𝑛 (5.3)

′
′
where 𝑏𝑖,𝑚𝑖𝑛
and 𝑏𝑖,𝑚𝑎𝑥
are the updated parameter ranges, 𝑏𝑖,𝑙𝑜𝑤𝑒𝑟 and 𝑏𝑖,𝑢𝑝𝑝𝑒𝑟 are

calculated using values of the best parameter set and their confidence intervals, 𝑏𝑖,𝑚𝑖𝑛 and
𝑏𝑖,𝑚𝑎𝑥 are the initial parameter ranges, and n is the number of parameters included in the
uncertainty analysis.
The global sensitivity analyses were conducted using equation 5.4, which
regresses the sampled parameter values against the objective function values.
𝐹 = 𝛽0 + ∑𝑛𝑖=1 𝛽𝑖 𝑏𝑖

(5.4)

Where F is the objective function, 𝑏𝑖 is the i-th parameter, 𝛽0 is the regression
constant, 𝛽𝑖 is the regression coefficient for parameter 𝑏𝑖 , and n is the number of
parameters in the sensitivity analysis. This sensitivity analysis calculates a t statistic and
p-value for each parameter, which provides the sensitivity and significance of a
parameter relative to the other parameters. For this analysis, the null hypothesis is that
regression coefficient is equal to zero and that there is no effect, and the alternative
hypothesis is that there is an effect of a certain parameter on the objective function. A
significance level of <0.05 is considered acceptable in this study to reject the null
hypothesis and to conclude that that the parameter has a significant effect on the objective
function.
A total of 8000 simulations are conducted for the quantification of uncertainty and
sensitivity: 2000 for streamflow, 2000 for TS load, 2000 for TP load, and 2000 for TN
load. The SWAT model parameters included in the uncertainty and sensitivity analyses
are sampled from a uniform distribution using Latin Hypercube sampling. The
hydrological parameters included in the uncertainty analyses affect streamflow, surface
runoff, ET, soil water storage, and groundwater. These parameters are the Soil
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Conservation Service (SCS) curve number (CN2), the surface runoff lag time
(SURLAG), available soil water capacity of the soil layer (SOL_AWC), the saturated
hydraulic conductivity of the soil layer (SOL_K), Manning’s roughness coefficient for
the main channel (CH_N2), the soil evaporation compensation factor (ESCO), the plant
uptake compensation factor (EPCO), the baseflow alpha factor (ALPHA_BF), the
groundwater delay time in days (GW_DELAY), the groundwater revap coefficient
(GW_REVAP), and the threshold depth of water in the shallow aquifer for baseflow to
occur in mm (REVAPMN). The sediment parameters included in the analyses are the
USLE crop cover factor (USLE_C), the USLE support practice factor (USLE_P), the
USLE soil erodibility factor (USLE_K), the peak rate adjustment factor for sediment
routing in the main channel (PRF), the peak rate adjustment factor for sediment routing in
the tributary channels (ADJ_PKR), the linear parameter (SPCON) and exponent
parameter (SPEXP) for calculating the amount of sediments that can be reentrained
during channel sediment routing, the channel erodibility factor (CH_COV1), and the
channel cover factor (CH_COV2). The parameters affecting Phosphorus transport
included in the TP load uncertainty analysis are the Phosphorus percolation coefficient
(PPERCO), Phosphorus soil partitioning coefficient (PHOSKD), Phosphorus availability
index (PSP), Phosphorus uptake distribution parameter (P_UPDIS), Phosphorus
enrichment ratio for loading with sediments (ERORGP), initial organic Phosphorus
concentration in the soil layers (SOL_ORGP), initial soluble Phosphorus concentration in
the soil layers (SOL_SOLP), and the fraction of Phosphorus fertilizer applied to the top
10 mm of the soil (FRT_SURFACE{P}). The parameters affecting Nitrogen transport
included in the TN load uncertainty analysis are the nitrate percolation coefficient
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(NPERCO), the Nitrogen uptake distribution parameter (N_UPDIS), denitrification
threshold water content (SDNCO), denitrification exponential rate coefficient (CDN),
organic Nitrogen enrichment ratio for loading with sediments (ERORGN), initial organic
Nitrogen concentration in the soil layers (SOL_ORGN), initial Nitrate concentration in
the soil layers (SOL_NO3), initial concentration of nitrate in the shallow aquifer
(SHALLST_N), and the fraction of Nitrogen fertilizer applied to the top 10 mm of the
soil (FRT_SURFACE{N}). The sampling ranges for these parameters are based on the
ranges used in past SWAT modeling studies and the SWAT model documentation
(Arnold et al., 2012; Douglas-Mankin et al., 2010; Gassman et al., 2007; Neitsch et al.,
2011). More information on the SWAT parameters can be found in Neitsch et al. (2011).
Results and Discussion
Calibration and validation results
Using the parameters from the best simulation in each uncertainty analysis, the
model performed reasonably well during calibration and validation for daily streamflow,
TS load, and TP load; however, the model demonstrated unsatisfactory performance in
simulating daily TN load (Table 5.3). During streamflow calibration and validation, the
model performed better at the 2 downstream gauges (R2 = 0.65-0.75, NSE = 0.58-0.75),
which are the Sunflower and Leland gauges, compared to the upstream Merigold gauge
(R2 = 0.57-0.63, NSE = 0.47-0.58). At each of the 3 streamflow gauge locations, the
model always performed better during the calibration period compared to the validation
period, and this is likely due to the higher level of uncertainty associated with the
simulated streamflows during the 2004 to 2010 period than the 1996 to 2003 period
(Figure 5.2). For the water quality calibration and validation, the model performed the
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best in simulating TP load (R2 = 79-0.82, NSE = 0.73-0.77) and performed well in
simulating TS load (R2 = 0.50-0.72, NSE = 0.47-0.66). The model had low performance
in simulating TN load (R2 = 0.13-0.31, NSE = -0.09-0.07), and the potential reasons for
the low performance in simulating nitrogen loading are discussed in the uncertainty
analysis results section. However, it should be noted that other studies using SWAT also
had low R2 and NSE values when simulating nitrogen transport (Parajuli, 2007; Santhi et
al., 2001, Saleh and Du, 2004). The performance of the water quality model simulations
is closely related with the uncertainty and the 95PPU band calculated by the SUFI-2
algorithm. More information on the streamflow and pollutant load uncertainty results are
provided in the following sections.
Table 5.3

Model calibration and validation results

Streamflow
Calibration (1996-2003)
R2
NSE
Merigold (USGS 07288280)
0.63
0.58
Sunflower (USGS 07288500)
0.75
0.75
Leland (USGS 07288650)
0.71
0.67
Total Sediment Load
R2
NSE
Leland (USGS 07288650)
0.72
0.66
Total Phosphorus Load
R2
NSE
Leland (USGS 07288650)
0.82
0.77
Total Nitrogen Load
R2
NSE
Leland (USGS 07288650)
0.32
0.07
Gauge station

Validation (2004-2010)
R2
NSE
0.57
0.47
0.65
0.59
0.73
0.68
R2
0.50

NSE
0.47

R2
0.79

NSE
0.73

R2
0.13

NSE
-0.09

Streamflow sensitivity and uncertainty
The uncertainty of the daily streamflow outputs at the 3 USGS gauge stations are
shown in Figure 5.2. The resulting streamflows from the 2000 simulations were
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bracketed by 70-78% of the 95PPU, indicating low uncertainty in the model outputs. The
Merigold and Leland gauge stations had an r-factor of 1.18, and the Sunflower gauge
station had an r-factor of 1.19, which indicate that the observed streamflow and the
95PPU band matched very well. The streamflow uncertainty analysis from SUFI-2 found
a total of 275 behavioral simulations, or simulations that have NSE ≥ 0.5. It is evident
from Figure 2 that the output uncertainty is much greater during peak streamflows
compared to periods of low streamflows. For example, one of the biggest peak
streamflow events at the Merigold gauge station between 1996 and 2000 occurred during
October 2001, which peaked at 182 m3s-1. The upper limit of the 95PPU band during that
streamflow event was found to be 2594 m3s-1, which is several orders of magnitude
greater than the actual peak streamflow. The best streamflow simulation out of all 2000
simulations, which yielded acceptable NSE values of 0.54-0.68 when compared to
observed streamflow, usually underestimated the high peak streamflow magnitudes. This
is a known limitation of the streamflow model in SWAT, and it could be attributed to
errors in observed rainfall measurement during heavy precipitation events (Wu et al.,
2012; Jeong et al., 2010). However, the best simulation was generally able to capture
most of the peak streamflows at the daily scale at all 3 sites (Figure 5.2).
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Figure 5.2

Streamflow uncertainty analysis results

Note: Uncertainty analysis results for a.) Merigold, b.) Sunflower, and c.) Leland USGS
gauge stations showing the p-factors, r-factors, highest NSE values, 95PPU bands,
observed streamflows, and the best simulations that yielded the highest objective function
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The parameters that were most sensitive to streamflow at the 0.05 level of
significance are CH_N2, CN2, SURLAG, and ESCO (Table 5.4). As indicated in past
watershed modeling research, these SWAT parameters can have a significant impact on
streamflow because they directly impact surface runoff (Arnold et al., 2012; Parajuli et
al., 2013; Shrestha et al., 2012; Wu et al., 2012). The sensitivity of the Manning’s
roughness coefficient in the model points to the importance of the channel material to
streamflow in the watershed. Based on the behavioral simulations, values of CH_N2 that
were greater 0.2 tended to yield greater model performance (Figure 5.3). Higher values
of CH_N2 indicate that the main channel in the BSRW is a natural stream with heavy
brush lining the channel. The behavioral simulations also revealed that SURLAG values
less than 3 yielded the best model performance (Figure 5.3). Having a low SURLAG
value means that most of the runoff rapidly flows to the main reach of the watershed
during a rainfall event. This is consistent with the watershed’s topographical features,
because the soils in the BSRW are classified as hydrologic soil groups C and D, which
have low infiltration and high runoff potential (Coupe et al., 2012). The uncertainty
analysis also revealed that ESCO values lower than 0.6 tended to yield higher values of
NSE (Figure 5.3). This is in agreement with a watershed modeling study conducted for
the BSRW, where SUFI-2 was used to find that the fitted value for ESCO was 0.3
(Parajuli et al., 2013). The hydrologic parameters that were not sensitive in the model
were mainly the groundwater parameters such as ALPHA_BF, GW_DELAY,
GW_REVAP, and REVAPMN (Table 5.4). These results indicate that groundwater flow
in the BSRW does not significantly impact streamflow, because the over-extraction of
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groundwater for irrigation has led to little to no baseflow in the river channels, especially
in the growing season (Coupe et al., 2012; Barlow and Clark, 2011).
Among the sensitive hydrologic parameters, CH_N2 and SURLAG were the most
identifiable, while the CN2 and ESCO parameters contained a wide range of values that
yielded similar model performance (Figure 5.3). This points to the presence of
equifinality in the model, and that different combinations of parameter values yielded
similar NSE values. For example, the best simulation and the next best simulation
yielded an average NSE of 0.614 and 0.609, respectively. For the best simulation, the
CN2 parameter is set to +2.2%, and the CN2 parameter in the next best simulation is set
to -5.2%. While both parameter values yielded the 2 highest average NSE values that are
very similar, the CN2 parameters were very dissimilar. Another example involved the
ESCO parameter. ESCO was set to 0.20 for the best simulation and 0.44 for the next best
simulation. Therefore, estimating the true values of CN2 and ESCO could be difficult
because there are multiple CN2 and ESCO values that yield the same model performance.
These results also emphasize the fact that the non-identifiability of a parameter does not
necessarily mean that the parameter is not sensitive in the model (Shen et al., 2012).
SWAT parameters such as CN2 and ESCO are the most popular parameters to choose for
model calibration in many studies (Arnold et al., 2012). Thus, it is important to choose a
reasonable value for CN2 and ESCO that reflect the actual hydrology of the modeled
watershed.
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Table 5.4

Streamflow sensitivity analysis results

Parameter
Minimum
Maximum
Best value
t-stat
p-value
CH_N2
0.014
0.30
0.234
54.55
<0.01
CN2
-10.0%
+10.0%
+2.2%
-16.56
<0.01
SURLAG
1.00
12.00
1.13
-12.24
<0.01
ESCO
0.10
0.90
0.20
-3.28
<0.01
EPCO
0.10
0.90
0.47
1.83
0.07
SOL_K
-10.0%
+10.0%
+8.4%
0.93
0.35
REVAPMN
1.0
400.0
12.9
-0.81
0.42
GWQMN
1.0
1000.0
565.2
-0.66
0.51
ALPHA_BF
0.20
0.90
0.80
-0.49
0.62
GW_DELAY
2.0
45.0
22.9
-0.10
0.92
SOL_AWC
-10.0%
+10.0%
+2.9%
-0.10
0.92
GW_REVAP
0.020
0.200
0.167
-0.06
0.95
Note: Minimum and maximum are the parameter sampling ranges, best value is the
parameter value that yielded the highest objective function, t-statistic and p-value provide
the relative significance of the parameter.

Figure 5.3

Parameter samples versus NSE values from the streamflow uncertainty
analysis

Note: Only the behavioral simulations (NSE ≥ 0.5) are included in the plots
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TS load sensitivity and uncertainty
The uncertainty of TS load at the Leland gauge station is shown in Figure 5.4. TS
load uncertainty analysis resulted in a p-factor of 0.5, or 50% of the TS load simulations
bracketed by the 95PPU. It also resulted in an r-factor 1.27, which indicates that the
observed TS load and the 95PPU matched very well. From all 2000 simulations, only 33
simulations yielded an NSE ≥ 0.5, and the best one yielded an NSE of 0.56 when
comparing daily observed and simulated TS loads from 1996 to 2010 (Figure 5.4).
Similar to the streamflow uncertainty analysis, there is much greater uncertainty at higher
TS loads, which is evident from the wider 95PPU ranges during peak TS loads. It is also
evident that the simulated peak TS loads for the best simulation were always at the lower
bound of the 95PPU band, and sometimes the observed TS is outside the 95PPU range.
For example, during November 2004, the 95PPU ranged from 4,869.5 to 24,821.6 metric
tons/day (Figure 5.4). The best simulated TS load during that event was only 5923.0
metric tons/day, and the observed TS load was 3837.9 metric tons/day, which was outside
the uncertainty range (Figure 5.4). Previous research using SWAT to model erosion and
sediment transport have stated that SWAT has difficulties in modeling peak sediment
loads because SWAT does not account for floodplain erosion during peak streamflows
(Benaman and Shoemaker, 2005; Pai et al., 2011). Also, sediment load uncertainty could
be attributed to the timing and type of tillage practices that occur in the BSRW. The
model assumed a uniform timing of tillage for each type of crop in the watershed, which
could cause a bias in the prediction of sediment transport in the model. Overall, the TS
load uncertainty analysis suggests that the model usually overestimated the peak TS loads
and demonstrated low uncertainty during low TS loads.
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Figure 5.4

TS load uncertainty analysis results

Uncertainty analysis results are for the Leland USGS gauge station showing the p-factor,
r-factor, highest NSE value, 95PPU band, observed TS loads, and the best simulation that
yielded the highest objective function
A total of 21 parameters were included in the TS load uncertainty analysis that
affect both streamflow and sediment transport, and 9 parameters were found to be
sensitive to TS load at the 0.05 level of significance (Table 5.5). Only 5 of the 9 sensitive
parameters affect sediment transport, while the rest affect both surface runoff and
sediment transport. Among the parameters that only affect sediment transport,
ADJ_PKR was the most sensitive, followed by USLE_K, USLE_C, USLE_P, and then
SEPXP (Table 5.5). ADJ_PKR governs the effect of peak flow rate on sediment routing
in tributary channels and has been shown to have a major impact on sediment transport
(Migliaccio and Chaubey, 2008). This parameter was also shown to be the most
identifiable among the sediment parameters, because it is evident from the behavioral
simulations that the optimal ADJ_PKR value is between 0.5 and 1.1, while values above
1.1 yielded poor model performance (Figure 5.5). Although the USLE_K, USLE_C,
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USLE_P, and SEPXP parameters are sensitive to sediment loads, they were the main
sources of TS load uncertainty due to the presence of equifinality in the parameters. This
is evident from Figure 5.5, where the entire parameter sample space for USLE_K,
USLE_C, USLE_P, and SEPXP yielded the same model performance.
The TS load sensitivity analysis demonstrated that some hydrological parameters
were also sensitive to TS loading in the watershed (Table 5.5). Specifically, CH_N2 and
SURLAG were more sensitive than ADJ_PKR, and CN2 was more sensitive than the rest
of the sediment parameters. CH_N2 was the most important parameter in the model for
TS loads because this parameter directly affects the amount of erosion in the main
channel. SURLAG was also important because this parameter affects the amount and
timing of peak runoff, which impacts sediment transport in the channels. CH_N2 and
SURLAG were also found to not cause as much uncertainty in the TS load prediction as
the other parameters affecting sediment loading (Figure 5.5). It is evident that the SWAT
model performs well in simulating TS load for higher values of CH_N2 and lower values
of SURLAG, which is similar to the optimal CH_N2 and SURLAG ranges found in the
streamflow uncertainty analysis (Figure 5.3 and Figure 5.5). In general, the uncertainty
analysis suggests that not only are the hydrological parameters important in predicting TS
load, but they can cause less uncertainty than the sediment parameters in predicting TS
loads.
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Table 5.5

TS load sensitivity analysis results

Parameter
Minimum
Maximum Best value
t-stat
p-value
CH_N2.rte
0.124
0.300
0.267
42.25
<0.01
SURLAG.bsn
1.00
6.56
1.09
-31.18
<0.01
ADJ_PKR.bsn
0.50
2.0
0.88
-25.93
<0.01
CN2.mgt
-3.89%
+8.32
+7.09
-17.71
<0.01
USLE_K.sol
-10.0%
+10.0%
-4.0%
-9.00
<0.01
USLE_C.plant.dat
-10.0%
+10.0%
-4.6%
-5.23
<0.01
USLE_P.mgt
-10.0%
+10.0%
-3.5%
-3.70
<0.01
SPEXP.bsn
1.00
1.50
1.39
-3.47
<0.01
EPCO.hru
0.260
0.687
0.576
3.20
<0.01
CH_COV2.rte
0.000
0.300
0.025
1.84
0.07
GW_DELAY.gw
11.86
33.95
32.28
-1.33
0.18
GW_REVAP.gw
0.094
0.200
0.135
1.17
0.24
ALPHA_BF.gw
0.499
0.900
0.513
-1.00
0.32
CH_COV1.rte
0.000
0.300
0.199
-0.96
0.34
SOL_AWC.sol
-3.5%
+9.4%
+4.6%
0.74
0.46
ESCO.hru
0.100
0.550
0.464
-0.63
0.53
REVAPMN.gw
1.0
206.4
13.7
-0.57
0.57
PRF.bsn
0.000
2.000
1.012
0.49
0.62
SOL_K.sol
-0.7%
+10.0%
+5.5%
-0.26
0.80
GWQMN.gw
283.1
847.3
332.9
-0.19
0.85
SPCON.bsn
0.0001
0.0100
0.0028
-0.19
0.85
Note: Minimum and maximum are the parameter sampling ranges, best value is the
parameter value that yielded the highest objective function, t-statistic and p-value provide
the relative significance of the parameter.
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Figure 5.5

Parameter samples versus NSE values from the TS load uncertainty
analysis

Note: Only the behavioral simulations (NSE ≥ 0.5) are included in the plots
TP and TN load sensitivity and uncertainty
The uncertainty of TP and TN loads at the Leland gauge station is shown in
Figure 4. TP load uncertainty analysis resulted in a p-factor of 0.69, and the TN load
uncertainty analysis resulted in a p-factor of 0.48 (Figure 5.6). The r-factors were found
to be 1.64 and 1.25 from the TP load and TN load uncertainty analysis, respectively
(Figure 5.6). The TP load uncertainty analysis yielded a total of 402 behavioral
simulations, and the best simulation yielded an NSE of 0.76 when comparing observed
and simulated daily TP loads from 1996 to 2010 (Figure 5.6). However, for the TN load
uncertainty analysis, none of the 2000 simulations were behavioral. In fact, the best TN
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load simulation yielded an NSE of only 0.07 when compared to observed daily TN loads
from 1996 to 2010.
The TN load prediction exhibited considerably more uncertainty than the TP load
prediction, and this is evident from the p-factors from the two uncertainty analyses. From
the TP load uncertainty analysis, the 95PPU was able to capture 69% of the simulated TP
loads, and for the TN load uncertainty analysis, the 95PPU was able to capture only 48%
of the simulated TN loads (Figure 5.6). From the 2000 simulations, the TN load
uncertainty analysis was only able to find that the best TN load simulation with an NSE
of 0.07. This indicates that the model performed poorly and has significant sources of
uncertainty in the TN load outputs. One potential issue is that the amount of observed
daily TN load data is limited from 1996 to 2010 compared to the observed daily TS load
and TP load data. There were 240 and 227 observed data points for TS load and TP load,
respectively, and there were only 128 observed data points available for TN load. It is
possible that there were not enough data points for the model to capture in the outputs.
There are also errors and uncertainties in the measurement of the TN load at the Leland
gauge station that cannot be accurately accounted for. Another potential source of
uncertainty may come directly from the Nitrogen inputs to the model. For example, for
soybean crops, it is assumed that every farmer in the BSRW fertilizes with 2 applications
of Elemental Nitrogen of 87.4 kg/ha for each application (Table 5.1). Consequently, the
model did not account for any spatial or temporal variability in the fertilizer inputs that
are reflected in the observed TN loads.
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Figure 5.6

TP and TN load uncertainty analyses results

Uncertainty analysis results are for the Leland USGS gauge station showing the p-factors,
r-factors, highest NSE values, 95PPU bands, observed TN and TS loads, and the best
simulation that yield the highest objective function.
Considering parameter uncertainty, some of the parameters included in the TP
load uncertainty analysis were identifiable. For example, ERORGP and
FRT_SURFACE{P}, which are 2 of the most important parameters for modeling
Phosphorus in SWAT, yielded very good model performance in specific parameter
sample ranges. For ERORGP, it is clear that values between 0.1 and 0.6 yielded NSEs of
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0.70 or greater (Figure 5.7). This indicates the river channels in the BSRW have low to
moderate Phosphorus enrichment with sediments. For FRT_SURFACE{P}, the model
performed the best between 0.0 and 0.2 (Figure 5.7), which means that only a small of
fraction of Phosphorus fertilizer is applied to the top 10mm of soil in the BSRW.
However, some of the hydrological and sediment parameters included in the TP load
uncertainty analysis showed non-identifiability such as CH_N2, SURLAG, ADJ_PKR,
and USLE_P (Figure 5.7). The entire parameter sample space of the aforementioned
parameters resulted in NSEs of greater than 0.7, indicating the presence of equifinality in
the TP load model prediction. Hence, it is uncertain what the true values for these
parameters are in the model since they are not physically measurable.
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Figure 5.7

Parameter samples versus NSE values from the TP load uncertainty
analysis

Note: Only the behavioral simulations (NSE ≥ 0.5) are included in the plots.
The results of the TP and TN load sensitivity analyses are listed in Table 5.6 and
Table 5.7. The most sensitive parameter to TP load is ERORGP, followed by CN2,
FRT_SURFACE{P}, SURLAG, CH_N2, ADJ_PKR, PHOSKD, P_UPDIS, USLE_C,
EPCO, USLE_P, and ALPHA_BF. The most sensitive parameter to TN load is CDN,
followed by FRT_SURFACE{N}, CN2, NPERCO, SDNCO, CH_N2, and REVAPMN.
Similar to the TS load sensitivity analysis, some hydrological parameters, such as CN2
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and CH_N2, were found to be even more sensitive than the parameters controlling
pollutant transport. In both analyses, the FRT_SURFACE parameter was found to be
important in simulating nutrient fluxes in the watershed. This indicates that fertilizer
application is the main contributor among the model inputs to both Nitrogen and
Phosphorus transport, because the FRT_SURFACE parameter governs the amount of
fertilizer applied to the top 10 mm of the soil. The FRT_SURFACE parameter also
controls the amount of fertilizer that gets washed off with runoff, and this could explain
the sensitivity of CN2 to nutrient transport.
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Table 5.6

TP load sensitivity analysis results

Parameter
Minimum Maximum Best value T-stat
P-value
ERORGP.hru
0.000
1.000
0.278
-26.25
<0.01
CN2.mgt
-3.9%
+8.3%
+2.9%
-17.83
<0.01
FRT_SURFACE{P}.mgt
0.000
1.000
0.099
-16.66
<0.01
SURLAG.bsn
1.00
6.56
3.00
-12.33
<0.01
CH_N2.rte
0.124
0.300
0.183
11.33
<0.01
ADJ_PKR.bsn
0.331
1.443
1.167
-9.12
<0.01
PHOSKD.bsn
100.0
200.0
170.6
8.99
<0.01
P_UPDIS.bsn
0.0
100.0
70.0
5.30
<0.01
USLE_C.plant.dat
-10.0%
+2.7%
-6.1%
-3.41
<0.01
EPCO.hru
0.260
0.687
0.473
3.39
<0.01
USLE_P.mgt
-10.0%
+3.3%
-3.1%
-2.95
<0.01
ALPHA_BF.gw
0.500
0.900
0.798
2.16
0.03
GWQMN.gw
283.1
847.3
721.0
-1.79
0.07
SOL_AWC.sol
-3.5%
+9.4
+0.2%
1.78
0.08
SPCON.bsn
0.0001
0.0064
0.0049
1.58
0.11
CH_COV1.rte
0.099
0.299
0.293
-1.48
0.14
SPEXP.bsn
1.198
1.500
1.315
-1.47
0.14
SOL_K.sol
-0.7%
+10.0%
+5.9%
1.33
0.19
PPERCO.bsn
10.0
17.5
16.6
-1.17
0.24
REVAPMN.gw
1.0
206.4
198.6
1.16
0.24
PSP.bsn
0.010
0.700
0.478
-1.13
0.26
SOL_SOLP.chm
0.0
100.0
55.2
-0.56
0.58
GW_REVAP.gw
0.094
0.200
0.179
0.55
0.58
CH_COV2.rte
0.000
0.163
0.126
-0.54
0.59
USLE_K.sol
-10.0%
+3.0%
+0.5%
-0.50
0.62
ESCO.hru
0.100
0.551
0.303
-0.48
0.63
GW_DELAY.gw
11.9
33.9
26.2
0.46
0.64
PRF.bsn
0.506
1.517
1.485
-0.42
0.67
SOL_ORGP.chm
0.0
100.0
73.6
-0.33
0.74
Note: Minimum and maximum are the parameter sampling ranges, best value is the
parameter value that yielded the highest objective function, t-statistic and p-value provide
the relative significance of the parameter.
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Table 5.7

TN load sensitivity analysis results

Parameter
Minimum Maximum Best value T-stat
P-value
CDN.bsn
0.00
3.00
2.93
11.61
<0.01
FRT_SURFACE{N}.mgt 0.000
1.000
0.174
-11.09 <0.01
CN2.mgt
-3.9%
+8.3%
+8.3%
-9.43
<0.01
NPERCO.bsn
0.000
1.000
0.735
-7.72
<0.01
SDNCO.bsn
0.000
1.000
0.307
-7.27
<0.01
CH_N2.rte
0.124
0.300
0.240
3.58
<0.01
REVAPMN.gw
1.0
206.4
177.4
2.30
0.02
ERORGN.hru
0.00
5.00
3.14
1.41
0.16
CH_COV2.rte
0.000
0.163
0.086
-1.41
0.16
SOL_AWC.sol
-3.5%
+9.4%
-0.4%
1.32
0.19
SOL_K.sol
-0.7%
+10.0%
+7.4%
1.30
0.19
EPCO.hru
0.260
0.687
0.375
1.23
0.22
SOL_NO3.chm
0.0
100.0
11.0
-1.21
0.22
GW_REVAP.gw
0.094
0.200
0.185
1.14
0.26
SPEXP.bsn
1.198
1.500
1.392
-1.05
0.29
N_UPDIS.bsn
0.0
100.0
23.3
1.05
0.30
USLE_C.plant.dat
-10.0%
+2.7%
-6.5%
-1.03
0.30
USLE_P.mgt
-10.0%
+3.3%
-4.4%
1.00
0.32
GW_DELAY.gw
11.9
33.9
24.2
-0.85
0.39
SURLAG.bsn
1.00
6.56
1.00
0.81
0.42
SPCON.bsn
0.0001
0.0064
0.0004
-0.69
0.49
SHALLST_N.gw
0.0
1000.0
298.7
-0.65
0.51
SOL_ORGN.chm
0.0
100.0
20.0
0.61
0.54
GWQMN.gw
283.1
847.3
821.8
-0.56
0.57
PRF.bsn
0.506
1.517
1.352
-0.49
0.62
CH_COV1.rte
0.099
0.299
0.266
0.13
0.90
USLE_K.sol
-10.0%
+3.0%
+2.6%
-0.06
0.95
ALPHA_BF.gw
0.500
0.900
0.709
-0.05
0.96
ADJ_PKR.bsn
0.331
1.444
1.402
0.03
0.98
ESCO.hru
0.100
0.551
0.516
0.01
0.99
Note: Minimum and maximum are the parameter sampling ranges, best value is the
parameter value that yielded the highest objective function, t-statistic and p-value provide
the relative significance of the parameter.
Study limitations
One of the main requirements for conducting a thorough uncertainty analysis is
the computational power needed to run thousands of simulations. In this study, only
2000 simulations were conducted for each uncertainty analysis, and this led to the
162

analysis yielding a few behavioral simulations, especially for the TS load uncertainty
analysis. More behavioral simulations were needed to thoroughly identify equifinal
parameter solutions in the model. Also, the SUFI-2 method does not explicitly account
for equifinality in the model. For instance, the SUFI-2 method calculates a p-factor and
r-factor that describe the width of the 95PPU band and the amount of observed data
bracketed by the 95PPU. In this study, different combinations of hydrological and water
quality parameter values yielded similar model performance. Examining only the 95PPU
does not provide information concerning equifinality to the model user. This is why it is
important to also examine the behavioral simulations from the uncertainty analysis to find
non-identifiable parameters.
This study did not account for input uncertainties in the hydrological or pollutant
inputs in the model. There are certainly uncertainties associated with measuring inputs
such as precipitation and temperature, which mainly drive the hydrological processes in
the model. There are even greater uncertainties associated with the measurement and
representation of sediment and nutrient inputs in the model, including fertilizer
applications, tillage practices, septic tank failures, and WWTPs. Simplifications in the
input representation in the model, such as uniform applications of fertilizers, could
further propagate that uncertainty in the model. It is recommended that future research in
watershed model uncertainty should also account for input uncertainty as it can determine
the confidence the user should have when incorporating model input data.
Conclusion
The objectives of this study were to use SWAT to develop a model for the BSRW to
simulate streamflow, TS, TP, and TN load, and use the SUFI-2 algorithm to quantify the
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model parameter sensitivity and uncertainty in simulating streamflow, TS, TP, and TN
loads. A total of 8000 simulations were conducted using SWAT-CUP to assess
parameter uncertainty and sensitivity: 2000 simulations for streamflow, 2000 simulations
for TS load, 2000 simulations for TP load, and 2000 simulations for TN load. The model
was calibrated for daily streamflow, TS load, TP load, and TN load from 1996 to 2003
and validated from 2004 to 2010. The model performed well simulating daily streamflow
(R2 = 0.58-0.75, NSE = 0.47-0.75), TS load (R2 = 0.50-0.72, NSE = 0.47-0.66), and TP
load (R2 = 0.79-0.82, NSE = 0.73-0.77), but did not perform well in simulating TN load
(R2 = 0.13-0.31, NSE = -0.09-0.07). This study determined that parameter uncertainty
was greatest for simulating TN load (p-factor = 0.48, r-factor = 1.25) and the parameter
uncertainty was lowest for simulating streamflow (p-factor = 0.70-0.78, r-factor = 1.181.19). In general, output uncertainty was much greater during peak streamflow and peak
pollutant load compared to periods of low streamflow and low pollutant loads. The
streamflow, TS load, and TP load uncertainty analyses found 275, 33, and 402 behavioral
simulations (NSE ≥ 0.5), respectively, and TN load uncertainty analysis resulted in no
behavioral simulations. Based on the behavioral simulations, different combinations of
parameter values yielded the same model performance. Hence, equifinality was present
in the model. The sensitivity analyses found that streamflow was most sensitive to
CH_N2, TS load was most sensitive ADJ_PKR, TP load was most sensitive to ERORGP,
and TN load was most sensitive to CDN. In general, the parameters that were sensitive
for streamflow were also found to be sensitive for sediment and nutrient transport.
This study also addressed the main limitation in quantifying uncertainty using
SUFI-2, which is that the p-factor and r-factor do not explicitly address or quantify the
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presence of equifinality in the model parameters. Therefore, it is highly recommended to
examine the behavioral simulations to find any parameter combinations that yield the
same model performance. Future watershed modeling studies should quantify or account
for different sources of uncertainties that exist in the model, including parameter and
input uncertainties. While it can be challenging, these studies should attempt to partition
model prediction uncertainty into its different uncertainty sources. Such studies can help
improve the accuracy of hydrological and water quality model prediction and allow
modelers and decision makers to better understand the actual physical processes that take
place in a watershed.
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CHAPTER VI
CONCLUSIONS AND RECOMMENDATIONS
Conclusions
The purpose of this study was to assess the impacts of climate change and
management practices on streamflow, groundwater storage and recharge, and surface
water quality in 2 Mississippi watersheds using a watershed modeling approach. The
Soil and Water Assessment Tool (SWAT) was used to construct models of the Lower
Pearl River Watershed (LPRW) and the Big Sunflower River Watershed (BSRW). Both
models performed well in simulating daily streamflow. For the LPRW, the model
simulated streamflow from 1994 to 2003 and yielded R2 = 0.49-0.90 and Nash-Sutcliffe
Efficiency (NSE) = 0.49-0.84 at 4 USGS gauge stations. For the BSRW, the model
simulated streamflow from 2003 to 2009 and yielded R2 = 0.53-0.75 and NSE = 0.490.72 at 3 USGS gauge stations. The BSRW model was further calibrated and validated
for seasonal groundwater table fluctuations from 1996 to 2010 (R2 = 0.76-0.86 and NSE
= 0.71-0.79) and for fecal coliform bacteria concentrations from 1996 to 2003 (R2 = 0.560.60 and NSE = 0.23-0.40). Parameter uncertainty and sensitivity were also quantified
for the BSRW model for streamflow, Total Sediment (TS) load, Total Phosphorus (TP)
load, and Total Nitrogen (TN) load, and the best simulation yielded NSEs of 0.54-0.78,
0.56, 0.76, and 0.07 for streamflow, TS load, TP load, and TN load, respectively.
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Best Management Practices (BMPs) along with climate change scenarios were
modeled for the LPRW to quantify their impacts on peak streamflows. The purpose of
the study was to assess the effectiveness of grassed waterways, parallel terraces, and
detention ponds to attenuate peak streamflows under changing precipitation, increasing
temperatures, and increasing CO2 concentrations. Without any climate changes
considered, grassed waterways had the highest peak flow reduction (-8.4%), followed by
detention ponds (-6.0%), and then parallel terraces (-3.1%). Naturally, combining the
BMPs yielded greater reduction in average peak flow compared to individual BMP
implementations in both the baseline and changing climate scenarios. The effectiveness
of the BMPs to reduce peak streamflows decreased significantly under increased rainfall
and under increased CO2 concentrations in the watershed. The decreased BMP
effectiveness was most likely due to the increased streamflow magnitudes resulting from
the increased rainfall and increased CO2 concentration. When increasing temperatures or
decreasing rainfall is introduced in the model, the BMP effectiveness to reduce peak
streamflows did not significantly change in the LPRW.
The BSRW was also modeled using SWAT to analyze the relationships between
Evapotranspiration (ET) and groundwater recharge, and to assess the impacts of crop
rotation practices on groundwater storage and recharge. The study found that ET rates
played a significant role in governing the amount of groundwater storage and recharge
rates in the underlying alluvial aquifer. At the seasonal scale, groundwater storage
decreased during the summer months while ET rates were high, and increased during the
winter and spring when ET rates were low. Also, groundwater recharge reaches its
maximum during the fall months as ET rates start to decline in the BSRW. The crop
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rotation scenarios modeled in the study involved combinations of corn, soybean, cotton,
and rice. The rotations with rice crops resulted in the lowest groundwater storage (down
to -10.7%) compared to the baseline scenario, which is due to the high irrigation rates
required for the rice crop. However, the rotations with rice crops also resulted in the
highest increases in groundwater recharge rates (up to +60.1%). The crop rotations with
corn and cotton usually resulted in the largest increases in groundwater storage (up to
+27.2%), which is due to low irrigation amounts as well as the short time period for
irrigation applications during the growing season. This study contributed new
information to the literature regarding how crop rotation practices can affect groundwater
flow processes at the watershed scale.
The BSRW was also modeled to assess the impacts of climate change on bacteria
concentrations. A one-at-a-time and a global sensitivity analysis were conducted to
quantify the effects of changing precipitation, temperature, CO2 concentration, solar
radiation, and relative humidity on fecal coliform bacteria concentrations. Increasing
rainfall in the BSRW model resulted in higher fecal coliform bacteria concentrations in
streamflow, which is the result of greater wash-off of bacteria colonies from soil surfaces.
Conversely, when rainfall is decreased, fecal coliform bacteria concentrations decreased,
which is the result of less wash-off bacteria colonies. Bacteria concentration in surface
waters were most sensitive to changes in air temperature. Even with slight increases air
temperature, bacteria concentration decreased due to higher die-off rates. Increasing
solar radiation resulted in higher bacteria concentrations but lower bacteria loads, which
was driven by increased ET rates in the watershed. Increasing CO2 concentration from
the baseline condition to 800 ppm did not cause any significant changes in fecal coliform
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bacteria concentration, but when CO2 reached over 800 ppm, average bacteria
concentration decreased only by 4.7%. Lastly, bacteria concentration was not
significantly sensitive to changes in relative humidity in the watershed.
The BSRW model was further used to quantify parameter uncertainty and
sensitivity on streamflow, Total Sediment (TS) load, Total Phosphorus (TP) load, and
Total Nitrogen (TN) load using the Sequential Uncertainty Fitting (SUFI-2) algorithm.
For each model output, the hydrological and water quality model parameters were altered
2000 times to quantify the amount of parameter uncertainty on the streamflow, TS, TP,
and TN loads. From the uncertainty analyses, the model was able to perform well in
simulating streamflow (NSE = 0.54 to 0.68), TS load (NSE = 0.56), and TP load (NSE =
0.76), but the model did not perform well in simulating TN load (NSE = 0.07).
Furthermore, the uncertainty analyses also revealed that parameter uncertainty was
lowest for simulating streamflow and highest for simulating TN load. Output uncertainty
was much greater during peak streamflow and peak pollutant loads compared to periods
of low streamflow and low pollutant loads. Based on the behavioral simulations,
different combinations of parameter values yielded the same model performance. Hence,
equifinality was present in the model. In general, the SWAT parameters that were
sensitive for streamflow were also found to be sensitive for sediment and nutrient
transport, indicating that surface runoff played a significant role in the transport of
sediments and nutrients in the BSRW.
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Recommendations for future research
BMP effectiveness in future climate change scenarios
This study assessed the effectiveness of BMPs to attenuate peak streamflows in
the LPRW under changing one climate variable at a time, which are precipitation,
temperature, and CO2 concentrations. It is recommended that future studies also examine
how each of these climate changes affects the effectiveness of reducing pollutant loadings
to rivers and streams. These studies should investigate the sensitivity of the effectiveness
of certain BMPs to each changing climate variable. Current studies have modeled the
effectiveness of BMPs in future climate change scenarios (Woznicki et al., 2011; Van
Liew et al., 2012). However, it is not well understood which specific climate changes
cause an increase or decrease in BMP effectiveness. For example, how will increasing
air temperatures affect the ability of filter strips to reduce sediment or nutrient loads? Or
can increases in CO2 concentration have any effect on a BMP’s ability to improve water
quality? Detailed studies that model BMPs along with potential climate changes will aid
watershed managers in determining which BMP will be the most effective in alleviating
surface water pollution.
Effects of crop management practices on groundwater
This study also developed a calibrated and validated model groundwater table
depths and then assessed the impacts of crop rotations on groundwater storage and
recharge. This study was only able to calibrate and validate the SWAT model for
seasonal changes in groundwater table depths. Future studies should first attempt use
observed daily water table depths to calibrate the SWAT model, or link the SWAT with
another modeling tool that can simulate groundwater flow in greater detail. Current
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studies have already linked SWAT with MODFLOW by using groundwater outputs from
SWAT for inputs in MODFLOW (Guzman et al., 2015; Eshtawi et al., 2015). Future
research should involve using such a modeling approach to quantify the effects of
different crop management practices that can potentially affect groundwater storage and
recharge at the watershed scale.
Sensitivity of water quality to climate change
The BSRW SWAT model was also used in a climate change sensitivity analysis
for fecal coliform bacteria transport, and it was determined that surface water bacteria
concentration in the BSRW can be sensitive to changes in air temperature, precipitation,
CO2 concentration, and solar radiation. It is recommended that future studies should
include climate change scenarios from downscaled global climate model projections.
Such studies would be able to quantify potential future climate changes on surface water
quality at the watershed scale. Also, more surface water quality modeling studies should
investigate the sensitivity of pollutant loads to changes in land cover. This information
could prove valuable for predicting long term changes in water quality, which are mainly
driven by both climate change and land cover change.
Accounting for model uncertainty
Lastly, this study attempted to quantify the source of parameter uncertainty on
streamflow, TS, TP, and TN loads in the BSRW. The model uncertainty analysis could
be improved by comparing the parameter uncertainty and sensitivity of streamflow and
pollutant transport between the LPRW and BSRW models. Such an investigation could
provide insight into the differences and similarities in the sensitivity and uncertainty of
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the SWAT model predictions. The study could also be useful to watershed managers who
are tasked with implementing management decisions to reduce surface water pollution in
the state of Mississippi.
Quantifying model uncertainty is necessary in aiding hydrologists and watershed
managers to account for the variability and error in hydrological and water quality model
predictions. However, identifying and quantifying the presence of equifinality in
watershed models is not well understood. Future studies that seek to account for
parameter uncertainty in watershed model outputs should investigate the possibility of
equifinal parameter sets that may exist in the model. Also, it is recommended that future
studies should attempt to explicitly consider all sources of uncertainty in the model,
including model structure uncertainty and input uncertainty. Partitioning model
uncertainty into these different sources of uncertainty is currently a challenge in
watershed modeling, and new methods need to be developed in order to more
comprehensively understand the uncertainties associated with hydrological and water
quality model predictions.
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