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Abstract

Surface and groundwater resources in the lower Apalachi@lattahooche€&lint (ACF) River

Basin play an important role in the economic and ecological vitality of the region. Agriculture,
which contributes mor e t haronofy isheavilyldépendentaom n u a |
the underlying Upper Floridan Aquifer (UFA) for irrigation. As the aquifer is close to the land
surface and in direct connection with many surficial streams, it also plays a critical role in
sustaining streamflow and maintaig the habitat of a wide range of flora and fauna including the
endangered mussels species in the region. Intensive groundwater withdrawal from UFA for
irrigation, which is further projected to increase in the future, has, however, led to decreases in
streamflow and groundwater levels. This has led to detrimental impacts in the habitat of the aquatic
species and also threatened the sustainability of agriculture in the region. The issue is further
compounded by the emerging and potential impacts of cliohatege in the watershed hydrologic
components in the region. As a result, the overarching goal of this dissertation was to help improve
the agricultural and environmental sustainability of the region by evaluating the benefits of the
change in agriculturahanagement practices for the major row crops (cotton and peanut) along
with understanding the regional impacts of the projected increase in irrigation and changing

climate in the surfaceand groundwater resources of the region.

A field-scale SWAT modetan help evaluate the agricultural management practices in detail and
also help to increase the confidence of the stakeholders in the evaluation results. As a result, a
detailed literature review of the different methods SWAT can be set up as-schdéddhodel was

first performed to identify the most suitable method for setting up the model for this study. The

review study identified five different ways with which a SWAT model could be set up for field



scale evaluation. Evaluating the range of agricultayanagement practices using a fislthle
SWAT model for cotton and peanut production for irrigation water use, crop yield, and nitrate loss
identified the management scenario with soil moisture sdress®d irrigation, cover crop, and
strip tillage as hang the highest potential for reducing irrigation water use and nitrate loss while
maintaining high agricultural productivity. Although the management scenarios that are most
adopted in the region, which included checkbook irrigation and no cover ceapsirhilar crop

yields, irrigation water use and nutrient loss were considerably high.

Evaluating the regional impacts of the projected increase in irrigation using the MODular
groundwater FLOW (MODFLOW) model showed that groundwater levels would detrgase

much as 2.38 m when compared to levels observed in a significant drought year of 2011. Reduction
in groundwater levels was highest in the region of the lower ACF River Basin where the aquifer
was comparatively thin. It was also observed that grouteiwhscharge from the A to the

surficial streams would decrease by as much as 33% indicating that the projected increase in

irrigation may not be sustainable, especially during prolonged drought conditions.

Assessing the impacts of streamflow and eu@pspiration (ET) calibration on groundwater
recharge simulation by SWAT to determine if there is a calibration approach that results in
improved groundwater recharge simulation showed that calibration of streamflow followed by ET
provided the best estirtes for groundwater recharge. The study also identified streamflow as the
most important variable to be calibrated for groundwater recharge simulation while calibration of
ET alone had a negligible impact in groundwater recharge simulation. A compariSOMASK
simulated groundwater recharge to estimates derived from RORA also showed that SWAT can

accurately simulate groundwater recharge in the lower ACF River Basin. Information derived from



this study was critical in setting up and calibrating the SWAOIDFLOW for evaluating the

impacts of climate change.

Evaluation of the regional impacts of climate change in the sudackegroundwater resources of

the lower ACF River Basin using the calibrated SWIDDFLOW model showed an increase

in streamflow in most months throughout the region. There were, however, certain months, mostly
at the beginning of the year, during which streamflow decreased in the Spring and
Ichawaynochaway watersheds under future climate. Comparison of flow duraties ¢BBRCS)
between the baseline and future climate identified a considerable increase in streamflow in extreme
events indicating the possibility of flooding events in the future. Although the study indicated to
an increase in surfacand groundwater (SW&W) exchange (groundwater discharge to streams)

in the mainstem of the Flint River, groundwater discharge to streams reduced in the ephemeral
streams and the Spring and Ichawaynochaway watersheds signaling to the vulnerability of these

watersheds to the chge in the climate.

Overall, results from the fieldcale evaluation of the agricultural management practices of the
major crops can help reduce irrigation water while maintaining high agricultural productivity,
which can be important, especially duringlpnged drought conditions. Regional evaluation of

the projected increase in irrigation as well as climate change helped us understand the challenges
that lay ahead for the agricultural and ecological sustainability of the region, an understanding of

which can help us plan and make better management decisions for the future.
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Chapter 1

Introduction

1.1 Background and problem statement

Surface and groundwater resources in the lower Apalachi@lattahooche€&lint (ACF) River

Basin ofsoutheasterbnited States (U.S.) play a vital role in the economic and ecological vitality

of the region. Agriculture, which is a critical componenth&f economy in the region generating
more than $2 billion in farAbased revenue annuall€AES, 2018)is heavily dependent on the
underling Upper FloridaAquifer (UFA) for irrigation(Jones and Torak, 2006; Singh et al., 2016)

It provided an estimated 1.7 million cubic meters of water for irrigation in 2015 but the
withdrawals can exceed 3.6 million cubic meters in a drought(@sarch and McDowell, 2006)

The aquifer also serves as the primary source of water for industrial and municipal water use. The
river basin is also a habitat to a diverse range of flora and fauna having the highest density of
reptiles and amphibians in North Ameri€ouch et al., 1996)t is also home to multiple species

of federally endangered mussel species as well as more than 58 spebiesmferiled fish
populaton (Couch and McDowell, 2006 he UFA, which consists primarily of karst limestone,

is close taheland surface and is in direct connection with the surficial riverdaked throughout

much of the lower ACF River Basin through sinkhole ponds, karst sinks, incised streambeds, and
conduits that exposes the limestone to the suffemak and Painter, 2006)\s a result, the BA

is an important contributor to streamflow in many of the surficial streams in the lower ACF River

Basin contributing tens of million cubic meters ddter every dayTorak and Painter, 2006)

A rapid increase in groundwater withdrawal for irrigationhia tegion since the expansion of the
center pivot irrigation system in the 1970s, however, has led to detrimental imp#utssurface

and groundwater resourcé&WC, 2017) Multiple studies have indicated @ reduction in

1



baseflom(Golladay et al., 2007Singh et al., 2016, 201@s well ashort and longterm declines

in groundwater level€lones and Torak, 2006; Mitra et al., 2016; Singh et al., 20h&)situation

is only exacerbated by the recurring drought conditinrtbe region. According to the National
Drought Mitigation Center (NDMC), the region has experienced multiple severe drought years
just in the last two decades including 282, 20072008, 20112012, and 2017. Pumpage
induced groundwater level fluctuations of nearly 10 m were observed during the severe droughts
of 2000 and 2001 while flows in the sprifegd streams of Spring and Ichawaynochaway
watersheds decreased by 50 to 1@d#¥ng drought conditions. Reduced streamflow compounded

by prolonged drought conditions has also severely impacted the federally endangered mussel
speciegGagnon et al., 2004; Golladay et al., 2004; Shea et al., 2Z01Bpass populatigi€ouch

and McDowell, 2006)n the region. The Georgia Water Planning and Policy Cent&fRGC)
projects the agricultural irrigation demand to further increase by 16% from 2010 to 2050 during
drought year§CH2M, 2017) which will further increase stress on the surfao®l groundwater
resources, agricultural industry, and ecology of the region. Along with intensive agriauitlire
climate variability, the threat of climate change is another growing concern for the economic and
environmental sustainability in the regidrhe £mperature in southeastern U.S. has increased by
more than 1. 1 (Kaketal.c2e09undham uplv&d’ti@red in precipitation has been
identified in more than 70% of the prpitation recordings in the regiqReidmiller et al., 2017)

The region has also witnessed an increase in frequency and intensity of extreme precipitation
eventsalong with more frequent drought conditions and extreme and prolonged heat waves
(Reidmiller et al., 2017)Globally, the rise in temperature and subseqakange in climate has
already altered the global hydrological cycle and led to change in precipitation patterns and

intensity, changes in river discharge patterns, altered the water balance components, affected the



frequency and magnitude of fluvial floedand increased heat waves and droug@ttigablame et
al., 2017; Leta et al., 2016; MassDeImotte et al., 2018; Mohammed et al., 2017; Pachauri et al.,

2014; Shrestha et al., 2017)

Understandinghe impacts of agricultural management practares improvingthem especially

as it relates to irrigion and nutrient management, for maintaining agricultural productivity but
reducing the environmental impacts is of critical importandée region for reducing irrigation
demand |t is equally important to understand the impacts of the potential gecnearrigation in

the region, as projected by GWPCC, to determine if th& thn sustain the increased withdrawal
and the resulting consequences in the surfaicé groundwater interaction. Likewise, as climate
change is an emerging threat, the impaétwhich are already being felt in the region, it is very
important to understand the potential impacts of climate change in the sanfidcgroundwater

resources.

The Soil and Water Assessment Tool (SWAT) is a nputbicess simulation tool that can siate
hydrology, sediments, nutrients, and pesticides, predominantly from agricultural watersheds
(Neitsch et al., 2011)t hasbeen widely used for evaluating a range of agricultural issues including
water manageent, the impact of agricultural Best Management Practices (BMPs), land use
change, climate change, water and nutrient transport, and water quality assessment at
regional/watershed scgl@assman et al., 2007; Krysanova and Arnold, 2008; Tuppad et al., 2011)
Evaluation of the management practices including irrigation and fertilizer application for the major
crops in detail requires the development of a fsddle SWAT model as it the scale in which

the BMPs are applied and the impacts of these BMPs can be better understood and evaluated at
this scale. Recommendations to farmers and stakeholders by presenting SWAT outputs at this scale

can also be critical in improving model corditte in stakeholders for implementing the BMPs. It
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is, however, also important to make sure that SWAT can adequately simulate the complex
hydrological and nutrient processes at fistdle for accurate evaluations of the BMPs. And, as a
field-scale SWAT mdel can be set up in numerous ways, performing a detailed review of the
methods usethe for field-scale application of SWAT can provide an insight into the advantages
and limitations of each method. This dalp identify the mossuitable method for sétiy up the
field-scale SWAT model in this study. An added advantage of using SWAT as-adaé&model

is the transferability of the calibrated crop database model parameters when performing-regional

scale evaluations using SWAT

Evaluation of the rangaf current management practices for the major crops in the region in detail
for irrigation water use, fertilizer application rates, crop yield, and nutrient loss over-telomg
climate can provide crucial information to farmers and stakeholders in makamggement
decisions that can help reduce irrigation water and fertilizer application while maintaining high
yields for productivity. This can help reduce competition for waesourcesfor irrigation,
especially during drought yearand also reduce mignt loss from agricultural fields thereby

enhancingheagricultural and environmental sustainability of the region.

It is also of paramount importance to evaluate the impacts of the projected increase in groundwater
withdrawal from the Upper Florinda aifier for agricultural irrigation use, especially in drought
years, to determine if the aquifer can sustain this increased withdrawal to maintain agricultural
productivity without adversely affecting the diverse ecological habitat of the region.
Understanihg the effects of the increased water withdrawal on the groundwater levels as well as
the strearraquifer interaction in the lower ACF River Basin is important for planning for the long
term sustainability of the aquifer. It will also help identify theical regions within the lower

ACF River Basin where théecrease in groundwater levels and reduction in staeaunier flux
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can be expected to be the most for targeted conservation activities. Identifying the important
geohydrologic zones in the regionathcontribute to the recharge of the UFA througke

infiltration of precipitation is also important for the sustainability of the aquifer.

As infiltration from precipitation is an integral component for aquifer recharge in the lower ACF
River Basin, it igmportant to accurately simulate groundwater recharge before any regoathal
hydrological evaluation study. However, it is also one of the least understood processes in
hydrogeology(Rushton and Redshaw, 197®gat can only be estimated as it is impossible to
measure directlyHealy, 2010) As a result, although SWAT has been used for multiple
groundwater recharge evaluation studies, confidence in the model simulated groundwater recharge
is oftenderived by evaluating the model performance in simulating other hydrological variables
including streamflow and/or E{Baker and Miller, 2013; Chinnasamy et al., 2018; Dakhlalla et
al., 2016; Emam et al., 201&8emitzi et al., 2017; Lee et al., 2014owever, the impact of
calibrating these hydrological variables in the simulation of groundwater recharge in SWAT has
still not been evaluated. Understanding how SWAT groundwater recharge simulation is impacted
by calibrating either streamflow or ET or when using a rudtiate approach and comparibg¢p
recharge estimates obtained for the study region can provide important insight into accurately
representing the surface hydrology as well as groundwater gecsianulation using SWATT his
information is vital in developing a SWAWMIODFLOW modé that accurately represents the
surface and groundwater dynamics of the lower ACF River Basin before evaluating the impacts

of climate change.

Evaluation of the potentiampacts of climate change in the important hydrologic components of
the surface and groundwater resources of the region including streamflow, surfame

groundwater (SWWGW) exchange, evapotranspiration (ET), and groundwater recharge can provide
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important insight into challenges that lay ahead in developing atkmngwater management plan

for the region. As there is an intricate connection between the suafatgroundwater resources

in the study region, an integrated hydrologic modeling systenalibats for a detailed simulation

of both surfaceand groundwater systems along with the interactions between the two components
is vital. It is difficult to understand and quantify the spa@imporal distribution of SWGW
exchange using only a surfacg groundwater model and the management decisions made based
on the scenario results from such results could have little merit. SMBDFLOW is an
integrated hydrologic model that couples the SWAT model with the U.S. Geological Survey
(USGS) finitedifference, threedimensional groundwater flow model (MODFLOWWT)
(Niswonger et al., 2011 8WAT is a robust model in simulating the lasutface hydrological and
water quality processes and has been tested in a range of climate and geoldgionson
(Francesconi et al., 2016; Gassman et al., 2007; Krysanova and Arnold,b20@8)imited in
simulating groundwater flow and stora@@@assman et al., 2007; MoliNavarroet al., 2016;
Nguyen and Dietrich, 2018MODFLOW, on the other hand, has robust groundwater simulation
capabilities but is limited in the simulation of surface hydrology, plant growth, and groundwater
recharge. The coupling of SWAT and MODFLOW allowtgizing the strength of both models to
develop an integrated model that is strong in both surface arsligialse hydrological simulation

and suitable for evaluating the impact of climate change in the lower ACF River Basin.

1.2 Dissertation Objectives

The overarching goal of this dissertation is to help improve the agricultural and environmental
sustainability of the lower ACF River Basin by evaluating the benefits of change in agricultural
management practices as well as understanding frectsiofanincrease in irrigatioand climate

changdn the surfaceand groundwater hydrology of the regi@pecific objectives include:



1. Perforning a detailed literature review on the methods used for the-dwdte SWAT
modeling based on the modelingd research needs as well as its application to identify
the appropriate method feetting up thdield-scaleSSWAT model for theevaluation of the

range of current management practifmeshe major row crops south &orgia (GA)

2. Evaluaing the importace of multivariable calibration in improving runoff and nutrient
simulation including crop yield at fieldcale using the SWAT model and to quantifg
effect of different agricultural management practices on crop yield, irrigation water use,

and nutriat loss for cotton and peanut production in south GA.

3. Quantifyingthe impacts of the projected increase in groundwater withdrawals for irrigation
in the groundwater levels of thé=4 and surfaceand groundwater interaction in the lower
ACF River Basin aing with the identification of critical zones for groundwater recharge

and river sections sensitive to groundwater levels for flow.

4. Evaluaing the ability of SWAT to estimate groundwater recharge in the karstic landscape
of the lower ACF River Basin as weds analying the importance of muhvariable
calibration of different hydrologic components in SWAT to accurately estimate

groundwater recharge.

5. Simulaing the regional impacts of climate change on the swfacel groundwater

resources of the lower ACF River Basin using SWMDDFLOW.

1.3 Dissertation Organization
The dissertation is organizedtanseven chapterChapter 1 discussl the study area, problem

staement, the rationale of the project, and dissertation objectives. Chaptedidtasses the five



objectives of this dissertation. Each chapter

used, results, andajor conclusionsFindings from theletailed literature review of methods used

for field-scale modeling using SWAT is presented in chapter 2. The third chapter evaluates the
range of agricultural management practices for the major row twopsigation water use, crop

yield, and nutrienloss using a fielé&scale SWAT model. The chapter also discusses the importance
of multi-variable calibration for fiekbcale SWAT modelingmpacts of the projected increase in
groundwater withdrawal for irrigatidinom the UFA in the aquifer system anldesurficial streams

in the lower ACF River Basin is discussed in chapter 4. Chapter 5 evaluates the importance of
calibrating different hydrologic variables separately or using a vailtate approach for
accurately simulating groundwater recharge uSMgAT. The chapter also evaluates the ability

of SWAT to estimate groundwater recharge in the lower ACF River Basin. Chapter 6 discusses
the impact of climate change in the surfaaed groundwater resources of the lower ACF River
Basin. Finally, chapter sBummarizes the major findings from the five objectives along with

practical implications of this research as well as recommendations for future research.
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Chapter 2
Application of the Soil and Water Assessment Tool (SWAT) at Field Scale: Categorizing

Methods and Review of Applications

2.1 Abstract

Although the Soil and Water Assessment Tool (SWAT) has been widely used as a watershed/basin
scale model, recently, there has bemmsiderable interest in applying it at the fiskhle,
especially for the evaluation of best management practices, and for building stakeholder
confidence. For this study, a thorough review of literature on thedegte application of SWAT

was conduad. It was determined that there is more than one way of setting up thechédd

SWAT model depending on the spatial scale of the research as well as the research question being
answered. This paper provides a detailed literature review of the metbedidan fieldscale

SWAT modeling along with the summary of applications. The paper also discusses the limitations
and advantages of each method along with the future research needs. The overarching goal of this
paper was to provide a valuable and ticoeserving resource to future researchers interested in

field-scale SWAT modeling.

2.2 Introduction

Agricultural intensification in the U.S. over the last 100 years has led to more than 120 million
hectares currently under agriculture, with crop irrigation accounting for nearlfhtmas of the
nationbés total woaidrter of the satidna ndr ovplt an dneow artif
(Capel et al., 2018). Additionally, pesticide and nitrogen fertilizer use have increasedtitee

fourfold, respectively, since 1960 (Capel et al., 2018). Nutrient, chemical, and sediment losses
from agricultural fietls can severely degrade the quality of streams, rivers, and shallow

groundwater. Eleven billion kilograms of nitrogen are applied as fertilizer, of which 5% to 50% is



transported to surface and groundwater sources (Capel et al., 2018), and mediarmdgéad nit

(TN) and total phosphorus (TP) stream concentrations persist at about six times greater than
background levels (Dubrovsky et al., 2010). As a result, agricultural producers are unéder ever
increasing pressure to reduce agricultural nongsontrce (NB) pollution while maintaining high

levels of productivity for profitability. Thus, it is of critical importance to understand the
underlying nutrient and water transport processes in agricultural fields and to assess the potential
of alternate land usesna agricultural management practices to help maintain agricultural
productivity while conserving surface and groundwater resources-deiald models including

but not limited to CREAMS (Knisel, 1980), GLEAMS (Leonard et al., 1987), EPIC (Williams et

al., 1989), APEX (Williams et al., 2006), AGNPS (Young et al., 1989), and WEPP (Flanagan et
al., 2001) have been developed and widely used to simulate water, nutrient, pesticide, and plant
processes in agricultural fields as well as to evaluate alternatgiorigand nutrient management,
tillage operations, drainage, and manure application practices (Arnold et al., 2015). Hence, field
scale models are important for the evaluation of practices that can help increase agricultural

productivity while reducing piuction cost and improving environmental sustainability.

The Soil and Water Assessment Tool (SWAT) is one of the most widely usedpnogkiss
simulation models for evaluating a range of agricultural issues, including water management,
impacts of struct@l and norstructural best management practices (BMPs), climate change, land
use change, water and nutrient transport processes, groundwater dynamics, and water quality
assessment (Francesconi et al., 2016; Gassman et al., 2007; Krysanova and Arngldyd08)

of which are done at the river basin or watershed scale. As BMPs (e.g., nutrient management,
conservation tillage, cover cropping, and irrigation scheduling) that are critical to improving

agricultural productivity and reducing NPS pollution by marits, sediments, pesticides, and



bacteria from agricultural fields are applied at the field scale, it is important to evaluate and make
field-scale recommendations. Presenting SWAT outputs to stakeholders at the scale that is most
relevant to them can alde helpful for increasing BMP adoption. This is especially important if

the alternative practices have a direct impact on crop yield and production costs, which are primary
concerns for the implementation of alternative practices by farmers. As a adboligh SWAT

has commonly been used for waterskedle evaluations (Gassman et al., 2007), -kelle

SWAT modeling has been conducted recently for a range of applications (Chen et al., 2017,
Daggupati et al., 2011; Kalcic et al., 2015; Merriman eR8I18; Sinnathamby et al., 2017; Uribe

et al., 2018). Fielsscale SWAT modeling has been done using different methods and for a range
of spatial scales. As an example, it has been used to evaluate the outputs of a wstalshed
SWAT model for each fiel@vithin a simulated watershed (Daggupati et al., 2011), which was not
possible under the conventional SWAT setup. It has also been used to simulate and evaluate a

single field (Maski et al., 2008).

Although many reviews of watershedale SWAT applicationsave been conducted (de Almeida
Bressiani et al., 2015; Francesconi et al., 2016; Gassman et al., 2007; Krysanova and Arnold, 2008;
Tuppad et al., 2011; van Griensven et al., 2012), none provide a detailed review of the methods
used for fieldscale appliation of SWAT. A detailed review of fieldcale SWAT modeling can

be a valuable and tirrenserving resources for future research initiatives using SWAT at field
scale. The main objective of this article is to summarize and categorize the current mggiods u

for field-scale SWAT modeling based on the modeling and research needs. Examples for each
category are provided to discuss the application of-Belle modeling. This article provides a

brief description of the SWAT model and the subbasin and HRilded#lon processes used in



field-scale SWAT modeling, along with the application of fistthle modeling, and discusses the

limitations of each modeling method along with future research needs and directions.

2.3SWAT Model

SWAT is a continuous time, physicalbased, computationally efficient, sedistributed model

with spatially distributed parameters that was developed by the USDA Agricultural Research
Service (ARS) (Arnold et al., 1998; Neitsch et al., 2011). It is a direct outgrowth of the Simulator
for Water Resources in Rural Basins (SWRRB) model (Arnold et al., 1990) and has been used to
simulate watersheds of varying sizes, ranging from fields to large complex watersheds, to evaluate
the impacts of land management practices, climate, and land use cmangdrology, sediments,
nutrients, plant growth, and pesticides (Gassman et al., 2007; Neitsch et al., 2011). Primary inputs
to the model include both spatial and tabular information: digital elevation model (DEM) data for
topographical information, doproperties, land cover and management, weather, point sources,
and reservoir characteristics. The SWAibdeled components include hydrology, water and
sediment movement, soil temperature, weather, nutrients, pesticides, bacteria, and land

management (Ntsch et al., 2011).

The basic unit of all calculations in SWAT is the hydrologic response unit (HRU), which is a
lumped land area composed of a unique combination of land cover, soil series, and optionally slope
steepness within a subbasin (Neitsch eRéll,1). An important step in the SWAT model setup is

the watershed delineation process, which divides a watershed into hydrologically connected
subwatersheds or subbasins, and then divides each subbasin into HRUs (Winchell et al., 2013).
Threshold area, wth defines the minimum drainage area required to form the origin of a stream,
can be defined during the watershed delineation and affects the number and size of subbasins when

subdividing a watershed. Division of each subbasin into HRUs enables thetmedaluate the
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differences in hydrology, plant growth, and contaminant transport processes for different
combinations of land cover and soil (Winchell et al., 2013). A-dséined threshold percentage

for the land use, soil, and slope class can be applieing the HRU definition process, which
eliminates land use, soil, and slope classes that cover an area of the subbasin that is less than the
threshold defined by the user. The area of the remaining land use, soil, and slope class is
reapportioned aftehe elimination process so that all of the land area in the subbasin is simulated
(Winchell et al., 2013). However, the use of thresholds can cause some fields that are critical for a
watershedevel evaluation to be eliminated during the simulation medgier et al., 2015).
Lumping of land areas with similar attributes to form a single HRU within a subbasin can cause
multiple fields to be simulated as a single HRU, or multiple HRUs can be within a single field,
making fieldlevel analysis and recommenida difficult. Additionally, there are no routing
mechanisms between HRUs. Outputs from all HRUs within a subbasin are aggregated, and surface
runoff and shallow subsurface flows and associated contaminants are routed to the stream network
from one subba to another. This approach of using subbasins and HRUs helps SWAT maintain

a balance between computational efficiency and preserving the spatial heterogeneity of the
simulated watershed (Neitsch et al., 2011). However, this approach also limits ematunatio
recommendation at field scale because each field does not correspond to unique HRU boundaries

in a conventional SWAT setup.

2.4 Field-Scale SWAT Modeling
2.4.1Methods and Applications
A thorough review of the literature on fietdtale SWAT modeling identifiefive basic methods
for evaluating model output at the field scale: (1) simulation of an individual field as -adelel

SWAT model; (2) modification of SWAT input files such that each field is represented by multiple



HRUs that reflect changes in the Isand slope classes within each simulated field; (3)
modification of SWAT input files such that when SWAT runs the HRU definition process for a
watershed with multiple fields, each HRU corresponds to a unique field located in the simulated
watershed; (4) evelopment of a pogirocessing tool that uses the SWAT output generated with
conventional HRU delineation and converts this output to field scale using different techniques;
and (5) defining a relationship between fields in the simulated watershed ansl firtRt the
SWAT model that was set up using conventional HRU delineation by comparing land use, soil,

and slope attributes and evaluating the HB el outputs.

Field-scale SWAT modeling does not involve any modification to the algorithms that simulate
hydrology, nutrient transport, or any other processes in SWAT. The HRUs are still disconnected
from each other, and outputs for a subbasin are still generated by aggregating the outputs from the
HRUs within the subbasin. Modification of SWAT input files ospprocessing of SWAT outputs

are the keys to fieldcale SWAT modelingEach of the following subsections summarizes
published articles that describe fieddale modeling methods as well as applications of-fetde

SWAT models.

2.4.1.1Simulation of an individual field using SWAT

Marek et al. (2016) evaluated the ability of SWAT to simulate daily and monthly
evapotranspiration (ET) for major irrigated summer crops including cotton, soybean, grain and
silage sorghum, sunflower, and corn silage in the seidi Texas High Plains from a 4.7 ha
irrigated field located at the USDARS Conservation and Production Research Laboratory
(CPRL) at Bushland, Texas, using lysimetric data. Because the irrigated field was square in shape
and SWAT does not consider artificiaddndaries that do not coincide with topographic features

for watershed and subbasin delineation, a novel method was applied for simulating the irrigated
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field. A polygon outlining the field was dr aw
2012 interbce with a satellite image overlay and a 30 m DEM. A single subbasin having the
longest reach of the several subbasins and outlets generated for the field was selected to be
representative of the slope and aspect of the entire field, which resultedtarshed project with

one subbasin, one HRU, and one reach. The area of the representative subbasin was then adjusted
in the subbasin text file to match the field area of 4.7 ha, and a single management file was created

for the HRU to reflect the agronompractices used in the field during the study period. Model
performance analysis for simulating ET for the manual calibration and validation period showed

that SWAT adequately simulated ET with NSE of 0.67 and 0.78 for calibration and validation,
respectivy, for daily ET estimation and with NSE of 0.77 and 0.85 for calibration and validation,

respectively, for monthly ET estimation.

Chen et al. (2017) evaluated the SWAT aatigation function to simulate irrigation management
strategies typical of the Xas High Plains while also evaluating the ability of SWAT, as a-field
scale model, to simulate crop yield, leaf area index (LAI), and ET. The SWAT model was set up
for a 4.7 ha irrigated lysimeter field located at the USBRRS CPRL at Bushland, Texas, ugia
singleHRU method. After calibration for LAl for the crops simulated, model performance
evaluation for ET during calibration and validation showed good agreement {N&EO).
Simulation of crop yield after calibration also showed very good agreei8it € 0.99, PBIAS

= 1.3%). Results from the scenario analysis using the SWATiaigiation function demonstrated
that the auterrigation function was not able to match field conditions and highlighted the
shortcomings of the auiorigation function forusers, modelers, and developers. Although the
overall performance for ET simulation was satisfactory with the-axg@tion function, there was

a noticeable decrease in NSE. The study also emphasized the need to improve the SWAT auto
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irrigation functionby including the managemeatiowed depletion (MAD), a framework for
irrigation scheduling that can be useful to better simulate water balance and crop growth in

irrigated regions.

Chen et al. (2018) modified the SWAT source code to incorporate Je#gedirrigation
management and evaluated the MAD auatigation algorithm for simulation of ET and crop ET

by comparing results from the new algorithm with results from the defauliraigition function

and observed data. The authors used the calibratg-85IRU SWAT model from Chen et al.
(2017) for this study. A small watershed was delineated around the lysimeter field, and a single
subbasin with the longest reach was selected as representative of the slope and aspect of the field.
All other subbasins a@hassociated outlets were removed, which resulted in a SWAT model
consisting of a single subbasin, single reach, and single HRU. The modified SWAT code allowed
simulation of a single constant MAD value throughout the growing season or for growth stage
spedfic MAD values (FAOMAD). Results from the study indicated that although the SWAT
default autarrigation algorithm simulated reasonable values for ET, the simulated irrigation was
considerably higher than the actual irrigation. Use of the new constailt MAGirrigation
algorithm greatly improved the simulation of seasonal irrigation, which improved further with the

use of the FAGMAD autac-irrigation algorithm.

Anand et al. (2007) calibrated and validated the runoff prediction of SWAT and Agricultural
Drainage and Pesticide Transport (ADAPT) (Alexander, 1988) for individual field plots under no
till planting with surfacebroadcast fertilizer/pesticide application (NT/SB)tdowith deep
banded fertilizer application (NT/DB), and tilled management me&t The study site was a 4.7

ha farm field in the Upper Marais des Cygnes basin in Kansas, which included two replicates of

each BMP treatment. The models were calibrated for each BMP treatment using observed runoff
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from one plot and validated using obgsd runoff from the replicate plots. The authors did not
provide details on how the SWAT model was set up to simulate runoff from each plot under the
different BMP treatments. Results from the study indicated that theitbestve number for
antecedergoil moisture condition Il (CN for ADAPT was 66, 68, and 70 for the NT/SB, NT/DB,

and tilled BMP treatments, respectively, while the #igs€N;, for SWAT was 86 for all
treatments. Although the calibration parameters were different for the two mibdelsestfit

model parameters had excellent correlation to monthly runoff totals and moderate correlation to
individual events. Validation of the model using the calibrated parameters for the replicate plots
showed improved or similar statistical resultsis possible that the differences in calibration
parameters for the two models could be related to the differences in ET estimation in the two

models.

Maski et al. (2008) evaluated the ability of SWAT set up for field scale to simulate runoff and
sedimats under different management practices and to verify optimal parameter sets for runoff
and sediments simulation under different management practices. Because the experimental plots
were the same as those used by Anand et al. (2007) for comparing SWADART, the three

BMP treatments were the same, and the runoff calibration process for SWAT was adapted from
that previous study. The model was calibrated for three field plots (0.39 to 1.46 ha) with different
management practices and validated for thegdicate plots (0.40 to 0.56 ha) with the same
management practices. A field survey of the plots with a horizontal accuracy of 10 to 20 mm and
vertical accuracy of 2 to 3 times the horizontal accuracy was used to derive slopes for individual
plots. The fiéd-scale model was set up such that each plot was simulated as a single subbasin with
no routing between subbasins, and the outputs from the subbasin were evaluated against the plot

outputs. Each subbasin had a single HRU, and management scenarios evieed $peeach plot,
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scheduled by dates. Model performance was evaluated by comparingbasedtflow and
sediment yield values. The calibrated (Cd¥ 86 for the tilled treatment was slightly lower than
the values for the noll treatments of NT/SB (88 and NT/DB (89) for runoff simulation.
Saturated hydraulic conductivity followed a similar trend, with lower values for tilled than no
tilled treatments, while the baseline soil available water capacity (AWC) was appropriate for all
the treatments. Calibtion of sediments showed that the baseline USLE cropping fagtay (@s
adequate for the tilled and debanding treatments with soil disturbance, while the-be&tmin

value for field conditions without soil treatment was 2.5 to 3 times greatetttedaseline value.

The authors cautioned that fieldr watersheecale models calibrated for tilled management

practices may not function well for management scenarios withil.no

DouglasMankin et al. (2010) built on the fielscale SWAT model calilated and validated for
runoff and sediment by Maski et al. (2008) and evaluated the ability of the SWAT model to
simulate daily and monthly TN and TP yields in runoff at field scale under the different BMPs.
The authors calibrated the model sequentiatyTN and TP, followed by validation with paired
treatment plots. Results showed that the calibrated parameter values used for TN and TP
calibration were identical for all plots irrespective of tillage and fertilizer application method,
indicating that runff and sediment yield calibration alone can adequately simulate the differences
in nutrient loss from different tillage and fertilizer placement practices. Evaluation of daily TN
yield calibration for all treatments showed that SWAT had satisfactorytrotmdeling efficiency

(Ef*) (0.54 to 0.64), good to very good PBIAS (31% to 7%), and satisfactory to good median RSR
(RSR*) (0.72 to 0.62), while lower and more variable performance was observed for daily TP
simulation (B of 0.42 to 0.62, PBIAS 0f48% b 2%, and RSR* of 0.76 to 0.62). The authors

also noted that the model predicted greater TN loss from ttié fields when compared to the
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tilled fields, which was contrary to the observed values and a major concern, while also pointing

out that the e#cts of tillage systems on nutrient loss are still very little understood.

Bosch et al. (2010) evaluated the SWAT landscape model (Arnold et al., 2010) for the simulation
of surface runoff, lateral subsurface flow, and groundwater flow on a 1.77 hapallsith an

upland field, grass buffer, and subdivided forested buffer in the Atlantic Coastal Plain near Tifton,
Georgia. Flow simulation results from the SWAT landscape model that had been manually
configured with four HRUs for the formomponent hillslop were compared against a sirglieU

model developed using SWAT 2005 with the dominant land use and soil type configuration of the
upland field. The total area of the upland HRU in the siitift) SWAT model was modified to

1.77 ha to match the total arehthe simulated hillslope. The SWAT landscape model and
observed results showed that surface runoff and groundwater flow dominated the upland field and
grass buffer hydrology, respectively. Although the SWAT landscape model simulated the average
annual suiace runoff and groundwater flow satisfactorily and followed the general trends in the
observed data, the difference between observed and simulated annual runoff at the edge of the
grass and forested buffers was as great as 75%. The SWAT landscape nsaalsbwat able to
simulate monthly observed surface runoff at the edge of the upland field, demonstrating a need for
additional detail in the landscape model to better simulate the interactions between soil surface,
vadose zone, and groundwater. The sitfRU SWAT model was not able to redistribute the
water between surface and subsurface components, as done by the landscape model and observed

in the field, resulting in considerably higher surface runoff and low groundwater flow.

2.4.1.2Watershed-Scale SWAT Modé with Each Field Represented as a Set of HRUs
Gitau et al. (2004) used SWAT, a genetic algorithm (GA), a BMP tool, andpstafic BMP

costs to develop a method for determining the optimal selection and location of BMPs within a
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farm to reduce phosphapollution in a coseffective way. The farm was located in the Town
Brook watershed (TBW) of Delaware County, New York. A SWAT model was set up for the TBW
using a 10 m DEM for elevation data, a 10 m land use classification grid for base land use, and
SSURGO for soil data with a 0% land use and soil definition threshold. Use of a 0% threshold
prevented lumping of land use and soil, and the resulting HRU map was overlaid with the farm
boundary to identify HRUs within the farm. The model was calibratednfanthly (R = 0.76,

NSE = 0.44) and annual {R 0.99, NSE = 0.84) streamflow, and the-y&ar average annual
loadings of phosphorus from each HRU within the farm were used as input for the GA. Cost
effective BMP implementation scenarios used the GABM® tool, and the BMP costs. Results

from the study showed that the most eefféctive scenario achieved an effectiveness of 0.6 kg

dissolved P reduction per dollar spent per year.

Gitau et al. (2008) applied the SWAT model and a BMP characterizatioto @dl63 ha farm that
covered an entire subwatershed in Delaware County, New York. The authors compaaed pre
postBMP installation periods to determine the extent to which the model results matched the
observed data at the watershed and field levels@evaluate the impacts of the BMPs. Each field
within the 163 ha watershed was simulated as a unique land use area to allow BMP evaluation at
the field level and prevent masking of small but potentially high phosphorus (P) loss areas, which
can happerwhen fields are lumped together during SWAT model setup. Georeferenced field
boundary data were annotated as the base land use map for SWAT so that each field had a unique
identifier to maintain each land use as a unique land use. The SWArInbenttp déaabase was

then modified to accommodate the new land use identifiers by copying parameters from the
appropriate corresponding general land use. A threshold of 0% was used for land use and soils to

preclude lumping and preserving all fields and soils. Tdghnique, also demonstrated by Veith
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et al. (2005), allows each field to be represented by a unique set of multiple HRUs in the model
and allows evaluation of SWAT fiel@vel outputs against observed field experiments. Gitau et
al. (2008) found that SWA#adequately simulated runoff, sediment, and phosphorus for the pre
and postBMP periods, with annual NSE for the simulated components ranging between 0.56 and
0.8 and monthly values ranging between 0.45 and 0.78-lExdtl simulations were also found to

be adequate, with the simulatedfield P loads closely matching the observed data. BMP
installation reduced dissolved phosphorus (DP), particulate phosphorus (PP), and TP by an average
of 31%, 13%, and 21%, respectively, at the watershed scale. Tdirsgfwwas consistent with the
findings from the observed data. The model was not able to evaluate the impacts of individual
BMPs because the BMPs existed in various combinations within the fields. However, the model
was able to evaluate the impacts of BM#nbinations, such as nutrient management plans and
rotations (31% DP, 25% TP reduction). The BMP characterization tool was also found to suitably
complement the model, as it provided information on the impacts of individual BMPs as well as

the efficiency 6 BMPs that were not simulated by SWAT.

Ghebremichael et al. (2008) built on the calibrated SWAT model for runoff, sediment, and
phosphorus developed by Gitau et al. (2008) and assessed the benefits of thieeefgracision

feed management (PFM) segtes at field and watershed level. The authors used the calibrated
model results as the baseline scenario and evaluated the hydrologic, sediment, and nutrient
responses to the PFM strategies of reduced manure P concentrations as a result of dietary P
redwction (scenario 1), increased forage productivity + scenario 1 (scenario 2), and converting corn
land to highyielding grass + scenario 2 (scenario 3). Simulation of each field as a unique set of

HRUs allowed assessment of the fidgtel impacts of PFM stitegies for each field by evaluating
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outputs from the HRUSs that corresponded to each field. Results from the study showed that the

PFM strategies reduced soil P buildup and P losses at both field and watershed level.

Ghebremichael et al. (2010) quantifiaad identified critical source area (CSASs) for P loss in the
Rock River watershed in Vermont using SWAT. The watershed, which covers an area of about 71
km?, is dominated by dairy agriculture and is considered a-iighity area for watershed
managementctivities. Land use data for the SWAT model input were developed from a
combination of the National Land Cover Database (NLCD) data layer, common land unit (CLU)
maps, and digitized active farmsteads. Because the NLCD provides information only as either
closely grown crops or row crops, without specific crop type identification, the NLCD data layer
was updated wherever possible using CLU data and digitized farmsteads. HRUs in the study were
defined using SSURGO soil data, the updated land use map, arstbfoelgroups (0% to 3%, 3%

to 8%, 8% to 15%, and >15%). The HRUs were defined by distinctly coding to specific fields
using available field boundary data for crops to maintain the specific locations of the crop fields,
which was critical for identifyingCSAs for P loss. Assessment of daily and monthly streamflow
(NSE of 0.60 and 0.74 during calibration and 0.60 and 0.70 during validation, respectively) showed
that the streamflow predictions were acceptable for the project. The model also adequately
simulaed daily and monthly sediment loads (NSE of 0.4 and 0.7 during calibration and 0.4 and
0.6 during validation, respectively) and monthly total P loads (NSE of 0.7 during calibration and
0.6 during validation). Evaluation of CSAs for P loss showed that &0#te total P loss in the
watershed was contributed by 24% of the area, which can help managers and planners implement

management strategies with limited resources.

2.4.1.3Watershed-Scale SWAT Model with Fields Simulated as Unique HRUs
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Kalcic et al. (2015demonstrated a method for defining each SWAT HRU as a field boundary
within a simulated watershed and compared the field boundary method to the standard method of
HRU definition for streamflow, nitrogen, phosphorus, and sediment simulation in a 56 km
watashed in westentral Indiana. The authors used the CLU map layer provided by the USDA
Farm Service Agency (FSA) for the field boundaries to first determine the major land use in each
field boundary. A new soil map was created using the SSURGO and CLUsuonapshat each

field boundary was assigned one soil type with the greatest number of cells assigned within the
field, and a unique soil name was assigned for every field in the study area so that each field had
one land use, a unique soil type, and ow@es| which is required for simulating each field as a
unique HRU and prevent lumping of HRUs. Each unique soil name required the addition of a new
soil to the usersoil table in the SWAT database. A lookup table was also created to map each new
soil name tothe SSURGO soil map unit key (mukey), a unique identifier for each soil in the
database. As a result, the model saw each field as having a unique soil type and defined each field
as a unigue HRU. Kalcic et al. (2015) provided a detailed-Istegiep procss for the field
boundary method. The authors mentioned that each field could also be simulated as a unique HRU
by creating a unique land use for each field, but an upper limit on the number of unique land use
names can become an issue. Only one slope (M8 to 2%) and a 0% threshold for land use,

soil, and slope characteristics were used for both the standard method and the field boundary
method during the model setup. The authors noted that only 418 HRUs were produced by the field
boundary method, asompared to 690 HRUs using the standard method. Model performance
evaluation showed that the water balance and hydrology were quite similar for both methods, and
the R and NSE were >0.6 for daily and monthly flows for both methods, even though the models

were not calibrated. Daily simulations of nitrogen, phosphorus, and sediment at the watershed
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outlet were also similar for both methods, but the field boundary method masked extremely high

soil erosion predicted for a few soils because only a majorityyglwas chosen for each field.

Teshager et al. (2016) developed an ArcGIS preprocessing procedure using the USDA National
Agriculture Statistics Service (NASS) Cropland Data Layer (CDL) land use/land cover (LULC)
and soil data to spatially define a eteeone match between farm fields and HRUs within a
subbasin prior to SWAT simulations. The authors then used the preprocessing outputs to set up
the SWAT model for evaluation of flow, sediment, nitrate, and mineral phosphorus for two
midwestern watershedsaBcoon River watershed (RRW) and Big Creek River watershed (BRW),

at daily, monthly, and annual time scales. The preprocessing procedure is detailgdstégpin

the article. The general steps include converting LULC to polygons, splitting the polygbns

road and river networks, intersecting the final polygons with predefined subbasin polygons from
ArcSWAT, relabeling the LULC polygon codes by assigning different codes for the same LULC
type and adding the new crop/LULC types to the SWAT crop databadeusing the updated
polygons to assign a dominant soil for each polygon. A threshold of 0% for land use, soil, and
slope characteristics was used during the HRU definition process, and a single slope class was
used to prevent HRU fragmentation. Evailomatof the model results for the two simulated
watersheds showed that SWAT was able to replicate annual, monthly, and daily streamflow as
well as sediment, nitrate, and mineral phosphorus within the accuracy recommended by Moriasi
et al. (2007), althougline model performed better in the RRW than in the BRW. The authors stated
that older and limited observed data along with bias issues in estimating pollutant loads with
LOADEST, especially for daily load estimates, could have led to the decreased mantehpece

in the BRW.
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Merriman et al. (2018) calibrated and validated the SWAT model for the 50kyar Creek
watershed in Michigan to identify CSAs with the highest runoff, erosion, and nutrient loss potential
and to estimate the impact of BMPs on nutreemd sediment yields in the watershed. The authors
also simulated additional scenarios of BMP implementation for evaluating reductions in nutrient
and sediment yields. The SWAT model was configured to have HRUs approximately equal to one
farm field in thewatershed to allow accurate placement of BMPs with spatially correct land use
and soil types modeled beneath the BMPs, and to identify CSAs. The National Conservation
Planning (NCP) database, which is a repository of NlR@8ed BMPs, was used to identifye
locations of BMPs in the watershed. The setup of each field as a uniqgue HRU in the model was
done by loosely following the methods used by Daggupati et al. (2011) and Kalcic et al. (2015). A
CLU map was used to determine the farm outlines in the sfadr The land use map for the
SWAT model was prepared by using the majority value for each outlined field through the CDL.
A soil map was created using a similar approach with the dominant soil type in each field. A
threshold of 0% was used for land useil, and slope characteristics, and the slope layer was
created using the single slope option to keep the field boundaries as delineated. The BMPs installed
in the watershed were mostly netructural and were simulated by adjusting the management
practies following an approach similar to Arabi et al. (2008). Monthly model calibration at the
watershed outlet resulted in very good NSE values of 0.90, 0.79, 0.87, 0.88, and 0.77 for flow,
sediment, TP, DP, and TN, respectively, and a satisfactory NSE ofd.bitrate. Validation
results were at least satisfactory, with NSE of 0.83, 0.54, 0.73, 0.53, and 0.60 for flow, sediment,
TP, DP, and TN, respectively, and unsatisfactory for nitrate, with NSE of 0.28. Evaluation of the
BMP effects at field scale shodi¢hat the most effective practice for reducing sediment, TP, and

DP was ntill followed by cover crops, while nitrate loss was most reduced at the field scale by
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cover crops. The BMPs were not as effective at reducing nutrient and sediment loss at the

watershed scale.

2.4.1.4PostProcessing Tool for Scaling HRU Outputs to Field Scale

Daggupati et al. (2011) created a SWAT HRU output-postessing tool that used CLU layer
maps to convert SWAT HRU output from a waterskedle model to fiekdevel results for
evaluating sediment yields at the field level and assessing the impact of topography, soil, land use,
and land management source data on-elle targeting. The authors set up the SWAT model

for a 7,818 ha watershed in south Kansas using a 0% threshdadilfand land use so that all
combinations of topography, soil, and land use were preserved. The model performance was
evaluated for streamflow at the watershed outlet, and the model agreement with observed flow
data was satisfactory, with monthly sttitis of R = 0.75, NSE = 0.66, and PBIAS-%8.8%.

Model performance for sediment yield was evaluated against the published measurements for
small cropland drainages because observed stream sediment data were not available. Post
processing the SWAT HRU quit to fieldlevel output was a twetep process in which the first

step was to read in the SWAT HRU output table from the access database and export average
annual yields for sediment, TN, and TP. The second step was to use the outputs from the first step
fullHRU shapefile, and boundary of interest (e.g., fields, counties) to produce maps -of area
weighted average annual pollutant yields for the-dséined boundary using zonal statistics. An
ArcGlS-based SWAT targeting toolbar was created using ArcG$BaliBasic that automated the

two processes. Results from the study showed that thepustssing tool can be useful for field

level targeting of critical areas of sediment loss. However, incorrect use of source data for model
setup, such as misclassdton of land use in NASS or missing land management datasets (e.g.,

terraces, contour farming, or4til) in the NLCD datasets, along with levesolution topographic
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data (30 m DEM instead of 10 m) and soil data (STATSGO instead of SSURGO soil dataset)

translate into incorrect fieltkvel targeting.

Pai et al. (2012) developed a standalone tool called Field SWAT, based on the MATLAB
programming environment, for mapping SWAT HRU outputs to-dseéined boundaries such as
fields. The authors developed a s@aalgorithm that aggregated HR®Bvel outputs to field
boundaries using one of four different methods for spatial aggregation (mean, mode, geometric
mean, and areaeighted mean) chosen by the user and incorporated the algorithm into user
friendly geosptial software that allows visualization and saving of SWAT output tedefared

field boundaries. Field_ SWAT has three major components: input data, display, and status/output.
The input data component requires the user to define a base folder, itemt8WAT project

folder, and provide the field boundary layer in polygon vector format. The display component
requires the user to choose between annual sediment or annual runoff options, which are the only
outputs that can be mapped using this tool. §taus/output component allows the user to save

the output maps in the form of shapefiles. The tool was tested by the authors in the agriculturally
dominated Second Creek watershed in northeast Arkansas by mapping outputs from 218 HRUs to
89 field boundags. Using visual and statistical results, the authors determined that the area
weighted spatial aggregation method resulted in the most suitable mapping between HRU and field
outputs. The study demonstrated that Field SWAT can be a useful tool feschtddargeting of
conservation practices by identifying critical NPS pollution areas in a watershed and enhancing

communication between SWAT modelers and watershed managers.

2.4.1.5Evaluation of Field-Scale Results by Relating HRUs to Fields by Matching HRU

and Field Properties
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Sinnathamby et al. (2017) developed a new crop parameter dataset for sweet sorghum and
evaluated the ability of SWAT to simulate corn and grain sorghum yields under a range of
ecoclimatic regions using fielscale crop yield data from two search sites. The authors
calibrated the model for corn and grain sorghum yields using ten years of field data in Kansas by
developing a watershestale SWAT model for the 4,800 ha watershed that included the research
sites. They calibrated the model byalating HRUlevel outputs from two HRUs that had similar

soil, slope, and land use characteristics, one each for corn and grain sorghum. Corn and grain
sorghum yields were validated using five years of yield data from a research site in Oklahoma.
Similarto the calibration method, a watersksxhle SWAT model for a 12,767 ha watershed was
developed that included the research site with observed data, and two HRUs were selected that
matched the research fields. Calibrated crop parameters from the Kansasesitsed for model
validation. Overall, SWAT was able to simulate corn, grain sorghum, and sweet sorghum yields
reasonably over a range of climatic conditions. Results showed that calibration improved model
performance for corn and grain sorghum yielchidation. Validation of the crop parameters
showed improvement in corn yield but no improvement in sorghum yield, as the research site used
for validation was influenced by drought and possibly had different management practices. The
results also supportesite-specific calibration for crop yields rather than using default ositdf
calibrated parameters to minimize the effects of different soil, water, and nutrient management

conditions.

Uribe et al. (2018) assessed the impact of intensive tillage @ canservation tillage (CT) on
runoff, sediment, TN, and TP yield at field and watershed scales in the 788ukimene Lake
watershed in Colombia. The watershed was divided into 30 subbasins and five slope classes (0%

to 5%, 5% to 15%, 15% to 25%, 25% 46%, and >45%). Evaluation at the field scale was
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performed by selecting HRUs that had similar slope, soil, and land use characteristics in a subbasin
that corresponded spatially to where the observed plots were located in the watershed. Model
calibrationand validation were performed at two spatial levels. First, monthly streamflow was
calibrated and validated using,RISE, root mean square error (RMSE), and mean absolute error
(MAE) (Moriasi et al., 2007) for four stream gauging stations located witkinvatershed. Next,

the model was calibrated against diotel data for surface runoff, sediment load, anc: i@

soluble P concentrations using SWAT HRU outputs. Model results showed that the monthly
streamflow predictions and calibration of nutrientsl aediments were acceptable. At the plot
level, assessment of the two tillage practices showed that CT reduced sediment and runoff by 46%
and 27%, respectively, but increased TN and TP by 17% and 29%, respectively. Evaluation at the
watershed scale showttht CT was able to reduce surface runoff and sediment by 11% and 26%,
respectively. There was also a TP reduction of 18%, but TN increased by 2% at the watershed

scale.

2.5Benefits, Limitations, and Directions for Future Research

This literature review ofi€éld-scale SWAT modeling research identified multiple ways of setting

up a fieldscale SWAT model depending on the spatial scale of the research as well as the research
guestions to be addressed. Each method has its own advantages, limitations, ane$edhzr

needs, which are detailed in the following paragraphs.

Simulation of an individual field using the singllRU approach allows modelers to study
complex hydrological and nutrient processes in more detail as well as evaluate the impacts of
BMPs atthe field scale. However, the singtlRU method allows only the single dominant or
userselected soil type in the field to be simulated and causes a loss #igaltirsoil variability,

which might otherwise be present. In addition, fields generally dofoitow hydrological

25



boundaries, and calibration and validation of the hydrological and nutrient processes of an
individual field using observed data should consider the uncertainty in the observed data pertaining
to contributions from adjacent fields. €drved datasets used for fidale calibration, including

ET, soil moisture, or nutrients in runoff, that are measured at the field are also not readily available,
and gathering these datasets can become expensive with the installation of instrunsamsnd
analysis. Evaluation of soft data, such as satdibteed ET, LAI, soil moisture, and normalized
difference vegetation index (NDVI), as potential datasets for-fieéde calibration can be pivotal

in simulating and evaluating fields for which ebged datasets are not available.

The singleHRU method limits the number of crops grown in a field because a single HRU does
not allow multiple crops to be grown simultaneously. The sihtiéJ) method also does not allow
hydrological or nutrient routing lsause SWAT allows routing only between subbasins, which
could impact the evaluation of sediment and nutrient losses from a field, especially if the fields are
large and flow routing could have an impact. Using SWAT to simulate a field as a small watershed
rather than as a single HRU can be a potential method ofsitelé SWAT simulation that
preserves the intriield soil and slope variability and allows multiple crops as well as flow and
nutrient routing in the field. The importance of mubjective céibration for hydrological and
nutrient transport processes at the field scale for increasing model robustness has not been
evaluated. However, fieldcale simulation of a single field using SWAT provides an excellent
opportunity to improve the trust ofasteholders, including farmers and landowners, in the model,

as the model s outcome can be directly relate
accurate fielescale simulation by SWAT can help increase stakeholder confidence in the model

resuts. The method can also be an important tool for evaluating irrigation and nutrient
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management BMP scenarios for water quantity and quality at the field scale, along with the effects

on crop Yield with detailed management practices.

Simulation of each fid using a land use map with unique names for each field but preserving the
intrafield soil heterogeneity and slope characteristics, if present, allows each field to be
represented by a unique set of HRUs. This method of-$iedde SWAT allows placing dn
evaluating multiple BMPs and growing multiple crops within a single field, if more than one HRU
is created for a field, which is not possible with the sit¢fRl) method at field or watershed scale.
Identification and management scenario evaluation of fSAnutrient and sediment losses from

a field can also be performed using this method. Healdl outputs can still be evaluated by
combining the outputs from the HRUSs that relate to any field in the simulated watershed. However,
this method requires gbprocessing of model output for fieldvel evaluation, as the unique set

of HRUs related to each field needs to be identified, and the outputs from each HRU need to be
combined. The method can also potentially lead to the creation of a large numisddeifkhe
simulated watershed is large with many fields and high soil and slope variability, leading to issues

with model size and data pestocessing.

Watersheescale SWAT modeling with each field represented as a uniqgue HRU is an important
method for feld-level targeting of BMPs as well as for implementing different management
practices in separate fields with the same land use, soil, and slope characteristics within the same
subbasin, which would have been lumped together in the conventional HR fiaefimocess.

Each field in this method is simulated as a single HRU by creating a unique land use and dominant
soil type for each field in the simulated watershed. However, as in the-BiRg§Jemethod for
simulating a single field, use of a single sgpé for each field to be simulated as an HRU can

lead to loss of soil variability within a field and mask or eliminate small areas that have high

27



potential for soil erosion (Kalcic et al., 2015) and nutrient loss. The method is also limited to only
one slpe characteristics within a field, which can potentially lead to error in the simulation and
representation of field conditions when a field has multiple slopes. Loss of important land cover
sections within a field, such as grassland or forested buféesgnulate the field as a single HRU

can also lead to inaccurate simulation of surface and subsurface components, as shown by Bosch
et al. (2010), which can lead to inaccuracies in simulating the field hydrological and nutrient

transport processes.

Calibraion and validation of watershestale SWAT models with each field simulated as an
individual HRU or as a set of uniqgue HRUs are often performed at the watershed outlet, while the
outputs are evaluated at the HRU level, which can lead to uncertaintymotied output. Use of

soft data in evaluating modsimulated outputs at the HRU level, at least in critical HRUs
identified from the initial model analysis, can help improve the accuracy of model outputs at the
field or HRU level. Missing spatial refereag for HRUs and routing water, nutrients, sediments,
bacteria, and pesticides within a subbasin are still issues with SWAT and are not addressed by the

use of either method.

The postprocessing tools developed by Daggupati et al. (2011) and Pai et a2) @0dw
evaluation of fieldevel outputs using SWAT HRU outputs from a conventionally developed
SWAT model, which can greatly reduce model setup time because manual development of land
use or soil maps and tables is not required for delineating the HRUised when simulating each

field as a single HRU. However, the method does not allow simulating and evaluating field
specific BMP applications, as fields with the same land use and soil can still be lumped into one
HRU within a subwatershed during modeltup. This method was also evaluated for fielc!

outputs from SWAT HRU outputs, but the method was not evaluated for its accuracy by comparing
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it to field observations, which can lead to uncertainty in model output. Use of soft data for the
evaluation of postprocessed output at field level can, again, be helpful in improving model
simulation and pogbrocessed model outputs. Daggupati et al. (2011) mentioned that the quality
of input data can greatly influence critical areas for sediment loss altdeamily lead to incorrect
field-level targeting, thus making evaluation with field observations even more important. Both
postprocessing tools only prepare annual filddel outputs, and improvement to the tools might

be required if intraannual evaludons are desired.

Although fieldscale evaluations can be done by relating HRUs defined using the conventional
method to fields by using land use, soil, and slope characteristics, the method can be limited in its
use. Fieldspecific BMP application ancthanagement practice data are critical for evaluating the
impacts of BMPs and management practices on water quantity and quality, bepéeitic BMP
applications cannot be simulated using this method, as fields with the same land use, soil, and
slope ae lumped into one HRU, and there is no exclusive relationship between a field and an HRU.

Lumping of fields also prevents simulation of fiesddecific management practices
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Chapter 3
Multi -Variable Sensitivity Analysis, Calibration, and Validation of a FieldScale SWAT

Model: Building Stakeholder Trust in Hydrologic and Water Quality Modeling

3.1 Abstract

Multi-variable calibration of a fieldcale Soil and Water Assessment (SWAT) model is critical
for understanding the true impacts of irrigation and nutrient best management practices on
hydrology, water quality, and agricultural productivitpdafor building stakeholder trust for its
eventual implementation at the watershed scale. This study evaluated the ability of the SWAT
model to simulate runoff, soil moisture, cotton and peanut yield, and nitrate in conventiandlly
strip-tilled plots while also evaluating the differences in hydrological and nutrient simulation
parameters in the two tillage practices. Modeling results showed that SWAT can adequately
simulate runoff, soil moisture, cotton and peanut yield, and nitrate at the field adatbaa
calibrated values for theCurve Number Of Operation (CNOP were different for the
conventionally and striptilled plots and critical to runoff calibration. We found that it was also
important to change the routing method from VariaBkerage to Muskingum and adjust
DIS_STREAM for runoff simulation if the fields were to be simulated as a watershed rather than
as an HRU. Sequential calibrationseirface runoffsoil moisture, crop yieldand nitrate showed

that crop yield can be an imgiant consideration for improving SWAT model robustness in
nutrient transport simulationSoil moisturecalibrationdid not have a significant effect on runoff
simulations. Evaluation ofthe impacts of different management scenasbewed that soil
moisture sensebased irrigation, cover crop, and strip tillage had the highest potential for reducing

nutrient loss and conserving water while maintaining agricultural productivity in South GA. The
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study alsodemonstrated to stakeholders that the SWAT modelsteccessfully quantify the

impacts of different management scenarios on their farm fields

3.2Introduction

Elevatedevels of nitrogen and phosphorus in the rivers, streams, and shallow groundwater of the
United States, especially in agricultural watershedan important concern for aquatic life and
human health. Concentrations exceeding 2 to 10 times regional limits set by the U.S.
Environmental Protection Agency (USEPA) indicate that substantial changes in land use
management and agricultural practicese aeeded to reduce nutrient loadings to surface and
groundwater systen{®ubrovsky et al., 2010Along with nutrient loss reduction, irrigation water
management isrucial for agriculture sustainability and conservation of surfacesasurface

water resources. Agrittural Best Management Practices (BMPs), which include nutrient
management, cover crops, conservation tillage, and buffers, among others, are important tools for
reducing water quality and quantity impacts in agricultural watersfeadopy et al, 2008)

Many field and watershed scale models have been utilized for evaluating the impacts of BMPs
including Dynamic Watershed Simulation Model (DWSM), Water Erosion Prediction Project
(WEPP), Annualized Agricultural dhPoint Source model (AnnAGNPS), Revised Universal Soll
Loss Equation Version 2 (RUSLEZ2), Environmental Policy Integrated Climate (EPIC),
Agricultural Policy/Environmental eXtender (APEX) and Soil and Water Assessment Tool
(SWAT) (Arnold et &, 1998; Bingner et al., 2015; D K Borah et al., 2002; Flanagan et al., 2001,
Foster et al., 2002; Williams et al., 1989, 20@Ghong these, SWAT is arguably the most widely

used model, especially at the watershed scale.

SWAT is a physicallybased, weershedscale, continuouime, semidistributed,quasi process

basednodel designed for the simulation of flow, sediment, nutrient, and pesticide transport from
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predominantly agricultural watershefi$eitsch et al., 2011)l'he model has been evaluated and
applied extensively for simulation of a wide range of watershed prolfleassmaret al, 2007)
including evaluation of BMPs at the fieldade (Y Chen et al., 2017; Gitau et al., 2008; Maski et

al., 2008)and watershed scal@deret al.,2016; NiandParajuli, 2018; Uribet al.,2018)

Although field and watershed models have been used for decades to address a variety of water
guality and quantity problems, stakeholder trust in moidetsill low and scientific findings are

often rejected when demonstrating a need of unpopular decf$foime®v and Gaddis, 2008T his

can also be said to be true for the SWAT model. Demonstrating that SWAT can simulate the
farm/field scale processes well under different BMPs can be critical to increase stakeholder trust
in a model and for the eventual evaluation of BMP applicaiovatershed scale for water quantity

and quality protection. In the SWAT model, the basic unit for all calculations is the hydrologic
response unit (HRU), which are lumped land areas with a unique combination of land cover, soll,
and/or slope class withia subwatershed delineated based on thresholds defined by the modeler.
As a result, HRUs do not have spatial orientation, and multiple fields withinaaeshed can

be represented by a single HRU. This can make it difficult to apply as well astexbkianpacts

of conservation practices at the field level as fields similar in land use, soil, and slope within a sub
watershed can have different management practices. As BMPs are implemented at the field/farm
scale, it is important to evaluate the a&pibf SWAT to simulate the hydrological and nutrient
processes at the field scale and present the model outputs to farmeiswiteang, and other
stakeholders at this scale order to build stakeholder trust in models. As a consequence, there
have beemecent studiesvaluatingthe hydrological, sediment, and nutrient processes of SWAT
using a field/plot scale SWAT model as well as the evaluation of watesslaésl SWAT model

outputs at fielescale (Anand et al., 2007; Daggupati al, 2011; Kalcicet al, 2015; Paet al.,
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2012) Merriman et al(2018)identified critical sources areas forghest runoff, erosion, and
nutrient losses as well as evaluated the impacts of BMPs at the field and watershed scales by setting
up the SWAT model such that each field was represented by an individual HRU. Kalcic et al.
(2015) Gitau et al(2008) Teshager et a{2016) and Ghebremichael et #2010) conducted

similar studies where they set g SWAT model such that each HREpresented a unique field

in the watershedViaski et al.(2008) evaluated the effects of conventional tillage aodillage
management practices on a sorgksogbean rotation forunoff and sediment yield from three

plots with each plot simulated as an individual HRU, while Chen €R@L7)investigated the
autairrigation function of the SWAT model by simulating the experimental field as a single HRU.
Daggupati et al(2011)and Pai et al2012)develogd postprocessing tools that utilized SWAT

outputs from a watershestale model to evaluate individual fields.

Most field-scale SWAT studies for BMP evaluation have used only a single hydrologic (surface
runoff) and/or nutrient (nutrient concentrationssurface runoff) variable for model calibration.

This approach can often provide good model performance results by compensating for errors in
model simulation with erroneous simulation of other hydrological and nutrient variables that are
not calibrated.Calibration and validation strategy using multiple variabtas help reduce
parameter uncertainty as well as the problem of equifinality as fewer sets of calibration parameters
can satisfy the calibration criterion due to interaction among other pararfigdggupati et al.,

2015) and thereby increase model robustndsss also important to note thahany BMP
evaluation studies using SWAT at the fislchlehave not considered crop yi€ldouglasMankin

et al., 2010; Maski et al., 2008; Merriman et al., 20¥8)ich is an important consideration for
farmers lookingo implement management practices, especially when the BMPs involve nutrient

and irrigation managemenAvailability of longterm runoff, soil moisture, crop yield, and
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nutrients in surface runoff data along with detailed management practice data fepérimental

plots in a cottorpeanut rotation at the University of Georgia farms in Tift County, Georgia (GA)
presented a unique opportunity for evaluating the importance of-wawiéible calibration in the
simulation of hydrological (using surface runaffd soil moisture) and nutrient (using crop vyield,

and nutrient in surface runoff) processes at the field scale using SWAT for BMP evaluation. This
can be critical in evaluating the environmental and/or economic-tff&leof implementing
agricultural BMR that focuses on nutrient and irrigation management for reducing nutrient loss
from agricultural fields and water conservation as these BMPs can impact crop yield and thereby
provide critical information to stakeholders. As the two experimental plois eomventional and
striptillage, the study also provided the opportunity to evaluate the differences in parameterization

in simulating runoff and nutrienta fields underthe twotillage practices at field scale.

Cotton and peanut are th# and 4" ranked agricultural commoditiestine state of GA accounting

for about 12.5% of the total agricultural econofiversity of Georgia CAES, 2018%ince a

wide range/level of irrigation, nutrient, and tillage management operations are being practiced by
farmers for cotton and peanut pumtion in GA, understanding their effects on irrigation water

use, crop yield, and nutrient losse<ritical for farmers and stakeholders for protecting water
guality and reducing water use while optimiziorgp yield. Threedifferent nutrient, irrigatia,

and tillage management practices that represent a wide range of cotton and peanut production
practices in GA were also evaluated to determine the ability of the SWAT model to simulate crop
yield, irrigation water use, and nutrient loss at the fsgde under different management

practices.

Thereweretwo main objectives of this study. The first objective was to quantify model accuracy,

evaluating the importance of multariable calibration in improving runoff and nutrient simulation
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including crop yiéd. The second objective was to quantifye effectof different levels of
management practices on crop yield, irrigation water use, and nutrient loss at the field scale for

cotton and peanut production.

3.3Methods

3.3.1Study Area

The two experimental plots thatere simulated in this study are located in the University of
Georgia research farm in Tift County (316 6 1 38 B0 8 3 0 WicentrahGAsUSA t h
(Fig. 3.1). The two plots haveeen utilized for multiple longerm studies including studying the
effects of tillage and slope position on fieddale hydrologic process@®osch et al., 2012gffects

of conservation tillage on hydrology and watgiality in the coastal plainBosch et al., 2005,

2015) APEX calibration and validation for watand herbicide transpo(Plotkin et al., 2013)

and sediment loss and runoff in a coastal plain land4&apkale et al., 2014Plots 1 and 2Hg.

3.1) were selected fromset of six experimental plots due to the availability of soil moisture data

for these plots. The average annual precipitation of this area is 1209 mm and the average daily
maximum and minimum temperatures ar@28and 18C, respectively. Of the two plotsne was

under conventional tillage (referred to herein as Plotl), and the second one was under strip tillage
(referred to herein as Plot2) (. 1). The total drainage area was approximately 0.18 ha and the total
planted area was approximately 0.14 ha fohhaots 1 and 2. Interceptdrairs wereinstalled

upslope of the two plots and between the plots, and earthen berm of 0.6 m were installed around
each plot to keep the plots hydrologically isolated. H flumesaandsamplersvere installed at

each plot to measure flow and to collect flaxgighted composite samples for water quality

analysesKig. 3.1). Plot2 consisted of Tifton sandy loam soil while Plotl consisted of Tifton loamy
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sand and Carnegie sandy loam soils. Both soils are deep and well drained and have moderate

available water capaciAWC) (USDA-NRCS, 1983)

| | TiftCounty

Figure 3.1 Experimental fots 1 and 2 at the University of Georgia research farm used for this
study. Also shown are the location of the experimental farm in Georgia, surface flow and water
quality data collection points (i.e.-ftume), and berms and interceptbains that isoke each

plot horizontally and vertically.

Both fields were under a cotton and peanut rotation and had the same management practices except
for tillage operations. Tabld.1 summaizesthe crop rotation, cover crop, planting and harvest

dates, total irrigadn and fertilizer application for both the plots from 1999 to 2006.
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Table 3.1 Crop rotation, fertilizer application, cover crop, and planting and harvesting dates in

the conventional tillage (Plotl) and strip tillage plots (Plot2) over the simulation period.

Wi nte Pl ant Harve lrrigePrecipi

Yea Cro Cover Dat e Dat e ( mm) ( mm) Fertiliz
915.6 Poultr%488
199 Cott Ry e 5/6/1 9/16/ 67.0E¢E kg/ ha

N-87 kg/h
1041. Poul tr-4488
200 Cott Ry e 5/1/2 9/ 14] 105. 6 kg/ ha
N-41.6 kg
886.2 Poultr4488

200 Cott Ry e 5/ 712 10/ 5]/ 228. ¢ kg/ ha
N-97.65 ki
1145. Poul trr%488

200 Pear Ry e 5/9/2 9/10/ 177. ¢ kg/ ha
200 Cott Ry e 5/12/:10/ 22/ 25. 4 1249. N-104.8 ki
200 Pear Ry e 5/10/: 9/ 21/ 127 1131. - - - - - - - - -
1486. Poul tr%488

200 Cott Ry e 5/23/:10/ 13/ 50. 714 kg/ ha

N-107.9 ki
200 Pear Ry e 5/15/: 10/ 2/ 50. 8 1120. - - - - - - - - -

3.3.2SWAT model inputs

SWAT is a river basin or watershed sca@lmcesshased semidistributed, continuous simulation
model that predicts the effect of land management practicesusndhange, and climate on
water, sediment, nutrient, crop yield, pesticide, and badtecomplex watershedhleitsch et al.,

2011) As discussed above, although SWAT is a watershed scale rwuheliease stakeholder

trust in SWAT and for its eventual application at the watmisécale for BMP evaluation and
water quality protection, it is important to demonstrate that the model is simulating farm/field
scale processes well. As the major calculations in the SWAT at the HRU level incorporates
processes from the CREAMS, GLEAMS,da&PIC modelgNeitsch et al., 2011)which are
applicable at the field/farm scale, SWAT can also be used to simulate small fields. Major inputs
to the SWAT, irrespective of the model scale, includes topographic, climatejdandoils, and

management practices.
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As fine-scale topographielevation dataset that represented the manual changes to experimental
plots due to the construction of berms were not available for use in the model setup, 10 m digital
elevation model (DEM) dataset was acquired from the United States Geological Sur@y)(US
(Gesch et al., 2008nd modified so that the topographic changes could be represedteddn

field could be simulated as an independentisagin. The average slope steepness for the HRU
was also provided to the model (.hru) based on field calculdtimnfieldscale SWAT model was

set upusingconventional SWAT modetvatershed delineatistepgWinchell et al., 2013unlike

the single HRU delineation method employed by Maski g€2808)and Chen et a(2017)that
represented each field using only a single HRU. This alloweth&surface runoff iting and

soil heterogeneityo be preservedaily precipitation and temperature data were recordesiten

while the other weather variables required for the model including wind speed, relative humidity,
and solar radiation were acquired from a stalimated 8.3 km from the site and maintained by
the Georgia Automated Environmental Monitoring Network in Tifton, GA. Detailed management
practices of the two plots including fertilizer and irrigation application, planting and harvest dates,
tillage operatins, cover crop planting and kill operations were availabdetigp the management

file (.mgt) for the two plots in the model. Base soil data for the two experimental plots were

obtained from the Soil Survey Geographic (SSURGO) datdhtzBA-NRCS, 2019)

Soil moisture data in the experimental plots were collected using Stevens Water Monitoring
Systems Inc., (Portland, OR) installed at depths of 51, 127, and 305 mm beneath the soil surface.
The probes collected soil moisture data every 30 minutes whichaveraged to produce daily
averages for depth intervals 688 mm, 85216 mm, and 22805 mm. Hence, the base soil data
downloaded from SSURGO was modified such that each soil moisture observed depth was

represented as a layer in the SWAT soil input Y fdel, which allowed for SWAT to simulate soil
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moisture at depths consistent with field observation for evaluation. F3gReshows the DEM
and resulting basin, subbasin, and reach (stream network) delineation for Plotl and Plot2. Figures

3.2B and3.2C, respectively, show thend-useand soil map for model setup.

E Basin
Reach
C Subbasir|
[ Prot1
:] Plot2
[ BERM

D Basin

Reach
[ Subbasin
- High : 104

D Basin

— Reach

| Subbasin
- Camegie sandy loamy
sesmmmaa [ Tifton sandy loam

Low:95.92 { = |

Figure 3.2 Subbasin and HRU delineation and stream network derived from DEM (A}ukad
map of planting area for Plotl and Plot2, and contributing area (B); and, soil map over the

simulated watershed (C).

3.3.3Model calibration and validation

The SWAT model wasetup from 19992006 as climate, management, and runoff data were
available for that period. A warup period of 3 years wasetup by replicating the climate and
management data from 192901 to minimize loss of observed data for calibration and validation

to warmup. The model was calibrated and validated for surface runoff, soil moisture, crop yield,
and nitrate in surface runoff. Plotl and Plot2 were calibrated and validated separately as the
observed hydrology was different for the two plots. The model iwasgever, calibrated and
validated for crop yield by calibrating the model to the crop yield of Plotl and validating to the
crop yield of Plot2 as the same crop varieties were planted on both plots and only crop parameters

were adjusted during crop yieldldoration. This allowed for using a longer crop yield dataset for
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model calibration. The model was calibrated using automated and manual techniques. Model
parameters sensitivity analysis and automated calibration were conducted using the Sequential
Uncertinty Fitting Algorithmi Version 2 (SUR2), an optimization and uncertainty analysis
program that uses Latin hypercube samp(iigpbaspouet al.,2004) located within SWATCUP,

an automated calibration and uncertainty program developed for SABORSspour, 2013)nitial
parameters selected for the automated calibration were based on litehahaid et al., 2012)

and prior knowledge of the study af@dotkin et al., 2013)The model was calibrated for sensitive
model parameters inéhsequential order of surface runoff, soil moisture, crop yield, and nitrate in
surface runoff to first calibrate the hydrological processes followed by nutrient processes loosely

following the sequence adopted by Nair e(2011)and Parajuli et a(2013)

The model was calibrated for surface runoff from 12992 and validated from 2006 at a

daily time step.Curve Number Of @eration(CNOP), which allows for adjusting the curve
number according to planting or management operations, was used for calibrating surface runoff
instead of CN2 which represents a general curve number for an HRU, irrespective of the
management operation. CNOP wafjusted for each planting operation. This also allowed for
optimizing CNOP values for cotton and peanut grown in conventional tillage and strip tillage
separately, which was important for simulating management scenarios under conventional and

strip tillage.

Soil moisture data were available only from 2001to 2006. Hence, the model was calibrated for soil
moisture from 2002003 and validated from 202D06 at a daily time step. The model was
calibrated for total soil moisture for the top 305 mm (combis@t moisture for the top 3 soil
layers). The default configuration of SWAT allows for soil moisture simulation output to be

printed only for the whole soil column in the output.hru file, which is utilized by SMZAP for
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the autecalibration process. Heagcthe SWAT source code was modified in tiredayf90
subroutine and a new SWAT executable was compiled such that the total simulated soil moisture
for the top 305 mm was exported as an additional variable inrtheutput file, which was then

utilized for automated soil moisture calibration through SWBUP.

The crop growth module of SWAT simulates biomass accumulation and nutrient content in plant
at various stages of crop growth along with crop yield at harvest at the end of the growing season
(Neitsch et al., 2011)Yhe model was calibrated for annual crop yield by calibrating for cotton and
peanut yield separately. Cotton yield was calibrated using 5 years of yield data (1999, 2000, 2001,
2003 2005) and peanut was calibrated using 3 years of yield data (2002, 2004, 2006) for Plot1.

The model was validated against the observed crop yield of Plot2.

As the nitrate loading data in surface runoff were available from-2008, the model was
calibraed for nitrate from 2002005 and validated for 2006. Unlike surface runoff and sall

moisture, nitrate was calibrated and validated at a monthly time scale.

Coefficient of determination @, NashSutcliffe efficiency (NSE), and percent bias (PBIAS) were

the three objective functions used to optimize the model simulation and were also the statistical
parameters utilized for model performance evaluatiohdéRcribes the degree of collinearity

between simulated and measured data. Value?aoiRges from Go 1 with values close to 1

indicating less error variance, and values greater than 0.5 are typically considered acceptable
(Moriasi et al., 2015)NSE demonstrates how well the measured vs simulated plot fits the 1:1 line

and determines the relative magnitude ofrgsdual variance vs the measured data variance. Its
valuerangesfro/)® t o 1 with 1 indicating a peréndct fit

values smaller than O indicating that the mean observed value is a better predictor than the
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simulated vlue (Moriasi et &, 2015) PBIAS indicates the average tendency of the simulated data
to be larger or smaller than the observed data. Optimal value of PBIAS is 0.0 and positive or
negative values of PBIAS indicate bias, underestimation or overestimation, respgMivedsi

et al., D15)

3.3.4Scenario Analysis

Three levels of management operations with varying levels of fertilizer and irrigapdicatiors

and tillage operations that represent the wide range of management practices observed in south
GA were developed for a cottaotton-peanut rotation with suggestions and input from the
University of Georgia (UGA) Extension. Management levels were developed for a-cotton

peanut rotation as it is the most common rotation being practiced in GA for cotton and peanut.

Management el 1 (Mgtl) represents the most environmentally friendly practice with optimized
fertilizer and irrigation water application with soil moisture sensor (SMS) based irrigation and
UGA recommended fertilizer application, strip tillage, and cover crop. Mamagtdevel 2 (Mgt2)
represents the most common agricultural practices being practiced by farmers in south GA which
includes UGA recommended fertilizer and irrigation application for both crops with conventional
tilage and no cover crop, and Managemeneles/ (Mgt3) represents the operations with high
fertilizer and irrigation application, conventional tillage and no cover crop. Details of the three

management levels for cotton and peanut are presentedbinl 32&rsd3.3, respectively.
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Table 3.2 Description of the three management level scenarios for Cotton in South GA.

Cottor Management Management | e Management | ev
Till acg Strip til Conventional Conventional t
Il rriga Soil moi stur UGA checkbook Mi ni mum 25. 4 mm
Fertil 33.6 Kghthat4483 kg/ ha poultr 4483 kg/ ha poul tr)
78. 6 kgi dead 78. 6 kgi dheadMNes 33.6 kgthatHr

78.6 kgidedNes

Cover Ry e No cover <cro No cover cr o]

Table 3.3 Description of the three management level scenarios for Peanut in South GA.

Peanut Management Management | e Management | ev
Till ac¢ Strip til Conventional Conventional t
Il rriga Soil moistur UGA checkbook Mini mum 25.4 mm
Fertil - - - - - - - - 4483 kg/ ha poul try
Cover Ry e No cover <cro No cover cr o]

The three management level scenarios were simulated using the calibrated mod@&Oeyesra
historical climate data for the study area which was derived from the North American Land Data
Assimilation System (NLDAL) climate forcing dataset. NLDAS hasa spatial resolution of

1/8" degree covering the continental United States (CONUS) and is availdbleattemporal

resolution(Xia et al., 2012)

The SMSbased irrigation in Mgtl scenario was simulated using the-iengation feature
available in SWAT. Autdrrigation in SWAT can be triggered based on two water stress threshold:

1) plant water demand and 2) soil water coni@itsch et al., 2011)Plant water demand
threshold triggers irrigation when the plant experiences adefared reduction in plant growth

and was used as the trigger for autaation in this study. Multiple simulationials and
comparison to typical irrigation amounts observed over the growing season using SMS in the
region for cotton and peanut showed that a threshold of 0.6 for cotton and 0.7 for peanut provided

the most reasonable irrigation values and was used isci@ario analysis. SWAT applies a
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default value of 25.4 mm each time airdgation is triggered which was also adjusted to 19.05
mm based on the recommendation from the UGA Extension office. To make sure that the auto
irrigation function triggered onlyluring the growing season and not when the cover crop is
growing, a new threshold of 0.1 was used after harvest. Evaluation of SWAT output showed no
autairrigation application in the negrowing season with the adjusted threshold. The UGA
checkbook irrigion method for Mgt2 estimates irrigation requirement for each week by
calculating the difference in precipitation and plant water requirement for that week.3¢able
shows the plant water required for cotton aednutbasedon UGA Extension recommendaiti
(University of Georgia Extension, 2018; Wéker et al., 2018)rrigation scenario in Mgt3 was
simulated such that a minimum of 25.4 mm of water was applied by a combination of precipitation
and irrigation, except for weeks which had the crop water demand higher than 25.4 mm, and the
corresponihg values were matched. Strip tillage and conventional tillage were simulated by using

the calibrated CNOP values of cotton, peanut, or rye.

Results from the long term simulation of the three management levels for the crop rotatied allow
us to understah the differences in irrigation water use, nutrient loss, and crop yield at the
farm/field-scale level which can provide critical information to farmers, decisiakers, and
stakeholders regarding BMPs and esisére programs that can be introduced tacedhe water

guality and quantity impacts from agricultural fields.
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Table 3.4 UGA recommended crop water demand for cotton and peanut.

Weeks af Cotton water Peanutdemaed
plantin (mm/ week) (mm/ week)
1 1.1 2.1
2 4. 5 6.5
3 7.3 10.0
4 10. 3 13.9
5 14. 3 19. 3
6 18.0 24.0
7 21.7 27.6
8 27 . 4 32.8
9 32.6 37.8
10 37.3 40. 4
11 38.5 40. 2
12 36.3 38.0
13 36.1 37. 4
114 33.8 32.9
15 29. 4 29. 4
16 22. 4 24.6
17 17.6 21. 2
18 12.9 17.0
19 9.0 12. 4
20 5.5 7.5
21 3.0 3.5
22 1.3 0. 4
23 0.5 0.0

3.4 Results and Discussion

The initial parameter and parameter ranges used for model sensitivity analysis to identify important
parameters for calibration using SWAJUP are presented iFable3.5. During automated and
manual calibration, the calibrated model parameters (identiredigh sensitivity analysis) were

made sure to be within a realistic uncertainty range typical of the management practices and land

use.
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Table 3.5 SWAT parameters and parameter ranges for irggakitivity analysis for surface

runoff, soil moisture, crop yield, and nitrate in surface runoff calibration.

Vari ak Par ame Description SWAT Adj ust I ni ti
input Lal Range
Sur face CNOP Curve number Of comdr & HRU r -0.3,0
ALPHA _ Basefl ow alpha f GW v 0.01,
GW_DEL/ Groundwater del a GW v 0, 50
OV _ N Manningbés fin for o HRU r -0.3,0
SURLAC Surface runoff | a BSN v 1-20
GWQMN Thresholwatdeptihnos$hal GW v 0. 08O0O
required for retur
Soi |l mg SOL_K Saturated hydrauli SOL r -0.3,0
SOL_BTE Moi st bul k dens SOL r -0.3,0
ESCO Soi l evaporation co HRU Y, 0.01,
SOL_ AW Avail able water cape¢ SOL r -0.3,0
Crop vy Bl O_E Radi ation use ef Pl an r -0.3,0
HVSTI Har vest index for opt Pl an r -0.3,0
BLAI Maxi mum potenti al Pl an r -0.3,0
WSYF Lower | imit of ha Pl an r -0.3,0
Nitra SOL_CB Amount of organic ca SOL r -0.3,0
CMN Rate coefficient of mi BSN r -0.3,0
nutrients
RSDCO Residdeuceo mposi ti on ¢ BSN r -0.3,0
NPERCC Nitrate percol ati BSN Y, 0.01,
SDNCO Denitrification thr BSN \Y; 0.9,1
CDN Denitrification expo BSN v 0, 3

t he mo d el 6r 6
r) .

iinti al

3.4.1Surface runoff calibration and validation

lalndicates type of parameter adjustment. repr e

par amettére wiatdhawds tome n(t1 + 6vd represents replacement of

range.

Preliminary evaluation of simulated surface runoff before calibration showed small volumes of
simulated runoff (@10 m?s) at the outlet of both plots for multiple days following precipitation

when tlere was no flow observed in the plots. These volumes were below the level of detection of
the instrumentation. Changing the default Variable Storage channel routing method, which is

based on continuity equation, to Muskingum which uses a combination géwead prism storage
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(Neitsch et al., 20119imulated no flow conditions better and was used in the model. Along with
adjusting the channel routing method, DIS_STREAM (average distance to time istrdau file),

which has a default value of 35 m, was another important parameter that was adjusted to reduce
simulated flow in days with no flow. Adjusting DIS_STREAM, however, did not have much effect

on model performance as the simulated flows werg eese to 0 in days with no observed flow.
DIS_STREAM was adjusted to 15 in Plotl HRUs and 2%n in Plot2 HRUs after multiple
iterations of manual adjustment. It is important to note that the adjustment of routing method and

DIS_STREAM were influentiain the flow routing simulation from within the field to the outlet.

Global sensitivity analysis results from SWAJUP showed CNOP {®alue < 0.0001) and
GWQMN (P-value = 0.001) as the two sensitive parameters to surface runoff calibration in Plotl
and CN@ (Pvalue < 0.0001) and GW_DELAY ({falue = 0.0005) as the two parameters
sensitive to surface runoff calibration in Plot2 from the initial parameters used in surface runoff
calibration. It is important to note that surface runoff was not sensitive éfldasalpha factor
(ALPHA_BF) for either plot. Also, the calibrated GWQMN value for Plotl was 3753 mm and
GW_DELAY value for Plot2 was 42.4 days, which, although unrealistic, constrained the model to
have no groundwater return flow contribution to streamfl As a result, the total simulated
streamflow consisted of contributions only from overland flow and laterakssiface flow,
accurately representing the overland and lateraksutace flow dominated surface hydrology in

the field plots. This also inlied that surface and lateral flows are the important flow mechanisms

that need to be considered for fiddale SWAT simulation.

Model performance evaluation after calibration showed that SWAT does a satisfactory job of
simulating daily surface runoff ithe conventionally tilled Plot1, with daily values of & 0.68,

NSE of 0.64, and PBIAS of 4.90%, as well as ingtr-tilled Plot2 with a R of 0.50, NSE of
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0.49, and PBIAS of 1.50% éble3.7) based on the model performance metrics of Moriasi et al.
(2015) Plot2 during the calibration period from 192902 had very little runoff from 1992001

and exceptionally high runoff in 2002. This led to the model usoteulating runoff events in
2002 and ovesimulating other years, produgira poor model performance for surface runoff
simulation for Plot2 when compared to PloEig( 3.3). It is significant to note that there were a
number of particularly large events which occurred in 2002, beginning with 196 mm of rainfall
occurring in Ju} of that year followed by high precipitation in October and November of the same
year(Endale et al., 2014)'he model appeared to have difficulty representing these high surface
runoff producing conditions following extended dry periods. Similar to Plot2, tltelhweas not

able to simulate the runoff events of JiNpv 2002 in Plotl which was also not observed in the
preceding JulNov months of calibration although the precipitation and management operations
for that time periods were similaFif. 3.3). This slows the importance of calibrating the model
over a long climate period for the model to be able to simulate surface runoff under various weather

conditions.

Simulated flow evaluation for the conventionalijed andstrip-tilled plot shows that SWAT can
adequately simulate surface hydrology in fields under both tillage operations. The calibrated
CNOP valuesTable3.6), which was the most sensitive parameter for surface runoff calibration
in both plots, were different for the two plots. This shows thiactag the right CNOP or CN2
values is critical for simulating the effects of strip tillage and conventional tillage on surface

hydrology at the field scale.
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Figure 3.3 Precipitation (top), and Simulated Observed daily runoff for Plotl (middle) and
Plot2 (bottom) for the calibration period (192002).

Table 3.6 Average CNOP values for Plotl and Plot2 for different crops after calibration.

Adjusted Def aul Calibra

Pl ot Pl o Pl ot PI o1
CNOP (Cot 83 83 86 75
CNOP (Pee 83 83 86 75
CNOP (Ry 81 81 71 71

Model performance for surfacanoff simulation during validation was similar to calibration for
Plot1 with R of 0.72, NSE of 0.59, and PBIAS of 4.00%. However, the model evaluation statistics
were much improved for Plot2 with?Rnd NSE both equals to 0.83. PBIAS-b7.20% showed

that the model over simulated runoff in the validation period while slightly esideslated in the
calibration period Table3.7). This also shows that the model was adequately parameterized for
simulation of surface runoff in both fields. Larger precipiatevents during validation having
higher total rainfall than during calibration could have contributed to the model overestimating
runoff in large precipitation events during validation in both fiekig.(3.4). This indicates that

the model parameteation could be further improved with a longer calibration period with bigger
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rainfall events. Successful calibration and validation of runoff simulation for the two fields also
demonstrated that SWAT can adequately simulate flow routing even at theéileldkhough the

flow routing methods and mechanisms in SWAT were ideally designed for large watersheds.
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Figure 3.4 Precipitation (top), and Simulated vs Observed daily runoff for Plotl (middle) and
Plot2 (bottom) for the validation period (20@806).

Table 3.7 Model performance evaluation of surface runoff simulation for Plot1l and Plot2 during
calibration (19922002) and validation (2063006).

Goodmds sFi t I Pl ot 1 Pl ot 2
Calibr vali d(CaI ibrvalid:
R2 0.68 0.72 0.50 0.83
NSE 0.64 0.59 0.49 0.83
PBI AS 4.9% 4.0% 1.5% -17.2

3.4.2Soil moisture calibration and validation
Soil moisture is an important hydrologic variable driven by saturated and unsaturated flow
conditions that can affect surface runoff, infiltration, crop growth, and other important processes.

SWAT has a simplified module for soil moisture simulation timdy simulates saturated soil water
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flow between the multiple soil layers and uniformly distributes soil water within a given layer
using a cascading approach. Soil water is allowed to percolate or move between soil layers only
when the water quantity exaethe field capacity for the layéNeitsch et al., 2011)Global
sensitivity analysis showed that soil moisture was sensitive to SOL_AWC, SOL_BD, SOL_K, and
ESCO for both fields (Ralue <0.05). Unlike surface runoff, there is no recommended statistical
performance measure for soil moisture evaluation. Evaluation of SWAT soil moisture simulation
using remotely sensed data hadr&ging from 0.18 to 0.@Rajib et al., 2016)Cao et al(2006)

showed similar difficulty with simulating soil moisture when compared to observed soil moisture

data.

Soil moisture simulation evaluation after the calibration of sensitive paramtatis 8.8) at the

field scale for Plotl and Plot2 showed that SWAT was able to simulate soil moisture adequately
for both plots capturing the daily trend welid. 3.5 and3.6; Table3.9) demonstrating that SWAT

can simulate soil moisture at the field éévThe model was, however, not able to match the peak
soil moisture conditions in both plots, especially during the-gromwing season. The measured
peak conditions represented rather short periods where the soil moisture exceeded field capacity,
a conditon the model is unable to represent. It is also important to note that the soil moisture was
slightly undefsimulated during validation in 2004 in Plo&d. 3.6), although it captured the trend

well. As the observed soil moisture for Plot2 was lowen ttieat observed in Plotl even though
Plot2 was in strip tillage which tends to enhance infiltration and increase the soil water holding
capacity(Truman ¢al., 2003) calibration to observed soil moisture resulted in Plot2 having lower
SOL_AWC values than PlotITéble 3.8). Lower observed soil moisture in Plot2 could have
possibly resulted from the easy transfer of water to increased depths duelisetheeeof tillage

pan as a result of reduced tillage operations in the strip tilled Plot2 along with the fact that enough
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water must infiltrate to allow sorption into the highly aggregated soil that results from strip tillage.
A sequential calibration appaich was followed in which soil moisture was calibrated after surface
runoff, and it was observed that although soil moisture calibration improved simulation of soil
moisture, it did not have a considerable effect on the simulation of surface runoff wasieiso

noted by several other studi@dilawar et al.,2017; Patiland Ramsankaran, 2017; Rajib et al.,
2016) This tends to indicate the importance of the CNOP parameter relative to the soil moisture

related parameters for runoff calibiti

Table 3.8 Adjusted .sol and .hru parameters for soil moisture calibration in Plotl and Plot2.

Parame SWAT inp Adjustlw Plot 1 Pl ot 2

I nit Calib Init Cali b

SOL _ AW SOL r -0. 3, 0.26 -0. 3, 0.05

SOL_BI SOL r -0. 3, -0.12 -0. 3, -0.02

SOL_K SOL r -0. 3, 0.3 -0. 3, 0.21

ESCO HRU v 0.01 0.84 0.01 0.80
lalndicates the type of model parameter adjustment. Or & repr e
par amettére wiatdhawds tome n(t1 + ry. ovo represents replacement of

iinti al range.
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Figure 3.5 Comparison of daily simulated and observed soil moisture for Plot1l during

calibration (top) and validation (bottom).

Table 3.9 Model performance evaluation of daily soil moisture simulation for Plotl and Plot2
during calibration (200:2003) and validation (2062006).

Goodness of Pl ot1l Pl ot 2
Calibr vali d‘CaI i br vali d:
R? 0.58 0. 44 0.39 0. 45
NSE 0.20 0. 114 0.14 0.29
PBI AS 7.209 5.00 1.709 15.5¢C
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Figure 3.6 Comparison between simulated and observed soil moisture for Plot2 during
calibration (top) and validation (bottom).

3.4.3Crop yield calibration and validation

Global sensitivity analysis on the selected initial crop yield parameters showed that BIO _E,
HVSTI, BLAI, and EPCO were the sensitive parameters for both cotton and peaaltidR

0.05), while WSYF was not sensitive for either cropvéifue = 0.47 (cotton); Falue = 0.33
(peanut)). Cotton and peanut yields were calibrated using observed yieldaat®l6tl, the
calibrated parameter values for which are presentebabie 3.10. Statistical results showed
satisfactory model performance in the simulation of cotton and peanut with@41, NSE of

0.35 and PBIAS 0f0.30%. Yeatby-year analysis of cyield during calibrationKig. 3.7) shows

that the model was able to simulate peanut much better than cotton as the annual percent
discrepancy of peanut yield was less than 18% but was as high as 41% for cotton. Chen et al.
(2016)and Mittelstet et al(2015)reported similar difficulty in simulating irrigated cotton yields
using SWAT. Cotton yiel in 2000 is the only year when the percent discrepancy between

simulated and observed yield was greater than 30% during calibritgrB (7). Assessment of
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the field management practices showed that a much lower amount of nitrogen fertilizer (41.6

kg/hg was applied when compared to other years (> 87 kg/ha) with cotton which could have

resulted in the lower observed cotton yield. It seems SWAT was not able to replicate that N

deficiency observed in the field which could have resulted in higher simyli@lddor that year.

Incomplete and variable boll opening of cotton in the plot leading to reduced observed cotton yield

could also have contributed to the increased difference between the simulated and observed cotton

yield.

Table 3.10 Adjusted plant and .hru parameter values for cotton and peanut yield calibration.

Paramete SWAT inp Cotton Peanut
I nitCaliby| Init Calibt
BI O_E Pl ant 15 20. 5 20 18. 6
HVSTI Pl ant 0. 4 0.56 0. 4 0. 45
BLAI Pl ant 4 4 .59 4 5.25
EPCO HRU 0.6 0.5 0.6 0.5
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Figure 3.7 Comparison of simulated vs observed annual crop yields during calibration in Plotl

(top) and validation in Plot2 (bottonBercentage indicates the difference between simulated and

observed crop yield for each year.
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Validation of the crop yield by using the calibrated parameters to simulate crop yield in Plot2
showed slightly better performance witR & 0.48, NSE of 0.48, ahPBIAS of 0.60%. Similar

to the crop yield during calibration, peanut was simulated better than cotton and 2000 cotton yield
had the highest discrepancy between simulated and observed yield. The percent discrepancy was
less than 31% in all the other yeaEs/aluation of the difference between observed yields and
simulated yields for Plotl and Plot2 for each year shows that SWAT is able to simulate yield
variability for cotton for the two plots much better than peamable3.11). The observed yield
difference for peanut between the two plots was as high as 922&" kg 2004 but the highest
simulated yield difference was only 17.8 kg/ha. Hence, although SWAT could simulate the
temporal variability of peanut, the model was not able to simulatglldge impacts on peanut

yield.

Table 3.11 Observed and simulated crop yield difference between Plotl and Plot2 for each year.

Cro| Yeal Observed crop yi Simulatetddcdopfere
bet ween plots plots (kg/ ha

Cott 199 209. 5 -201. 1

Cott 200 249. 8 64.9

Cott 200 -218.0 26. 4

Pear 200 -42.5 3.3

Cott 200 -124. 3 267. 3

Pear 200 922.7 -17. 8

Cott 200 256. 8 85. 4

Pear 200 315.1 7. 4

3.4.4Nitrate calibration and validation

A review of multiple studies by Borah and Bé2804)has shown that SWAT is more suitable for
simulating nutrients at a monthly time scale and many of the studies with daily nutrient simulation
had poor results. As a result, SWAT was calibrated and validetadtrate loading in surface
runoff at a monthly time scale. Automated calibration for nitrate loading with S\ resulted
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in drastically reduced model performance for crop yield simulation even after running a multi
objective calibration scheme usihgth crop yield and nitrate loading data. Hence, the model was
manually calibrated for nitrate loading and the automated calibration run was only utilized for
global sensitivity analysis to determine the sensitive parameters for nitrate calibratiolade sur
runoff. Global sensitivity analysis showed that nitrate loads were sensitive to SDNCO, NPERCO,
CMN, and CDN (Pvalue < 0.05). The automated calibration trial, however, showed that
calibration of crop yield can be an important constraint for caliliyatirtirient simulation and can

help reduce the uncertainty in nutrient simulation in SWAT. The calibration process also gives a

higher confidence in the other nutrient processes in SWAT that were not directly calibrated.

Model performance statistics for rate loading simulation in surface runoff after calibration
(Table 3.12) for both Plotl and Plot2 are presentedlable 3.13. Overall, the model did a
satisfactory job of simulating monthly nitrate loadings in surface runoff. However, the model
performed better in simulating nitrate loadings in strp-tilled Plot2 than the conventionatly

tilled Plotl during calibration anehlidation, likely due to the better predictions of surface runoff
for the striptill (Table3.7). Bosch et al. (2015) had noted that nitrate loads were highly influenced
by water volumes in the experimental plots as nitrate concentrations were fditly. $tas
important to note that the calibration parameters for surface runoff and soil moisture were
controlled at the hru levelTable 3.5); thus, calibration of surface runoff was performed
individually for Plotl and Plot2. Nitrate calibration was, lemer, performed concurrently for both
plots as the parameters adjusted for nitrate loading calibration were adjusted in the .bsn file which

applies to both Plotl and Plot2 during simulation.
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Table 3.12 Adjusted .bsn parameter values for nitrate loading calibration.

Paramete SWAT inplnitcCalibi

SDNSCO BSN 1.1 0.99
NPERCO BSN 0.2 0.15
CMN BSN 0.0C 0.001
CDN BSN 1.4 3

Table 3.13 Model performance evaluation of monthly nitrate loading simulation for Plotl and
Plot2 during calibration (2002005) and validation (2006).

Goodness of Pl ot1l Pl ot 2
CalibrVaIid(CaIibrVaIid;
R? 0.46 0.46 0.70 0.58
NSE 0.29 0.41 0.65 0.51
PBI AS -10.3C 21.0C 21.80 -26. 4¢

PBIAS values for Plotl and Plot2 show that the total nitrate loading simulated during calibration
and validation was within 26.4% of the observetiate loading, which shows that SWAT can
estimate nitrate loss from agricultural fields reasonably well at the field scale. This also shows that
SWAT is capable of simulating the impacts of BMPs on nitrate loss at the field scale. Although
nitrate loadig was evaluated over only ay8ar period, the evaluated period included years with
both cotton and peanuts. This gives us confidence that the model is capable of simulating nitrate
loss in years with either cotton or peanut. Graphical comparison ofrthgagéd vs observed
nitrate loading also shows that the model is able to capture the temporal variation in nitrate loss in

both Plotl Fig. 3.8) and Plot2ig. 3.9).
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Figure 3.9 Comparison of simulated vs observed monthly nitrate loading for Plot2 during

calibration(top) and validation (bottom).

3.4.5Management scenario analysis

The calibrated model was run for 27 years of historical data {2096) with a 3year warmup

period (19871989) for the three management level scenariablés 3.2 and 3.3). Mean
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differences iryield, irrigation water use, and nutrient loss between the three levels were evaluated

using Oneway ANOVA with posthoc Tukey test at 95% confidence interval (CI).

Cotton yield evaluation for the three management levels showed that Mgtl had a sligétly lo
yield averaging close to 4500 kg/ha. Mgt2 and Mgt3 averaged close to 5000 Fkig/H&1(0).

Cotton yield for Mgt2 and Mgt3 were not significantly different. Mgtl also showed a higher
variability in cotton yield than Mgt2 and Mgt3 as demonstrated bydtger interquartile range

for Mgtl (Fig. 3.10). Evaluation of thaitrogenand water stress for the three management levels

in the SWAT output showed that cotton suffered from higher nitrogen stress in Mgtl1, which could
have resulted from the lack of yltry litter application before planting as applied in Mgt2 and
Mgt3, thereby resulting in lower and more variable yield. Peanut yield, on the other hand, had
statistically similar yield for all three levelEif. 3.10). Peanuts are legumes and SWAT dads n
allow legumes to experience nitrogen stress, which led to no nitrogen stress in all three levels and
the yield variability observed is a result of water stress. Yield variability in peanuts was slightly
higher in Mgt2 than in Mgtl and Mgt3 but was muetver when compared to the variability in

cotton yield for the three managements.

Irrigation water use for cotton were not statistically different for Mgtl and Mgt2 but lower than
irrigation water use for Mgt3 by an average of 100 mm per Y¥éar3.11). Evaluation for peanut

showed that Mgtl with SMS irrigation had the lowest application averaging close to 100 mm per
year, while Mgt3 had the highest irrigation water use averaging close to 300 mm per year. Mgt2
averaged slightly less than 250 mm per \€&. 3.11). For both crops, Mgtl with SMS irrigation

had the lowest average water use and Mgt3 had the highest average water use even though average
yield for Mgtl was similar to Mgt3 for peanut and only slightly lower than Mgt3 for cotton which

resulteddue to higher nitrogen stress.
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simulation.

Although the model was only calibratéat nitrate loading in surface runoff, nitrate loss for the

three scenarios were evaluated in both surface runoff and leaching from below the root zone.

Calibration and validation of the model for multiple variables in the hydrological and nutrient

processs gives confidence in nutrient leaching evaluation and assessing the relative differences

in nutrient leaching between the three scenarios.
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Mgt3 had the highest nitrate loss in both surface runoff and leaching while Mgtl had the lowest
loss Fig. 3.12). This result was expected as Mgt3 had the highest nitrogen fertilizer application,
was under conventional tillage, and had no cover crop while Mgtl had no poultry litter application,
had cover crop, and was under strip tillage practice. Other studies|bav&awn that poultry

litter application can be a considerable source of nutrient loss from agricultura(feltset al.,

2018) As nitrate is highly soluble and mobile, and does not absorb in(3oig and Nielsen

1989) it is easy to lose nitrate in leaching with excess irrigation and precipitation. Comparison
between nitrate loss in surface runoff and leaching showed that higatéom leaching below

the soil zone was many times higher and a critical information for water quality management of

subsurface sources if the groundwater table is near the surface.
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Figure 3.12 Simulatd annual nitrate loss in surface runoff (left) and leaching below soil root
zone (right) for the three management scenarios. Same colors indicate that the means are not
significantly different from each other. Blue circles in the-ptots repreent the snulated data

for each year of the scenario simulation.

Time series evaluation of nitrate leaching for the 3 scenaFigs 8.13) showed that nitrate
leaching was higher in Mgt2 and Mgt3 for majority of the simulation years which could be
expected becausd# higher fertilizer application as well as the absence of rye cover crop in Mgt2

and Mgt3. It was also observed that nutrient leaching from Mgt2 and Mgt3 was higher in years
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with higher precipitationKig. 3.13). The highest nitrate leaching was obsemeét013 which was
preceded by three years of low precipitation and indicates storage of excess nutrient over the low

precipitation years. Nitrate loss was also higher in most years with cotton than with peanut which

resulted from the additional nitrogepgication in cotton.
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Figure 3.13 Time series of nitrate leaching from the three management levels (bottom) and
annual precipitation (top). fdct oplaatatah, Aipno i r
respectively.
Evaluation across the three management levels showed that Mgtl has the highest potential for
reducing nitrate loss in surface runoff and leaching, efficiently using water for irrigation, and
maintaining high yield as it used theabkt amount of water for irrigation and had the lowest nitrate
loss with comparable yields. The study shows that changing farming practices from Mgt2, which
is being practiced by the majority of farmers for cotton and peanut production in south GA, to

Mgtl can potentially help reduce nitrate pollution and conserve water resources without any yield

68



loss for peanuts and only slight loss for cottAdditional costs associated with installing SMS
systems andinter cover crog could be a big deterrent in peasling farmers and stakeholders to

shift from Mgt2 to Mgtl which is where ceshare and incentive programs by federal and state
agencies can play a pivotal roddthough the scenario analysis from the calibrated model provides

a good understanding of tlddferences in irrigation water use, nitrate loss, and cotton yield for

the three management systems, exact numbers provided by the model for irrigation water use, crop

yield, and nitrate loss should be used with caution.

3.5Summary and Conclusiors

This studyshowed that SWAT can adequately simulate surface runoff, soil moisture, cotton and
peanut yield, and nitrate transport at the field scale. Adjusting the routing methods from Variable
Storage to Muskingum and adjustment of DIS STREAM was critical for fiowing and
simulating surface runoff at the plot scale, a scale that can have multifiesndays. Surface
runoff calibration for the conventionatiyand strip-tilled plots 1 and 2 separately showed that
adjusting CNOP values accordingly for conventlditiage and strip for tillage is very important.
Although SWAT was able to simulate soil moisture, it did not have a large influence on the model
performance for surface runoff simulation at the field scale. Furthermore, although the model was
able to gnulate both cotton and peanut yields reasonably well, the model was able to simulate
temporal variation in peanut yield better than cotton yield. However, the simulated peanut yield
differences between Plotl and Plot2 was much lower than observed inotipdots; indicating

that SWAT was not able to simulate the tillage impact on peanut yield. Inability of the model to
simulate low observed cotton yields in 2000 which had low fertilizer application as compared to
other years possibly indicates to the ihibiof the model to simulate N deficiency. Sequential

calibration of crop yield and nitrate showed that crop yield calibration can be an important

69



consideration for simulating nitrate transport while reducing model uncertainty and increasing
model robustass, as calibration of nitrate had an effect on model performance for crop yield

calibration.

Simulation of the three management scenarios showed that SWAT can be used as a tool to evaluate
BMPs for crop yield, nutrient transport, and irrigation wateratsihe field scale. Evaluation of

the three management scenario results showed that Mgtl with soil moisture-bsesesbr
irrigation, cover crop, and strip tillage had the highest potential for reducing nutrient loss and
conserving water while maintainingrcultural productivity in south GA. The results also showed

that poultry litter can be an important source of nitrate loss from agricultural fields and that nitrate
loss occurred predominantly through leaching from below the root zone. ApplicatiorSdAhe

model at the field scale as done in this studyinarease stakeholder trusttime mode| for its

eventual application at the watershed scalebfsst management practiegaluationand water

guality protection
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Chapter 4
Assessing the Impacts of Increased Groundwater Withdrawal in the lower Apalachicola

ChattahoocheeFlint River Basin using MODFLOW

4.1 Abstract

Groundwater withdrawal for irrigation is an important issue in the lower Apalachicola
Chattahoocheé&lint (ACF) River Basin of southeastern United States (U.S.) as it has kd to
decline in groundwater levels as well aseductionin baseflow. As the withdrawal is further
projected to increase in the future, understanding the potential impacts of this increase is critical
for developing longerm management plans, especially during prolonged drought conditions. This
study developed twolayered threalimensional groundwater model for the Upper Floridan
Aquifer (UFA)in the lower ACF River Basin using MODFLOWWT to evaluate the impacts of

the projected increase in irrigation in the groundwater levels as wdleasreamaquifer fux in

the region. A transient model was developed from 28013 that was calibrated for 2,360 daily
groundwater level observations and stresgmifer flux at six reach sections. Simulation of the
projected irrigation scenario showed a reduction in grovaiber levels by as much as 2.38 m while

a general reduction was observed imcimof the model domain. Large groundwater level
reductions were mostly observed in the regions where the aquifer is comparatively thinner.
Evaluation of the changes in streauifer flux showed that flux reduced by as much as 33% with
high reductions observed in the Lower Flint and Kinchafoonee watersheds within the model
domain. This study also helped identify regions within the lower ACF River Basin that were
important for grondwater rechargand most susceptible to the impactawincrease in irrigation

which can be critical for the sustainability of the aquifer and the surficial streams.
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4.2 Introduction

Agriculture is critical to the economy of the lower ApalachieGlaattahoocheeFlint (ACF) river

basin in South Georgia, United States (U.S.), with more than $2 billion generated -inafseth
revenue annuallyUniversity of Georgia CAES, 2014Yhe region is the leading producer of
peanuts and pecan in the U.S. and is also a major producer of cotton and coror. énaejlying

factor for the intense agricultural production in the region is the presence of the Upper Floridan
Aquifer (UFA), which supplies about 80% of the total irrigation demand for irrigating more than
200,000 hectares of agricultural land througbrenthan 4,000 irrigation well&GA EPD, 2016)

The UFA,which is made up of karst limestone, is the primary source of water for agricultural,
industrial, and municipal use in the region and is amongst the most productive aquifer systems in
the world. It supplied an estimated 1.7 million cubic meters (MCM)atéwfor irrigation in 2015,

but withdrawals from the UFA can be as high as 3.6 MCM during a droughiG&dPD, 2016)

The UFA is in direct hydraulic connection with the surficial rivers and lake systems throughout
much of the lower ACF river basin through sinkhole ponds, karst sinks, incised streambeds, and
conduits that exposes the limestone to the suffemak and Painter, 2006)s a result, the UFA

is an important contributor to streamflow in many of the surficralashs in the lower ACF river
basin contributing tens of million cubic meters of water every day as bag@ioak and Painter,

2006) However, intense groundwater withdrawal for irrigation has led to a decline in groundwater
levels and has also resultedlie baseflow reduction to the streams in the lower ACF river basin
(Jones and Torak, 2006; Singh et al., 2016; Singh et al., 2GtG)ndwater withdrawal during

the growing season has led da increase in ndlow and lowflow periods in many perirad
streamgSingh et al., 2016)The situation is oglexacerbated by the recurring drought conditions

including 19851989, 19992002, 201€r012, and 2016 drought periods. Pumpage induced
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groundwater level fluctuations of nearly 10 m were observed during the severe droughts of 2000
and 2001 witharecord omearrecord low groundwater levels in most well®orak and Painter,

2006) Flow in the springed strears in the region hedecreased by 50 to 100% during drought
periods(GWC, 2017) The recurring drought conditions along with agriculture intensification in
the lower ACF has threatened the already limited groundwater resources as well as the future of
the agricultural economy imé region. Along with agriculture, the low flow and-fhew stream
conditions hae severely affected the endangered and thnedtspecies of freshwater mussels in

the lower ACF river basi(Gagnon et al., 2004; Golladay et al., 2004; Shea et al., 20&8)jning
downstream flow as a result of reduced baseflow conditions in the lower ACF river basin,
especially during drought periods, has also led to thstdte water wars since the 1980s between

the neighboring states of Alabama, Georgia, and Flqi@knter, 2015; Gilbert and Turrer

Nesmith, 209).

The adverse impact of groundwater eegploitation in the region has led to numerous studies to
evaluate the spatiemporal impacts of groundwater use on the groundwater levels and surface
and groundwater interaction. Lynn and Toi@K06) developed a finiteelement groundwater

model and evaluated the impacts of seasonal groundwater pumpage for irrigation in drought
conditions including a comprehensive water budget for the UFA in the lower ACF river basin.
Mitra et al. (2016) utilized the model developed by Lynn and Torak (2006) and simulated the
transient dought conditions from 2012012 to evaluate its impact on the groundwater levels and
the groundwater budget of the region. They also assessed the impacts of irrigation during drought
conditions. The MODular Finit&lement Model (MODFE) used by Lynn andrék (2006)was
calibrated under steagstate conditions, while Mitrat al. (2016) validated the model utilizing

data from a single day. Singd al. (2017)identified critical streams and tributaries that were
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adversely affected by irrigation pumping using principal component anme#hs lustering
analysis and evaluated the effectiveness of water restriction scenarios on theaguigantlux.
Jones et al(2017) developed a USGS Modular Finiiéfference Groundwater Flow Mtlel
(MODFLOW) (Harbaugh, 2005)hat was calibrated for transient conditions for groundwater
levels and baseflow for the UFA and the overlying seamfining unit to evaluate the hydrologic
budget for the 2002012 drought. Baseflow calibration for the model was performed for only a

limited area in the model domain.

The Georgia Water Planning and Policy Center (GWPCC) prepared the agricultural water demand
forecast for the whole of Georgia for 2020, 2030, 2040, and a0&@ county and/or drainage
area level for a range of weather citiaahs, which projectsheagricultural irrigation groundwater
demand in the loweACF river basinto further increase from 2010 to 2050 during dry years
(CH2M, 2017) It is of paramount importance to understandgpatial and temporal impaabé

this increased groundwater withdrawal frtime UFAon groundwater levels and surfaagquifer
interactiors, especially in drought yegrto determine if the UFA can sustatinis increased
withdrawal to maintain agricultural productivity withoatlverselyaffecting the diverse aquatic
speciesAlthough Mitra et al. (2019) also evaluated the impacts of increase in irrigation in the
region,the simulated increase in irrigation was a constant % incafabe 2011 groundwater
pumpage values over the entire model domain. This might not accurately tiefleshange in
spatial variability as well as increase in irrigation with increasing agricultural thatiscaptured

by the GWPCC agriculturalemand forecasand can potentially help get a more accurate
understanding of thgotential impacts of incese in irrigation Understanding quantitative
interactions between the UFA and the surface streams in the study uedemprojectedwater

withdrawds scenarias critical for protecting endangered and threatened speegding in this
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region Failureto protect aquatic habitat due to low flow conditions in surface strefriss
region, because of unsustainable withdrawals from UEAn paentially lead to water use
restrictions which can negatively affect agricultural productivignd rural communigs of the
region.Understanding of the change streamaquifer fluxdue tothe projected withdrawals in
drought years can also help water manatgeasoid potential conflict amongst the water ussrs

this region.

This paper adds to threvious modeling efforts in the region by developing alayered three
dimensional MODFLOW model for the UFA in the lower ACF river basin that is calibrated for
transient conditions for groundwater level and streguifer flux (baseflow discharge from
aquifer) for both wet and dry years and throughout the model domain. The study also identifies
sensitive recharge zones within the model donthaét has not been performed in any of the
previous studiesA comprehensive analysi$the impacts of the projged increase in groundwater
withdrawal for irrigationis also presented. This study is part of a larger project that aims to improve
the agricultural sustainability in the Lower Flint River basin of the lower ACF while also protecting
the UFA and the ecobical habitat it sustains. The three main objectives of this paper are to i)
develop athreedimensional calibrated groundwater flow model for the URAhe lower ACF
using the USGS Modular Thre®imensional FiniteDifference Groundwater Flow Model
(MODFLOW) i NWT, ii) identify critical zones for groundwater recharge sensitive to
groundwater levelandflow, and iii) simulatgrojected irrigation scenarandquantify the effects

of the projected withdrawals on the UFA

4.3 Materials and methods
The focus area for this research is the UFA in the agriculturally intensive region of the lower ACF

river basin. Hence, the modeled region includes parts of South Georgia (GA), southeastern
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Alabama (AL), and northwestern Florida (FL) and is about 12,0F3rkiarea (Fig. 4.1). Forests

and agricultural land are the dominant land cover and land use types in the study area covering
about 46% and 39% respectively, while urban area accounts for only about 6% of the total area
(Homer et al., 20@). The climate of the region is humid subtropical with long, hot, and humid
summers and mild winters. The average temper at
33.7 i n tAngaez stalm2082) but temperatures above 37
summer. Precipitation is evenly distributed throughout the year and avaragedly about 1365

mm in the south to about 1161 mm in the north of the studyArgaez et al., 2012)recipitation

in the winter, however, accounts for almost all of the areal recharge to the UFA as the frontal, low
intensity, and longluration nature of the rainfall along with low evapotranspiration demand in
winter is conducive forecharge. Summer precipitation events are convective with high intensity

and short duration resulting in more surface runoff. Lalegration of the study region ranges from

about 76 m in the northwestern boundary of the study area to about 46 m inttheestern

boundary (Fig. 4.1). Agriculture accounts for the highest water use in the area of which more than
80% is supplied by the UFfRugel et al., 2012)Groundwater withdrawals for irrigation have

steadily increased in the lower ACF river basin since the 1970s with the expansion of center pivot
irrigation systemgGWC, 2017) Groundwater irrigation increased by 59% from 2005 to 2010

while surfacewater irrigation decreased during the same time pétiadrence, 2016)

The modeled area lies in the Coastal Plain physiographic province and consists mostly-of a low
lying karstc region called the Dougherty Plain physiographic district. The Dougherty plain is
characterized by relatively flat, inner lowland containing-suiface and internal drainage, and
heterogeneous stream development typical to a karst topogiBptak and Painter, 2006] he

modeling domain and the geohydrologic setting for the domain are based on thesaribadiby
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Torak and Paintg2006) which describes in detail the groundwater flow and geohydrology of the
UFA and the overlying and underlying units in the study region and are referred to for further
detail. The UFA in most of the modeling domain consists of the Ocala Limestone ofcitieeEo0
period. Overlying the UFA is the discontinuous, undifferentiated overburden, weathered residuum,
and undifferentiated surficial deposits that may contain waaring zones and are together
referred to as the Upper Sefonfining Unit (USCU). Regionwhere the USCU is absent or thin

or where the UFA outcrops to the surface are sources for direct recharge to the aquifer while the
aquifer also receives recharge through the USCU as vertical leakage of Meatdsrand Painter,

2006) Major rivers and streams have cut shallow channels through the USUC to the underlying
UFA that is close to the land surfa@sulting in a direct connection between the UFA and the
rivers and streams that flow through the area. The UFA outcrops in the northwestern boundary of
the study domain and dips towards the southeast with the thickness of the aquifer ranging from
about 9 min the outcrop area to more than 130 m in the southern end of the modeling domain

(Torak and Painter, 2006; Williams and Kunikyns2016)
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4.3.1Study area and geohydrology of th&JFA
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Figure 4.1 Groundwater model domain and study area including the major lakes, rivers, and

agricultural acreage in the study area.

4.3.2MODFLOW -NWT

MODFLOW isa blockcentered finite difference groundwater model developed by USGS that can
be utilized for twe or threedimensional applications in solving groundwater flow problems.
MODFLOW uses a modular structure that allows for each option to be independach aftieer

and allows for adding or removing of optigitarbaugh, 2005)The groundwater flow model for

this study was developed using MODFLGNWT, a Newton formulation of MODFLOW2005

(Niswonger et al., 2011MODFLOW-NWT is a standalone version that must be used with the
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UpstreamWeighting Package (UPW). It expands on the capacity of MODFLIDMb to solve

the problem of constant drying and rewettiraglinearities when simulating unconfined systems

that can lead to the issue of model instability and convergence issue when using other versions of
MODFLOW (Hunt and Feinstein, 2012; Niswonger et al., 20Although he karstic system of

the UFA could havéhepresence of conduit and fractured flow and the use of an equivalent porous
media model could probably not represent the system very accurately, Kunjiads&yshowed

than an equivalent porous media model withoepresentation of local conduit flows can

adequately simulate the groundwater levels of a karstic system and hence was used in this research.

The governing equation for each cell in MODFLOW for groundwater flow is based on the

continuity equation and expressed a@larbaugh, 2005)

<

. Qo
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where,0 is the flow rate into the celL3T™Y], "Y1 the specific storadé ], Ywis the volume of

the cell[L%], ¥'Qis the change ithehead[L], andYois the time interval T].

4.3.3Conceptual model development

The @nceptual flow model for the UFA in the lower ACF river basin is based on the geolgycirolo
study of Torak and Painté2006)of the region and similar to the model developed by Jones and
Torak (2006) and Jones et a(2017) The goundwater recharge from precipitation as vertical
leakage fronthe overlying semconfining unit where present and as direct recharge where it is
thin or absent is the biggest source of groundwater flow into the system. The northwestern
boundary, where the UFA outcrops, is considered the saturated updip limit ghitfes, and the

regional groundwater flow occurs from the northwest to southeast as the UFA downdips in that
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direction. Groundwater level in the updip area of the UFA fluctuates very little throughout the
year.The regional outflow of groundwater occurein the south and southeastern boundary based

on the potentiometric maps of the URGordon and Peck, 2010; Kinnaman and Dixon, 2011)

The hggest outflow from the UFA is tthe rivers and streams in the region as the aquifer and the
surficial streams are in direct connection throughout the region. Groundwater pumpage is another
important source of outflow from the aquifer, which peaks during the June/July of the growing
seasn when the irrigation is at the highest level. Lake Seminold_akd Blackshear, which are
within the model domain, are maintained at or remarstant levels throughout the year and impact

the local groundwater levels. Underlying the UFA is an impernegalgker known as the Lisbon

formation that acts as the lower confining unit to the aquifer.

4.3.4Numerical model development
A threedimensional groundwater flow model was developed using MODFLHOMT based on
the conceptualization of the flow system for the modeled region which is defined by the following

partial differential equatiofHarbaugh, 205):.

TR e 1 e @
Tw Qo T w Quw T o Q& T 0

where0 h) RO & @ are values of hydraulic conductivity along the x, y, and z coordinate axes

parallel to the major axex hydraulic conductivityfLTY]; "Qis the potentiometric hedtl]; W is
the volumetric flux per unit volume representing sources and EIngs"Y is the specific storage

of the porous materigL1]; andois time[T].

Data preprocessing and pegirocessing for preparing the model inputs for the MODFLOWT

was performed using ModelMuse, a graphical user interface developed by(Wan, 2009)
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4.3.4.1Model discretization

A two-layered groundwater model with a uniform grid size of 750 m x 750 ntevestructed that
represerdthe USCU and the UFA (Fid.2). The model has 282 rows and 102 columns resulting

in a total of 28,764rid cellsof which 21,394 are activ&he lottom elevation of the UFA was
combined with the thickness of the UFA, both acegiifrom Williams and Dixor(2015) to
determine the top of the UFA digital elevation model (DEM) of the larslrface was then
acquired from USG$Gesch et al., 2002p determine the thickness and the top of the USCU.
Manual adjustments had to be made for grid cells that resulted in having the top of the UFA higher
than the top of the USCU using the two datasets. A transiedélmvas built from 2007 to 2013

with monthly stress periods and daily time stephis allowed for comparison between madel
simulated groundwater level and flux with observed daily groundwater levels rather than
comparing with monthly averages, thus gibetter confidence in model performance. Initial
hydraulic conductivity for the UFA and USCU as well as the specific yield and specific storage
information for model setup were derived from the previous studies in the region which were then

adjusted durig model calibratiorfJones et al., A¥; Jones and Torak, 2006)
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Figure 4.2 Groundwater model discretization and the regional and internal boundary conditions.

4.3.4.2Boundary conditions

The base of the UFA was simulated as dlow boundary as the lower confining unit below the
UFA acts as an impermeable layer. The updip limit of the UFA in the northwestern boundary of
the model was simulated as a specified head boundary conditiderson et al., 201%Fig. 4.2)

using the timevariant specified head package (CHD) as there avagimal fluctuation in the
groundwater head throughout the year. The remaining of the regional boundary of the model was
simulated as a general hedependent boundary (GHB) conditiphnderson et al., 2015)sing

the GHB package (Figt.2). Two lakes in the model domain were also simulated using the GHB
package and lake level elevatioasprovided for each stress period (Mdg2). Groundwater head

for the regional CHD and GHB boundaries were provided by aveydhe potentiometric heads

from Gordon and Peq2010)and Kinnaman and Dixof2011)and kept constant throughout the

simulation for model simplicity.
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Groundwater pumpage was an important boundary condition that needed to be estimated
accurately for input in the model. Monthly groundwater withdrawal estimates from the UFA were
acquired from the Georgia Environmental Protection Division (EPD) at Hydrologic unit code
(HUC)-12 level, which was then divided equally to each well within th&€CH2 watershed (Fig.

4.3). Groundwater pumpage was simulated as a specified flux patkaderson et al., 2015)

using the well package (WEL).

Alabama

i 1
2 * Agricultural wells

0 125025 st'Kilometors  MEEHICHIS SEISIEHEES
S N ~[IModeled study area

i

Figure 4.3 Groundwater wells pumping from the UFA and the HUZwatersheds in theaodel

domain.

Ephemeral streams that had the possibility of going dry were simulated using the Drain package

(DRN) while the perennial streams were simulated using the River package (RIV3.Gig.
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Streambed depth for the DRN and RIV packages were acquired fromyzetimlies performed

in the regionJones et al., 2017; Jones and Torak, 20b&jal values for streambed conductance
were also acquired from the previous studies which were then calibrated during the model
calibration period. Stream elevation for the RIV packagsestimated by inteigdating stream

stages from USGS stations with continuous observed data for the simulation period and the lake

levels from the two lakes.

Areal recharge from precipitation is a very important boundary condition in the model as it has the
greatest influencén the groundwater budget but is also the most difficult to estilfrégaly,

2010) Groundwater recharge can vary greatly spatially and temporally as it is influenced by the
variation in land use, vegetation, geohydrologic conditions, climate, and land management
practices among othe(slealy, 2010; Sophocleous, 2008roundwaterecharge for this study

was estimated using a physicaligsed, semilistributed, watershescale, continuous simulation,
waterbalance based model called the Soil and Water Assessment Tool (SW&itBch et al.,

2011) SWAT accounts for the spatial and temporal variability in recharge as it maintains the
spatial heterogeneity of a watershed by dividing it intowatersheds and each swiatershed is
further divided into hydrologic response units (HRUS), whiahthe basic units for calculation.
Many studies have successfully used SWAT to estimate groundwater reéracjd et al., 2000;
Raposo etlg 2013; Sun and Cornish, 200%) SWAT model was developed for the study region
(Fig. 4.4) that incorporated the major latypes and agricultural crop rotations. The model was
then calibrated and validated for streamflow for 5 USGS streamflow statitinin the watershed
(Table4.1; Fig. 4.4) after which groundwater recharge estimates were acquired for each sub
watershed and incorporated into the MODFLOWaAapecified flux(Anderson et al., 201%ising

the recharge package (RCH) (F#&5). The developed SWAT model had aatovf 160 sub
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watersheds of which 89 were partially or completely located within the groundwater model domain

(Fig. 4.4) and used for estimating groundwater recharge.

Table 4.1 Monthly streamflow statistics fadhe simulation period (20072013).

USGS St at R? NSE
2349605 0.83 0. 8¢
2352500 0. 86 0. 8¢
2353000 0.83 0.87
2356000 0.80 0. 8¢
2358000 0.92 0.914

4 SWAT stream newtork
[ 1SWAT domain
[ JMODFLOW domain -

0 20 40 80 Kilometers % USGS stations
\H—'—'—i—'—'—'—' SWAT sub-watersheds

Figure 4.4 SWAT model domain used fastimating groundwater recharge.

90



-
=]

©w
L

-]
1

~
L

-]
L

Recharge (cm/month)

mmmmmmmmmmmmmmmmmmmmmmmmmmmm
T T T T v o v = T = 5 T T = v

Figure 4.5 SWAT estimated monthly groundwater recharge for the groundwater model domain.
4.3.5Model calibration

Model calibration was a twetep process and involvedhtching simulated groundwater levels to
observed levels followed by matching model predicted straaguifer flux to is counterpart for

the 20072013 period. Observed groundwater levels and streamflow data used for model
calibration vereacquired from thaJSGS National Water Information System (NWI8)SGS,

2019) 2,360 daily groundwater observation data of the UFA were acquired from 359 wells in the
model domain. Lack of observed groundwater observation data in the overlying USCU limited us
to calibrating the groundwater head only for the UFA. Model perdoice for evaluation for

simulating groundwater head was performed by calculating the root mean @RMB¥of the

groundwater head residual, which can be calculated as:

vov £ o ®

Cil|o
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where,0 is the number of residual§) is the simulated heddl], and’Q  [L] is the observed

head

Along with RMS, a value of less than 0.1 for the ratio of the standard deviation of resigtigls (
divided by he range R) of observed groundwater levels also indicates a good model fit
(Kuniansky et al., 2004and was also used for evaluation. Along with the statistical measures,
graphcal measures includinghe plot of the frequency histogram of residuals and spatial

distribution of residuals were also used for evaluating model performance.

Calibration of strearaquifer flux was performed by comparing the simulated flux to monthly
averagled estimated flux for a reach section, which was estimated by subtracting the baseflow at
the downstream from the upstream end of a reach. A positive flux indicates a gaining stream and
that the aquifer contributed water to streamflow in the reach sedtitga negative flux indicates

a losing stream and that the stream lost water in that section. As there are uncertainties associated
with streamflow, the estimation of baseflow, and the resulting estimated/observed flux for a reach
section, a target rapf flux was calculated for each reach section to aid in calibration following

the procedure mentioned in Jones and T¢28K6) Theerror factos (EF) of 10% (0.10) and 5%

(0.05) were applied to reach sections having average streamflow less than and greater than 7.07

m°/s, respectivelyJones and Torak, 2006)nd the target range was calculated as follows:

~ ~ ~

[ONCH) b 0OOU 4)

CA

"Oa € 0

~

"O0 € 0 0 0®0

~

0@ 0 )

C

where,"Od ¢ 0 is the minimum target flow,0& ¢ 0 is the maximum target flow) is the

downstream flow)) is the upstream flow, ar@ "@s the error factor
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Daily baseflow estimates for calculating the target range fluxes were acquired using the USGS
groundwater toolboxBarlow et al., 2015)The model was calibrated for stneaquifer flux for 6

reach sectionsreach 2, 3, 4, 5,,@&nd 8 (Fig4.6). As the Lower Flint River basin region was the
major focus of the study, stream reaches in and contributing to the Lower Flint were calibrated for
streamaquifer flux in this studyFig. 4.6 also shows the upstream and downstream USGS stations

that were used to estimate the target flux range for each reach section.

Streamflow stations
Reach 2
® Reach3
® Reach4
® Reach5
Reach 6
.{ 4 ® Reach8
bl [ Lower flint river basin

Z I River (Perinneal streams)

Figure 4.6 Reach sections that were calibratedsiveamaquifer flux.

Model calibration was performed by adjusting the hydraulic conductivity of the UFA, streambed
conductance for the RIV and DRN packages, and specific storage values using automated and
trial-by-error methods. The model domain was didigeto 14 hydraulic conductivity zones for

the UFA, 10 DRN zones, and 15 RIV zones for calibration pugp&2ODE, an inverse modeling

tool for model calibratioiPoeter and Hill, 1998, 199@)as used to identify the sensitive hydraulic
conductivity zones and river sections and perfamitial automated calibration runs after which
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the model was calibrated manually for further refinement. A sensitivity analysis was also
performed by dividing the SWAT estimated RCH into zones to identify critical groundwater
recharge areas within the modeimain that were sensitive and critical for groundwater level and
flow. This can potentially help decisianakers identify target zones for land management for

potentially improving groundwater recharge.

4.3.6lrrigation scenario

Evaluating the spatitemporalimpacts in groundwater levels and streaquifer flux of a fine
resolution projected irrigation scenaiicat HUG12 level T can provide important information

that can be critical for developing management plans for thetebngsustainability of the adar,

the agricultural productivity, and the ecological habitat of the UFA anidwer ACF river basin.
GWPCC estimated agricultural water demand for the years 2020, 2030, 2040, and 2050 for five
different climate scenarios to include the potential d@rextremes and included the™ @5",

50", 78", and 9 percentile scenarios. Of the five scenarios, tHepcentile represented dry
conditions with higher irrigation demands and is used by GWPCC for planning pu(@étaid,

2017) Hence, the irrigation scenario in this study vedso evaluated for the P5percentile.
Evaluation of the 78 percentile irrigation scenario from 2020 to 2050 for each month showed a
similar increasing trend in irrigation demand from 2@2%0 (Fig 4.7a). Hence, only the 2040

75" percentile irrigatn scenario was selected for evaluation in this study. Scenario analysis was
performed by replacing the irrigation demand of the year 2011, which was a dry year, with the
2040 79 percentile irrigation demand and comparing the changes in groundwates ekl
streamflux to estimate the impacts of the projected increase in agricultural irrigation demand in a
dry year (Fig4.7b). This also allowed us to evaluate the aquifer rebound potential antetamg

impact by comparing the calibrated and scenaridehcesults for 2012 and 2013.
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Figure 4.7 (a) GWPCC projected 75th percentile irrigation from 2@P@0, and (b) current and
projected 2040 75th percentile irrigation.

4.4 Results and discussion

4.4.1Groundwater level calibration

As the model was calibrated only for transient conditions, a model-wanperiod was performed

by replicating the stress periods of the first year of simulation for four years. Replication of the
stress period for four yeaaiowed for adequate model watump without the loss of observed data

that can be used for model calibration.

The atter plot between simulated and observed groundwater levels for the total simulation period
of 20072013 (Fig.4.8a) shows that simulatedaymdwater levels from the calibrated model
closely matched the observed groundwater levels in the UFA for much of the simulation period.
RMS of groundwater head residual for the whole simulation period was 2.68 m which was close
to theRMSvalues in the mvious modeling studies in the afdanes et al., 2017; Jones and Torak,
2006; Mitra et al., @16). Jones and Toraf006)had also stated that a simulatiomoerof less

than 2.8 m can be considered acceptable accounting for the uncertainties and potential error in the
aquifer geometry and groundwater level measurement. The calculated r&i®#6R was 0.03

which is less than 0.1 and indicated a good modelFféquency histogram (Figt.8b) and

cumulative distribution plot (Figt.8c) of the residuals showed that more than 80% of the residuals
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were less than 3m and more than 92% of the residuals were less than 4.5m. The histogram also

shows no skewness in teenulation ofthe groundwater level.
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Figure 4.8 (a) Comparison between simulated and observed groundwater levels for the total
simulation period, (b) frequency histogram of groundwater residual fevtibke simulation
period, and (c) cumulative distribution plot of groundwater residuals.

Evaluation and plotting of the mean groundwater head residual for each groundwater well showed
that the model was also able to simulate adequately the spatial vigriafogioundwater levels in

the model domain as shown by the random distribution of residuals 4B)g.RMS of the
groundwater residual was also calculated for each month in the simulation period to evaluate the
groundwater model for simulating the temporal variatiothefgroundwater headRMS of less

than 2.86 m in 65 of the 83 months and less than 4 m iof #Be 83 months (Fig4.10)
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demonstrated that the model was also able to adequately simulate the

groundwater level for the UFA in the model domain.

<-6.00
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Figure 4.9 Mean groundwater hdaesidual for each observation well used for model

calibration.
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Figure 4.10 Monthly RMS of residual for groundwater level simulation.
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Overall, groundwater calibration results have shown that the modehd=guately simulate
groundwater levels for the UFA both temporally and spatially. The model also performed
adequately for dry as well as wet climate conditions as the calibration period included both dry

(2011:2012) and wet periods (20@2®10).

4.4.2Groundwater flux calibration

Calibration of strearaquifer flux along with groundwater levels in the model is critical for
increasing model robustness and confidence in the simulation results as calibration of multiple
variables helpconstrain the model parametéetter. Simulated streaaquifer flux and the target

flux range for each reach section estimated based on the flow difference between the upstream and
downstream end of the reach and the EF are presented #h1HigStrearraquifer flux for each
sectionwas calibrated by adjusting the streambed conductance. Estimated baseflow for reach 2, 3,
and 4, and as a result target flux, were much smaller as compared to the other reach sections as the
three reach sections are located in the region where the URK iantd have a smaller baseflow

contribution.

Comparison between the simulated flux and target flux for all reach sections demonstrates that the
model does an adequate job of simulating the staguifer flux as most of the simulated flux is
within or close to the target range for much of the simulation. The model is, however, not able to
capture the high flux estimates for Oct 2018pril 2011 in reach 2 (Figt.11a) and 3 (Figd.11b),

where the estimated target flux is much higher than the rest airthaation period and could
potentially indicate the inability of the baseflow filter program to estimate accurate baseflow
because of increased surface runoff and potentialhsatfiace later runoff during that period. The
model was also able to capttine temporal variability in streasquifer flux for all reach sections

except for reach 2. The smallest reach section calibrated in the model was reach 4 and also the
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only section that had negative flux for most of the time period indicating that thie \eec
behaving as a losing reach for much of the simulation period, and consistently during the drought
periods of 201422012. Simulation of streamaquifer flux wasmuch better for reach 5, 6, and 8
(Fig.4.11d,4.11e, andt.11f) which were along the mastem of the Flint River in the Lower Flint

River basin and haadirect connection to the aquifer section that was much deeper. Overall, the
flux calibration result shows that the calibrated model can adequately simulatapnce the
temporal and spatial variability of streaaquifer flux for the stream reaches in the Lower Flint

and adjoining reaches. The model was, however, able to estimate-atjedien flux better at

reach sections that wene the region where the atier was thicker and had less variability in

groundwater levels.
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Figure 4.11 Simulated strearaquifer flux and estimated target flux range for (a) reach 2, (b)
reach 3, (c) reach 4, (d) reach 5, (e) reacm@ (f) reach 8.

4.4.3Groundwater budget

Groundwater budget evaluation provides critical information about the important groundwater
components of the region and the impact on different components with a change in boundary
conditiors such as recharge and gralwater pumpage. Evaluation of net flux (inflowtflow)

for each boundary condition for the whole simulation period showed that recharge (RCH) was the
biggest source of groundwater inflow and averaged about 8,500 Megaliters per day (ML®) with

minimal @ntribution also from the outcrop area (CHD) averaging about 1,100 MLD4E®).
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Perennial rivers (RIV) accounted for the biggest outflow from the model domain (about 6,300
MLD) (Fig. 4.12) showing evidence to the fact that the UFA is an importantibatdr to
streamflow in the region. Groundwater wells (WEL) and ephemeral streams (DRN) averaged less
than 1,000 MGD of outflow while there was also a net outflow from the remaining regional

boundary and lakes (GBH) at slightly higher than 1,000 MLD @IR).

9000
7000
5000

3000

I =
RIV WEL

]
<]
s

Net flux (Megaliters/day)
2
g

&
=
2
=

-7000
cHD DRN GHB RCH
Boundary conditions

Figure 4.12 Total net groundwater budget for the major boundary conditions.

As the groundwater levels in the UFA follow a distinct pattern of seasonality, monthly
groundwater budget evaluation foetimodel was also performed (Fgl3) to evaluate its impact

on the groundwater components. As most groundwater recharge occurs in the winter months
(DecembeiMarch),the groundwater level of the aquifer system is normally highest in the spring
(April T May). Groundwater outflow to perennial rivers and ephemeral streams, as a result, is
biggest during this time of the year which gradually decreases with summer and fall as there is a
gradual decrease in groundwater level due to minimal recharge and idcgrasedwater
pumpage for irrigation (Figd.13). The year 2011 and 2012 were drought yeargstawonthly
groundwater budget of the two years clearly show the impact on the sttpai@r flux with
reduced outflow to rivers due to drought conditions.r&aty 2013, which was preceded by
prolonged drought, was the only month during the whole simulation period that had a net positive

flux for the river outflow (RIV) indicating a net inflow of water from the rivers to the aquifer and
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demonstrates the negatiimpact drought can have in the region (Bi@3). The river flux returns

to normality with higher than normal recharge in 2013. This exhibits the potential of the aquifer
system in the region and the river flux to rebound quickly to normal levelsledigght conditions

but also demonstrates the vulnerability of the straguifer flux and streamflow in the region to
prolonged drought that can be exacerbated by increased groundwater pumpage demand and

withdrawal for irrigation during such periods.
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Figure 4.13 Monthly groundwater budget for the simulation periodthe major boundary
conditions including the specified head boundary (CHD), groundwater pumpage (wells),
ephemeral streams (DRN), perennial rivers (RIV), general head boundary (GHB), and recharge
(RCH).

4.4.4Groundwater recharge critical zones
The USCU waglivided into 15 geohydrologic zones by Torak and Paif2@96)based on the
hydrologic and geologic setting and the potential for rechartieetoFA (Fig.4.14a). Scarcity of
groundwater wells in the USCU make it difficult for evaluating the recharge potential and
sensitivity of the geohydrologic zones for recharge into the UFA. Hence, monthly recharge

estimates obtained from the SWAT modelrevelivided into 15 recharge zones based on the

geohydrologic zones and sensitivity analysis was performed using UCODE to determine the
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sensitivity of each zone to simulating groundwater levels and staeaifer flux. Fig.4.14b
presents the composite sedlsensitivity CSS for the 15 zonesCSSin UCODE indicates the
sensitivity of the parameter to the observed values for estimating the parameter value accurately
with higher values indicating higher sensitiviesults showed that zone 11, upland itteasn

karst, was the most sensitive recharge zone, followed by zones 10, 4, 3, 6, 12, and 7 (upland
instream, instream karst swamp, instream karst, upland outcrop, and solution escdforat)

and Painter, 2006Recharge zones were mostly sensitive in the region where the UFA is thin and
close to the land surface where groundwater recharge can reaetUteArguickly and can create
substantial variations in the groundwater level. Identification of the sensitive recharge zones can
provide potential information in identifying the critical recharge zones that are most sensitive to
groundwater levels and stmeraquifer flux. It should be, however, noted that sensitivity analysis
results are dependent on the observations provided and although a concerted effort was made to
include observations that were distributed temporally and spatially, lack of observatsomse

zones (e.g. zone 5, and zone 9), could have biased the sensitivity analysis results.

‘Composite scaled sensitivity (CSS)
. 0.001
. 0.023
[ 0.043
1 0.068
0269
0.519
2322
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Figure 4.14 (a) Geohydrologic zones of the USCU (Torak and Painter, 2006) and, (b) Composite
scaled sensitivityCSS)results for the recharge zonelgher CSS values indicates to higher

sensitivity of the recharge zones to simulating groundwater levels and fluxes.

4.4.5Impact of projectedincrease inirrigation demand

Groundwater levels from the scenario model run that replaced the January to December 2011
irrigation data with the 2040 projected scenario were compared against the calibrated model run
for four specific tme periods to study the shoftirst day of September 2011, December 2011)

and longterm (first day of March 2012, and December 2013) impacts of the projected increase in
irrigation (Fig.4.15). Evaluation of change in groundwater levels towards the fethé growing

season (Figd.15a) showed that the groundwater levels would have further decreased by more than
1 min many parts of the UFA and by as much as 2.38 m in the Lower Flint River basin as compared
to the groundwater levels of 2011 for that tiperiod. Large groundwater level decrease was
mostly observed in regions where the aquifer is comparatively thinner in the Lower Flint and the
adjoining Kinchafoonee, Ichawaynochaway, and spring HU&atersheds, but there was some
groundwater level decremshroughout most of the aquifer. Assessment of the groundwater level
in December 2011 (Figt.15b) and March 2012 (Figt.15c) showed gradual rebounding of the
aquifer levels although groundwater levels were still lower by half a meter in many places. The
aquifer was not able to fully recover to the groundwater levels of December 2013 (Fig. 15d) even

after the higher than noral recharge (Figt.5) in 2013.

Decrease in streaaquifer flux (river outflow from the aquifer) was also observed in all the
evaluated reach sections because of the increase in irrigation and the subsequent reduction in
groundwater levels (Figd.16). Rach 2 and 8, that are in the Kinchafoonee and Lower Flint

watersheds, respectively, saw the biggest relative reduction in aquifer outflow as the two reach
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sections were in the region that observed the high reduction in groundwater leveld @id=lux
decreased by as much as 33% in reach 8 and 14% in reach 2. It was also observed that reach 2 was
not able to recover to the calibrated model flux levels even in December of 2013 while all the other

reaches did not recover till at least December 2012 4Fi§).

Simulation of the projected irrigation scenario helped identify the critical regions in the model
domain and reach sections that are most susceptible to increase in groundwater irrigation.
Substantial reduction in groundwater levels and straquifer flux, especially at the end of the
growing season, also indicates the UFA might not be able to provide a sustainable supply of
groundwater for irrigation in the future, especially under drought conditions. Impact on the UFA
and the streams that are cented to it could be worse if the drought persists for a longer time
period and the aquifer has to sustain the projected irrigation for multiple years. Increased loss of
streamaquifer flux can lead to more streams going dry and severely impact thedotzdieal

habitat.
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Figure 4.15 Difference in groundwater levels between the calibrated model and projected
scenario for (a) September 2011, (b) December 2011, (c) March 2012, and (d) December 2013.
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4.5 Summary and Conclusiors

This study develped a groundwater model for the UFA in the lower ACF river basin that can
adequately simulate for groundwater levels and str@auifer flux in the region. Spati@mporal
calibration and evaluation of both groundwater levels and stespifier flux was prformed to
make sure that the model can accurately simulate groundwater levels andasjtei@m flux
throughout the model domain and for both wet and dry climatic periods. Evaluation of the

groundwater budget showed that recharge was the most impgrtamdwater inflow into the
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system while river outflow was the most important source of groundwater outflow. This also
indicated the importance of the UFA in maintaining streamflow in the region, especially under
drought conditions. Monthly evaluation ofrogindwater budget showed that decrease in
groundwater recharge due to prolonged drought conditions can severely reduce flow from the
aquifers to the rivers in the region. The rebound of the stespuiier flux with the return of normal
precipitation indicted to the rebound potential of the aquifer but also to the vulnerability of the
region to prolonged drought conditions. Sensitivity analysis of recharge zones helped identify
upland instream karst as the most sensitive geohydrologic zone for rechargfeeimiguifer.
Simulation and comparison of the projected irrigation scenario to the calibrated model showed that
groundwater levels decreased by as much as 2.38 m in the UFA in the Lower Flint and, as a result,
decrease in streaaquifer flux was also obseed. Reach sections in the Lower Flint and the
adjoining Kinchafoonee watershed saw the greatest % reduction in stogdfer flux. The
scenario run helped identify the aquifer regions that are most susceptible to the increase in
groundwater pumpage forigation and also indicated that the aquifer might not be able to sustain
the projected increase in groundwater pumpage for irrigation, especially under prolonged drought

conditions.
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Chapter 5
Impact of hydrological calibration in SWAT groundwater recharge simulation: A case

study in the Flint River Basin, USA

5.1 Abstract

Accurate estimation of groundwater recharge is essentiah&sustainable management of
groundwater resources. Although quantifying gromatgr recharge is critical, it is one of the least
understood processes in hydrogeology and can only be estimatesbainal scalas it is almost
impossible to measure directly. The Soil and Water Assessment Tool (SWAT) has often been used
as a tool foperforming groundwater recharge studies. And, as calibration of groundwater recharge
simulation is not possible due to the lack of direct measurements, confidence SWVKE
simulated groundwater recharge is often derived by evaluating the model pEeréernm
simulating other hydrological variables including streamflow and/or evapotranspiration (ET).
However, the impact and sensitivity of calibrating these variables in the simulation of groundwater
recharge in SWARreyet to beevaluated to develop atter calibration approach for accurately
simulating groundwater recharge. This study evaluated the sensitivity of calibrating either
streamflow or ET or using a mulariate approach in the SWAT simulation of groundwater
recharge by doing a case studythe Flint River Basin of southeastern United States (U.S.). The
study showed that streamflow is the most important and influential variable to be calibrated in
SWAT for simulating groundwater recharge accurately while the calibration of ET aloree had
nedigible impact in the simulation of groundwater recharge. Evaluation of the-wvauitite
calibration approach showed that streamflow calibration followed by ET calibration provided the
most accurate estimates for groundwater recharge. A flipped calibszguence, however, did

not result in simulated groundwater recharge trerwe pr esent ati ve of t he
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The study also demonstrated the importance of calibrating the differerdestibns of the
watershed that differ in geology sepatgtfor better estimation of groundwater recharge as the

parameters that are critical for groundwater recharge simulation can {terfetefor the region.

5.2 Introduction

Groundwater is an integral component of the hydrologic system accounting for mo®& ¥haf

the available freshwater in the woi(dall et al., 2020; Shiklomanov and Rodda, 2008)s an
indspensabl e water resource supplying over half
along with a third of the industrial demaficall et al., 2020; Siebert et al., 201@roundwater

plays a critical role in mitigating impacts of prolonged drought conditions, especially in
agriculture, serving as a source when theigatfsources are depletéBamiglietti, 2014; Lall et

al., 2020) However, groundwater around the world is being pumped at a rate higher than it can be
naturally replenished, and this has resulted in shodt longterm declinsin groundwater levels.

Wada et al(2010)determined that the global groundwater depletion increased from 126 (£ 32)
km3yrlto 283 (+ 40 km®yr!from 1960 to 2000. The United States, during the same time period,
increased the groundwater depletion by 32 (+ 73 wm. This has led many aquifers to the brink

of extinction or being seasonally exhausted, and the aquifers will only be further stressed with the
continuous increase in population, irrigated agriculture, urbanization, and climate change
(Famiglietti, 2014; Gleeson et al., 2012; Konikow and Kendy, 2005; Lall et al., .28@d)y with

the reduction in freshwater availability, groundwater level reduction Edsalts in severe
ecological impacts, includin@ reduction in streamflow, loss of springs, wetlands, and the
ecological habitat associated with it, seawater intrusion, and land subs{Banuglietti, 2014)

Hence, sustainable management of groundwater resources is a priority topic for many

stakeholders, policymakers, and researchers around the world and in the United States for which
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an accurate estimation of groundwater recharge is a critical compg@ehties and Simmers,

2002)

Groundwater recharge can be describati@amount of water that percolates past the unsaturated
zone of the land surface and adds to the groundwater storage through diffused and focused
mechanismgHealy, 2010) Although quantifying groundwater recharge is critical for assessing
aquifer sustainability, it is one of the least understood processes in hydrogéilmsiyon and
Redshaw, 1979nd can only be estimated as it is almost impossible to measure dirly,

2010; Kinzelbach and others, 2008roundwater recharge can vary significantly in time and
space as it is influenced by multiple factors, including temporal and syatiability in climate,

land use, vegetation, and hydrogeology. Multiple methotisegioint- and watershedcale have

been used to estimate groundwater recharge. Examples include water budget method, lysimeters,
seepage meters, tracers (heat, isotopid, @nvironmental), numerical modeling, and baseflow
discharggScanlon et al., 2002Point scale methods provide a detailed estimate of groundwater
recharge for a location but can have high uncertaintgrméxtrapolated to a large region while
recharge estimates based on streamflow/baseflow only provide an average value for the whole
contributing watershed. Hence, catchmscale hydrological models that simulate spatially
variable groundwater rechargedgcounting for the spatial and temporal distribution of the factors
impacting groundwater recharge can be valuable aneetfestive tools for indirectly estimating
groundwater rechargélayakody et al., 2014; Sun and Cornish, 2085%) provide critical

information for sustainable management of groundwater resources.

The Soil and Water Assessmenvdl (SWAT), developed by United States Department of
Agriculture (USDA)iT Agricultural Research Service (ARS), is a watershed scale, contnuous

time, physicallybased, semlistributed model that has spatially distributed parameters and uses
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water balancas the driving force for all calculations in the mo@hainold et al., 1998; Neitsch et

al., 2011) The SWAT model performs spatial disaggregation of a watershed by dividing it into
subbasins, which is further divided into hydrologic response ynikssRU 6 s ) . HRUG6s ar e
land areas with a unique combination of land use, soil, and/or slope class withirbassub
(Neitsch et al., 2011)This allows SWAT to differentiate the different areas of the wagelrsh
spatially and simulate spatially variable groundwater recharge by accounting for different land use
and soil within a sulbasin. Hydrological components simulated by SWAT includes overland flow,
subsurface lateral flow, soil moisture storage, evapaipaation, transmission losses, and
groundwater recharg@eitsch et al., 2011)As the model divides a watershed with spatially
distributed parameters and can simulate groundwater recharge, SWAT has been seiddbr u
performing groundwater recharges studies including simulating the impacts of land use change
(Emam et al., 2015; Eshtawi et al., 2016; Fallatah et al., 2019; Kalin and Hantush,ch6Gae

(Awan and Ismaeel, 2014; Mechal et al., 2015; Raposo et al.,, 200Bagricultural management

practiceqDakhlalla et al., 2016)

As with any physically based hydrological model including SWAT, it is necessary to calibrate the
model parameters after the initial model setup to make sure that the model is simulating the critical
hydrological processes of the target watershed with accuracy to have confidence in the model
output. As direct calibration of groundwater recharge is ngsipte due to the lack of direct
measurements, confidence in the model simulated groundwater recharge in SWAT is often derived
by evaluating the model performance in simulating other hydrological variables. Many
groundwater recharge studies using SWAT hatézed only streamflow to calibrate the
hydrological component of the SWAT mod@aker and Miller, 2013; Chinnasamy et al., 2018;

Eshtawi et al., 2016; Ghaffari et al., 2010; Gyamfi et al., 2017; Lee et al., 2014; Lin et al., 2013;
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Mechal et al., 2015; Sun and Cornish, 20@sthers have, in addition to streamflow calibration,
evaluated SWAT simulated evapotranspiration (ET) against observé@ditzi et al., 2017)
calibrated crop yield as an estimate for ET simulafemam et al., 2015; Izady et al., 20,16)
calibrated water table fluctuation of the shallow groundwater [®agthlalla et al., 2016; Raposo

et al., 2013) Studies have also been performed where the SWAT model was simultaneously
calibrated for streamflow an@T (Githui et al., 2012)pr just ET(Awan and Ismaeel, 20149

develop confidence in the model for groundwater recharge simulation.

Even though calibration of SWAT for streamflow and ET, whichaitical components of the
hydrologic water balance, can help increase confidence in SWAT groundwater recharge
simulation as a residual variable of the water balance, impact of calibrating these hydrological
variables in the simulation of groundwater raxe in SWAT, to the authors knowledge, has not
been evaluated. It is essential to evaluate the sensitivity of groundwater recharge simulation in
SWAT to calibrating either streamflow or ET or when using a nwtiate approach.
Understanding the changas magnitude and trend of SWAT groundwater recharge simulation
due to streamflow and ET calibration as well as comparing to the basimpointscale estimated
recharge through other methods under different land use and soil types can provide valghble ins
into groundwater recharge simulation in SWAT. This information can be pivotal to researchers for
efficiently and accurately calibrating the SWAT model for groundwater recharge estimation.
Hence, the main objective of this study was to understandtail iew the SWAT calibration
approach of streamflow and ET independently as well as using avau#te approach through
sequential calibration affected the groundwater recharge simulation in SWAT by performing a
casestudy in the Flint River basin ofoBtheastern United States. The study also compared the

SWAT simulated recharge #te basin and pointscale against groundwater recharge estimated
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through the RORA prograrfRutledge, 2007and groundwater levelm the surficial aquifer
system, respectively, to determine if any calibration approach shows better model performance.
As the Flint River basin consists of independentisakins that are vastly different in soil and land

use typestheevaluation vasalso performed for different land uses and soil. The overarching goal

of this project was to identify a SWAT calibration approach that can provide a reliable estimate of

groundwater recharge.

5.3 Methods

5.3.1Study area

The study area, located in the Southeastertedr8tates (Figh.1a), covers about 24,000 Kiand

includes six Hydrologic Unit Code (HU) watershed¢Seaber et al., 1980f the Flint River

basin ( Fig5.1b). As the study area spans over 3 degrees in latitude, temperature and precipitation
vary spatially and temporally across the area. Tkamdaily temperature in the winter ranges
from about 9.8 in the south to about 5.5 i n
about 28 acr deguezetlale 2052) uTdeympaerreaat ur e above 37. 7
however, is not uncommon in the region. Annual precipitation averages about 1348 mm in the
south and about #2 mm in the nortl(Arguez et al., 2012)orest, most of which is loblolly pine

(Pinus taedain the regionRuefenacht et al., 2008} the dominant land use/land cover (LULC)

and occupies about 55% of the study area @:igz). Parts of the study area that is underlain by

the Upper Floridn Aquifer (UFA), which is very close to the land surface and serves as the
primary source of water for irrigation, has intensive agriculflioeak and Painter, 2006ig.5.1b

and5.1c). Row crop agriculture covers about 17% of the watershed. Cotton and peanut are the two
major crops produced in the region. Urban area accounts for only about 7% of the watershed

(University of Georgia CAES, 2018Fig. 5.1¢). Accurate estimation and understanding of
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groundwater recharge in the study area, especially in the lower Flint region, is critical for
agricultural sustainability in the region. Agriculture generates annual revenueutf&bbillion
(University of Georgia CAE, 2014)and is heavily dependent on the underlying aquifer for
irrigation water. The aquifer also plays a critical role in maintaining streamflow, spring flow, and

the ecological habitat of endangered and threatened species that depend on théetwer sys

% USGS streamflow stations,
1 SWAT model domain N

[JHUC 8 watersheds
FAS - Unconfined
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Figure 5.1 SWAT model domain and location of the study area in the southeastern United States
(a), the six HUEB watersheds located within the model domain (b), and major land use/land
cover (LULC) types in the study region (c).
5.3.2Groundwater recharge simulation in SWAT
This section provides a summary of the theory behind groundwater recharge simulation in SWAT;
the readers are referred to Neitsch ef20)11)for further detail. The watdyalance equation that

is the basis of all land phase hydrologic calculations in SWAT, which is computed at the HRU

level, is:
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where,"Ywis the final soil water content for the dayw is the final soil moisture content for

day“Q p and initial soil water content for day’Y,  is the amount of precipitation on d&y

C

i IS the amount of surface runoff on d®O j is the amount of evapotranspiration on dy

0 jis the amount of percolation and bypass flow exiting the soil profile bottom oiQdag

C

i is the amount of return flow on ddy

Vertical movement of water through the soil layers in SWAT after entering the soil profile is
simulated using a simplified soil module that only simulates saturated flow using a cascading
approach. Water is allowed to move from a layer to the layer belowifathle field capacity is
exceeded for that layer and the layer below is unsaturated, after accounting for losses to other
pathways such as evapotranspiration and lateral flow. Water that moves past the bottom layer of
the soil through percolation or bygsaflow becomes groundwater recharge after accounting for the
time delay it takes for the water to move from the bottom of the soil profile to the top of the water
table. Groundwater recharge in SWAT, after water moves past the soil profile, is calasiated

an exponential decay weighing function:

6 & p ABBE O /’-\@19350 - @)

where,® i IS the amount of recharge entering the aquifer on@ay is the delay time for
the water to travel through the vadose zane, is the water exiting the bottom of the soil profile

on day'Qandw r IS the amount of recharge entering the aquifer on@ayp
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The groundwater delay function ( ; GW_Delay in.gwfil ), which estimates the time for water

to pass through the vadose zone, cannot be measured and is often used as a calibration variable
when calibrating SWAT for streamflow and/or basefl@¢arki et al., 2020; Risal and Parajuli,

2019) The estimated groundwategcharge is then distributed into the two aquifers that are
simulated in SWAT, the shallow aquifer and the deep aquifer, using a percolation coefficient

(RCHGRG_DP,gwfile) and is calculated as:

@ Tz @)

where, ® is the amount of water moving to the deep aquifer, is the aquifer percolation

coefficient, ando is the amount of recharge

Shallow aquifer recharge is then calculated as the difference between thediotate and the
deep aquifer recharge. SWAT simulated total groundwater recharge () value represents the
total water contribution to the groundwater system. Hence, the value was usaimdated
groundwater recharge for evaluating the défdrcalibration approaches as wadlcomparing to

estimated groundwater recharge from other studies.

5.3.3SWAT model setup

Major inputs into SWAT fotthe initial model set up include elevation, climate, LULC, and soll
dataset(Neitsch et al., 2011)A 30m x 30m Digital Elevation Model (DEM) provided by the
United States Geological Survey (USGGpsch et al., 2002yas used as the elevation dataset for
the model (Fig5.2a) while initial soil parameters for the region was acquired from the State Soill
Geographic (STATSGO) datag@chwarz and Alexander, 19958)ropland Data Layer (CDL)

developed by the USDA National Agricultural Statistics Service (NASS) for the year 2015 was
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used as the base LULC map for thedel(Han et al., 2012)As LULC is mostly dynamic and
changes year by year, especially in the row crop agricultural region, major crop rotations in the
study area were identified by downloading the 28005 CDL and performing an overlay analysis
using ArcGIS which was theadded to the model. It is also equally important to accurately
represent the agricultural management practices for the major crops as it can help simulate the crop
growth and yield accurately, which can impact ET simulation in the model and therebyredfect
simulation of groundwater recharge. Hence, detailed management practices including fertilizer
application rates and timing, tillage, plant and harvest dates, and irrigation were developed with
help from the University of GeorgiBxtension Service and ncorporated into the model. As
loblolly pine made up almost all of the forest in the modeled area, all forest classes in the CDL
were changed to a single classFRSE for ease of calibration. Similarlthe default forest
management file created by ArcSWATlants and killéforest every year of the simulation. The
forest management file was modified, following steps implemented by (B@28) such thathe

forest was growing in the initial model set up and was not killed every year. Climate data was
acquired from the North American Land Data AssimilatRirase2 (NLDAS-2) climate forcing
dataset, which has a spatial resolution of"d8gree and temporal resolution of 1 h covering the
continental United StatgXia et al., 2012)A SWAT model with 118 subasins (Fig5.2b) and

7,068 HRUs was developed in the end.
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Figure 5.2 Topography (a), and SWAT delineated 118-bakins (b) for the study area.

5.3.4SWAT calibrati on scenarios

As the main objective of this study was to evaluate the impact of streamflow and ET calibration
on groundwater recharge simulation individually as well as using a-wawitite approach and

also to determine if there is a calibratisequence that provides better groundwater recharge
estimation, two calibration approaches were tested in this study. Streamflow and ET were chosen
as the hydrologic variables for calibration as these two variables are major components of the land
phase hymlogic water balancébserved streamflow as well as rempteensed ET data set for

the calibration of these two variables are readily available and have been widely used for

hydrologic calibration of SWAT.

The first calibration approach, from hereineneéd to as approach resembled the calibration

strategy that has been used by many researchers for groundwater recharge estimation in SWAT.
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Streamflow was the first variable calibrated after the initial modealséd constrain the model,

which was folowed by ET calibration. Simulated groundwater recharge after each calibration step
was evaluated against default SWAT simulated groundwater recharge as well as the recharge
estimated using the RORA program. This allowed for evaluating the impact ofrgemihfow
calibration on groundwater recharge as well as the impact of multivariable calibration using a
sequential approach in which streamflow calibration was followed by ET calibration. RORA,
which is based on the recessiaurve displacement method festimating groundwater recharge

from observed streamflow data, has been used in multiple studies for estimating groundwater
recharge(Chen and Lee, 2003; Delin et al.,, 2007; Rutledge, 2@87)vell as evaluating the
performance of hydrological models in simulating groundwater reclfargeld et al., 2000; Zhu

et al., 2020)

The second approach, from herein referred to as app®aehs the exact opposite of approach

1 with ET calibration being performed after the initial model setup followed by streamflow
evaluation. This, gain, allowed to evaluate how groundwater recharge simulation is impacted if
only ET is calibrated. ET calibration was then be followed by streamflow calibration, and model
performance was again evaluated. This allowed us to evaluate if there is argndédfar model
performance for hydrological simulation between the two calibration sequences of ET and

streamflow.

5.3.5SWAT model calibration and evaluation

The SWAT model was set up for the period 2@00Q5 with a 3year warmup. As the focus of

this researctwas to evaluate how the calibration approaches impacted groundwater recharge
simulation, model performance evaluation after calibration was performed for the total simulation

period. The model was, however, calibrated for the period-20@8 to make surnat the model
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was nhot oveparameterized during calibration and the simulation included time period
independent of model calibration. This also allowed to keep the study focused on the impact of
calibration on groundwater recharge simulation without lgawindifferentiate results between
calibration and validation periods. Streamflow calibration was performed using daily observed
data, while ET calibration was performed aimonthly scale. Although the two calibration
scenarios were evaluated in this stutiat differed in the sequence of streamflow and ET
calibration, the calibration approach used for each variable in both scenarios were the same.
Calibration for both streamflow and ET was performed using SVWZAJP, an optimization
program specifically deatoped for SWAT that uses the Sequential Uncertainty Fitting Algofithm

Version 2 (SUFR) (Abbaspour, 2013)

Streamflow calibration was performed by utilizing observed streamflow data from seven USGS
monitored streamflow station@JSGS, 2019)that were within the study area (Fi§.1). A
sequential approach to streamflow calibration wgdiad in which flows to streamflow stations

that received water from independent-sestions of the watershed, as well as the most upstream
streamflow station, were calibrated separately. This was followed by calibrating streamflow at the
downstream stains without modifying the calibrated parameter values for the upstream and
independent subections of the watershed. A sequential approach to streamflow calibration was
necessary as this allowed to evaluate groundwater recharge as well as the catiodeed
parameter values, especially pertaining to groundwater recharge, on how it differed for different
parts of the watershed that varied in LULC, soil, and proximity to the underlying aquifer. Initial
parameters for streamflow calibration were selectasked on literature as well as the SWAT
theoretical documentation and are presentddbie5.1 (Arnold et al., 2012; Neitsch et al., 2011;

White and Chaubey, 2005)
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MODerate Resolution Imaging Spectroradiometer (MODI8a8 global terrestrial ecosystem ET
data product (MOD16A2) was used as the observed ET data for calibration ofsimodiaited

ET (Running et al., 2017 he data product is based on the logithePenmarnVionteith equation

and uses daily meteorological reanalysis data as well as MODIS fgmensed data products to
calculate ET and is available at 500 m grid resolution. Tday8ET data product was aggregated

to monthly values for each grahd the observed monthly ET value was calculated for each sub
basin by averaging the monthly griddealues of all grids that were within a shhsin. Field

scale SWAT studies performed by H#2820)and Tadych{2020)identified forest parameters for
loblolly pine and crop parameters for cotton and peanut, respectively, by calibrating the model for
yield, leaf area index @l), and biomass. To make use of this valuable forest and crop dataset, an
ET calibration scheme was developed in which the calibrated plant database parameters for
loblolly pine from Haag2020) which was represented as FRSE, was first incorporated into the
model. This was followed by identifying a sbhsin in the model that had the highest percentage

of forested land and further calibrating ET for that-bakin by only adjusting the parameters
important for ET calibration Table 5.1). The forest ET calibrated parameters were then
extrapolated to all RUs with FRSE as the LULC. Calibration of parameters for forest ET
simulation was followed by incorporating the calibrated crop parameters of cotton and peanut from
the study of Tadyclf2020)followed by further calibration ofotton and peanut ET parameters.
RNGE was the only other LULC type that covered more than 5% of the study area. Evaluation of
ET simulation in a sudbasin with the highest RNGE percentage after forest and crop ET
calibration showed good correlation betvan simulated and observed ET and hence ET for

RNGE was not further calibrated.

126



Model performance evaluation for streamflow and ET simulation was performed using the
coefficient of determinatio(R?), NashSutcliffe Efficiency(NSE), and percent big®BIAS). The

three statistics have been widely used for performance evaluation of hydrological models and
describe the collinearity between simulated and observed variables, indicate how well the
simulated and observed data fit the 1:1,lmed describe the arsge tendency of the simulated
value to be over or under the observed value, respec{imipld et al., 2015)NSEwas also the

objective function used for optimization in SWAIJUP.

Table 5.1 SWAT calibration parameters for streamflow and ET

Variab Par ame Description SWAT Adj ustdr I ni ti

input Range

St r e amf CN Curve number of operat MGT r -0.3,0

ALPHA _ Basefl ow al pha f GW Y, 0.01,

GW_DEL. Groundwater delay GW Y, 0, 50

GWQMN Threshold depth of wa GW \% 0,500
required for 20)eturt

REVAPM Threshold depth of wat GW Y, 0,100
irevapdo or percolation

( mm@a)

GW_REV. Groundwater irevap GW Y 0.02, 1

SOL_K Saturated hydrauli SOL r -0.3,0

SOL _BI Moi st bul k densi SOL r -0.3,0

SOL_ AW Avai wabhlee capacity o SOL r -0.3,0

OV_N Manningés fin for o HRU r -0.3,0

SURLAC Surface runoff |l ac HRU v 0 .-50

SLSUBB Average sl ope | en HRU r -0.3,0

HRU_SL Average sl ope stee HRU r -0.3,0

LAT_TI Lateral flow trave HRU v 0,180

St r eamf EPCO Pl ant uptake compe HRU v 0.01,

ESCO Soi |l evaporation co HRU Y, 0.01,

ET CANMX Maxi mum canopyO)stor HRU v 0.1, 2

CHT MX Maxi mum canopy hei DAT v 0.5, 3

GSI Maxi mum st omat al cond DAT Y, 0.001,
radiation and |l ow Hap

fiadl ndi cates the type of model parameter adjustment. O6r6 repr
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parameter with the adj ust meerptl afceecnteonrt (olf + h er )o.r i &gvi dn arl e ppraersaennett
initial range.

5.3.6Groundwater recharge estimation and groundwater well observation

As RORA utilizes streamflow data for estimating groundwater recharge, the estimated recharge is
the averagedalue for the entire surficial drainage area contributing to the streamflow station.
Estimated groundwater recharge using the RORA program for comparison against the SWAT
simulated groundwater recharge were derived for three streamflow stationS.3&i®.3b, and

5.3c). The three streamflow stations were selected such that SWAT groundwater recharge
simulation could be evaluated in a forested region where the underlying aquifer is not connected
to the surficial streams (Fi§.3a; USGS station 2349605} agriculture dominated region where

the aquifer is close to the land surface (Bigb; USGS station 2357150), and recharge simulation
evaluation for most of the model domain (Fig3c; USGS station 2356000). The most
downstream USGS station (USGS «tati2358000; Figh.1) was not selected for estimating
groundwater recharge for the whole model through RORA as the station was downstream of Lake
Seminole, which could impact groundwater recharge estimation through the RORA program. It is
important to notethat the RORA program, which estimates groundwater recharge based on
streamflow peaks, does not explicitly account for gradual recharge to the water table and can cause
errors in the recharge estimatéRutledge, 200). Hence, only a graphical comparison was
performed between the SWAT simulated, and RORA estimated groundwater recharge to perform
a general comparison between the two methods. And, although it is suggested to use RORA for
seasonal or quarterly estinmat of groundwater recharg@Rutledge, 2007) RORA provides
monthly estimates of groundwater recharge and was used in this study for comparison against

simulated recharg® evaluate SWAT simulated groundwaterra@ge in more detalil
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A comparison of the temporal trend in SWAT estimated groundwater recharge was also performed
against groundwater level observation in two shallow wells §-8gl) that were completed close

to the land surface to compare the dailpdéren groundwater recharge simulation and groundwater
level. Temporal changes in groundwater levels in the two wells can be used as an indicator to
evaluate the trend of groundwater recharge in the region and be compared against SWAT simulated
groundwaterecharge. Groundwater well data for the two wells were acquired from the USGS
National Water Information System (NWIQ)SGS, 2019)The two wells were selected such that

one was in a forest dominated godisin with deep soils (well 11AA01; Fig.3d) while the second

one was in an agricultural dominated<asin and the underlying aquifer was close to the land

surface (well 08G001; Fidp.3d).

(d)

N G \§) .“AA(N

@ Surficial groundwater welis|

% USGS streamflow station
—— SWAT generated reaches
[ Sub-basin with GW well
[ 2349605 contributing area
[_12357150 contributing area
[12356000 contributing area

Figure 5.3 Subwatersheds contributing to streamflow and RORA estimated groundwater
recharge for station (a) 2349%Qb) 2357150 and (c) 2356000. Figure (d) shows the location of
the two groundwater wells and the subtershed associated with it for comparing the temporal

trend in groundwater recharge and groundwater levels.
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5.4 Results and discussion

5.4.1Default model

The first step in understanding the sensitivity of streamflow and ET calibration, as well as the
impact/change on groundwater recharge simulation is to evaluate SWAT simulation of

streamflow, ET, and groundwater recharge under default parameters.

5.4.1.1Default sreamflow simulation

Model performance evaluation for streamflow simulation showed that the model performed poorly
for all seven USGS stations with default paramet@eble 5.2). SWAT simulation of daily
streamflow is considered satisfactory when tharl NSE values are higher than 0.5, and PBIAS

is less than +15%Moriasi et al., 2015)and it was observed that Ras less than 0.5 and NSE
values were negative for all stations. Evaluation of PBIAS showed that the default model

significantly over simulated streamflow fall stations.

Table 5.2 Model performance for streamflow simulation with default parameters for the total

simulation period for all stations

USGS streamf R? NSE PBI AS

2349605 0.1 -2.3 6 2

2352500 0.1 -3.3 74.9
2353000 0.1 4.5 70. 2
2355350 0.0 -19. 123. 2
2356000 0.1 6.1 71. 9
2357150 0.0 -29. 83.9
2358000 0.4 0.4 27. 3

5.4.1.2Default ET simulation
Evaluation of ET simulation for each sblsin with default parameters shows that the model does
a much better job of simulating ET with the default parameters fdgand Fig.5.5) when

compared to streamflow simulatior? WRalues were all greater th@r2, and the average was about
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0.5. Mean NSE for all subasins was close to 0.4, while more than 50% of thebasins have

NSE close to 0.5 or higher (Fi§.5). Evaluation of PBIAS shows that the default model under
simulates ET with mean and medianued both close te20% (Fig.5.5). Spatial evaluation of

R2, NSE, and PBIAS shows that the model does a much better job of simulating ET on-the non
forest dominated subasins (Fig5.2a and Figh.4) than the forest dominated shhsins (upper

part of thestudy area) with default plant database parameters. It should, however, be noted that
although default plant database parameters were used for row crops, detailed management
practices, including fertilizer application and irrigation, were provided, wbichd have led to

better simulation of row crops and hence, better ET estimates.

NSE

-1.98 - 0.10
I 0.11-0.20
I 0.21-0.30
N 0.31 - 0.40

0.41-0.50
[ 0.51 - 0.60

0.61-0.70

10.71 -0.80
N 0.81 -0.90
I 0.91 - 1.00

Figure 5.4 (a) R, (b) NSE, and (c) PBIAS for ET simulation with default parameters for each
subwatershed in the model.
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Figure 5.5 Box plots showing the distribution of (af,Rb) NSE, and (c) PBIAS for all sub

basins for ET simulation with default parameters

5.4.1.3Default groundwater recharge

As the RORA estimated groundwater recharge using USGS streamflow station is an average value
for the whole area that drains to that station, simulated groundwater recharge for comparison was
calculated by averaging the simulated recharge of all HRUs thag i the contributing sub
watersheds associated with the respective streamflow station and aggregating to monthly values
(Fig. 5.3a, 5.3b, and5.3c). Comparison between simulated monthly recharge from the SWAT
model with default parameters and the RORstineated monthly recharge for all three sub
watersheds show a good match (5i§). The model seems to catch the temporal trend, especially
peak recharges, well for all three regions. Comparison for the periods with low RORA estimated
recharge showed thiite model does a better job of estimating recharge for USGS station 2349605
than for stations 2357150 and 2356000 (bi§). It is important to note that station 2357150 and
2356000 have contributing sections of the watershed in which the aquifer esteltise land

surface and can have gradual discharge to the streamflow. This can potentially lead to error in
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groundwater recharge estimation with RORA and hence the months with no RORA estimated

recharge for stations 2357150 and 2356000.

2349605
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Figure 5.6 Comparison between RORA estimated and SWAT simulated groundwater recharge

with default SWAT parameters.

Temporal trend comparison between the daily groundwater levels observed in two groundwater
wells and SWAT snulated daily groundwater recharge for the -swdiershed in which the
groundwater well is located showed that SWAT simulated groundwater recharge with default
parameters is more episodic with sharp rise and fall in groundwater recharge when compared to
the change in observed groundwater levels @&ig. The change in groundwater level in the well

was gradual, indicating a more delayed recharge phenomenon than simulated by SWAT with
default parameters for both welWell 11AA01 (Fig.5.3d), which was loated in the region with

deep soils, had a gradual change in groundwater level than compared to well 08GORRAFig.

which was in a region where the aquifer was close to the land surface
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Figure 5.7 Temporal trend comparison between SWAT simulated groundwater recharge with
default parameters and groundwater well 11AAQ01 (top) and 08G001 (bottom).

5.4.2Calibration approach-1

Flow at each station was calibrated using multiple iterations of 500 simulations until there was no
noticeable improvement in the objective function between two successive iterations-SWAT
recommended parameter ranges were used after each iterakieaptdhe calibration process
objective. The calibrated parameters were, however, kept within the parameter ranges specified in
Table 5.1 to make sure that values were within a realistic range. As thevatgibsheds were
calibrated separately, the calibitgarameter values for streamflow simulation varied spatially.
The spatial distribution of calibrated parameter values important to groundwater recharge is

discussed in section 3.4.
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Calibration of streamflow was followed by ET calibration. The SWAT pitabase parameters

for loblolly pine developed by Ha@2020)were first imported into the model. This was followed

by identifying a sudbasin which had the highest percentage of FRSEl§asim 24i 92%) and
calibrating the selected parametefalfle’5.1) for ET. The plant database parameters, GSI and
CHTMX (Table 5.1), were further calibrated in this study, as H#&2820) identified these
parameters to be sensitive for ET simulation. EPCO and ESCO, although calibrated for
streamflow, were also calibrated again as these parameters play an important role in ET simulation
in SWAT (Neitsch et al., 2011)The calibratedhru file parameters were replaced only in HRUs

with FRSE as the LULC. ET caliltian was also performed for multiple iterations using SWAT

CUP until no noticeable improvement was observed betweenessive iterations. After
completion of forest ET calibration, crop database parameters for cotton and peanut from the study
of Tadych(2020)were imported into the model, and an approach similar to FRSE calibration was

perfomed for further calibration of ET for cotton and peanut.

5.4.2.1Streamflow simulation after calibration approach-1

Streamflow evaluation at all seven streamflow stations showed that the model was satisfactorily
able to simulate streamflow in the study watersHesr atreamflow calibrationTable5.3; Fig.

5.8). R and NSE values greater than 0.6 were observed for all stations except for stations 2355350
and 2357150, which had NSE values of 0.55 and 0.52, respectively. The area that contributes
streamflow to thewo stations is near the outcrop of the underlying aquifer, where the aquifer is
thin and close to the land surface. The complex hydrogeology of the region as well as missing
observed data for the two stations during high flows @&R). that limited stremflow calibration

could have led to the comparatively poor model performance for the two stations.
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Evaluation of streamflow simulation after the calibration of Edlle5.3; Fig.5.8) showed that

the model performance for streamflow simulation slightlyakemned, especially for simulating the
runoff volume. The simulated streamflow was lower than observed for six of the seven stations,
with three stations having a negative PBIAS of over 208ble5.3; Fig.5.8). R and NSE values,

as a result, were alsover for the six stations when compared to values after only streamflow

calibration Table5.3).

Table 5.3 Model performance for streamflow simulation after sequential calibration of

streamflow and ET ikalibration approach.

After streamf After ET cali
USGS streamf R? NSE PBI AS R? NSE PBI AS
( %) ( %)

2349605 0.6 0.6 0.7 0.6<42 0.6 -10. 3
2352500 0.7 0.7 7.9 0.7 0.6z -24.2
2353000 0.6 0.6 -11.6/ 0.67 0.5¢ -28.2
2355350 0.6 0.5 11. 2 0.6 0.4¢ -10.1
2356000 0.6 0.6 9.3 0.6¢ 0.61 -25. 3
2357150 0.6 0.5 7.2 0.6¢ 0.5¢ 12.8
2358000 0.8 0.8 7.7 0.8t 0.8: -14.2
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Figure 5.8 Graphical comparison between observed streamflow and simulated streamflow after
streamflow calibration and subsequent ET calibration for all seven stations (apyrpadie
vertical black line indicates the time frametlog observed dataset that wagdgor streamflow

calibration.

5.4.2.2ET simulation after calibration approach-1

The spatial distribution and beptot summary of R NSE, and PBIAS for ET simulation in each
SWAT subwatershed after each calibration step of apprdaishpresented in Figp.9. It can be

seen from the figure that ET simulation in SWAT shows general improvement even after the
calibration of only streamflow (Fig5.9) with better results for R NSE, and PBIAS. The most

significant improvement is seen in PBIAS value as the mean $Biroves from aboull 7.5%
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in the default model to abotB% after streamflow calibration. Improvement ifdRd NSE after

only streamflow calibration was more profound in the lowerlsasgins of the study area that had

more agricultural crops while thimmprovement in the upper stiasins that is more forest
dominated was marginal. There was, however, a general increase in ET throughout the study area

after streamflow calibration, as indicated by the upward shift of the PBIAS box plot.

Calibration of ET #er streamflow simulation further improved the ET simulation. Medn R
improved from about 0.55 to about 0.65 and mean NSE improved to about 0.55 from about 0.4.
There was a marked improvement in ET simulation in the forest dominated uppegissod
However, when evaluating the overall watershed, ET simulation in the lowebasibs, which

had more agriculture, was better. There was also an improvement in the PBIAS values with the
mean and median values, both close to 0. The spatial distribution of RBi§\%.9 i bottom

figure) showed that the forest dominated landscapes slightly -simdalated ET even after
calibration while the agriculture dominated lower $#sins slightly oveestimated ET. The
underestimation of ET by the default model and itherease in ET after calibration also explains

the reduction in streamflow performance and the wed@émation of streamflow after ET
calibration. The outlier subasins with negative NSE and high PBIAS even after ET calibration
were the ones that hadigh percentage of water in the sbiasin and could have led to the model

having difficulty in simulating ET accurately.
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Figure 5.9 Spatial distribution and box plot oRop), NSE (middle), and PBIAS (bottom) for

the (a) default model, (b) streamflow calibration, and (c) subsequent ET calibration (aghroach

5.4.2.3Groundwater recharge simulation after calibration approach-1

Groundwater recharge evaluation for all threewalersheds after streamflow calibration showed
that the SWAT simulated groundwater recharge was smoother with less temporal variation as
compared to the default model as well as the RORA estimated re¢higrdel0). The streamflow

calibrated recharge still followed the temporal trend of the RORA estimated groundwater recharge,
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but the fluctuations in the recharge magnitude were much smaller when compared to the RORA
estimated and default SWAT groundwatecharge. Peak groundwater recharge for the upper sub
watershed with deep soils (Fig1071 station: 2349605) after streamflow calibration was much
lower than compared to the default and RORA estimated recharge and the temporal change in
recharge wrealso not very drastic as expected in the geology with deep clayey soils. Temporal
change in groundwater recharge in the lowerwatershed where the aquifer is close to the land
surface (Fig5.1071 station:2357150) was more drastic, indicating a much festharge. This is

not surprising knowing the geology of the area where the aquifer is close to the land surface.

Calibration of ET, however, did not seem to make a big difference in the simulation of groundwater
recharge in SWAT as the groundwater regbkaafter streamflow and thereafter ET calibration
were similar (Fig.5.10). It is, however, important to note that groundwater recharge slightly
decreased after ET calibration in the upper forest dominatedatdvshed, especially between
2003 and 2010, khich had undeestimated ET in the default model and improved after ET
calibration (Fig.5.107 station: 2349605). Evaluation at the whole basin scale, however, did not
show any difference in groundwater recharge estimations after the calibration ofgEF. G

station: 2356000).
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Figure 5.10 Comparison between RORA estimated groundwater recharge and SWAT simulated
groundwater recharge for the three sudttersheds after streamflow and subsequent ET

calibration (approacti).

Comparing the SWAT simulated groundwater recharge for thebasins after calibration
approachl to the groundwater level observed in wells located in thébasim showed that the
temporal change in groundwater recharge simulatiarasult of streamflow calibration closely
matched the temporal change in the groundwater levels in the well$ FEy. SWAT closely
matched the temporal as well as the change in the magnitude of groundwater recharge to the
groundwater well in the forésd watershed with deep soils (well 11AA01; bify1). Although the
temporal trend of groundwater recharge matched well even in well 08G001, where the
groundwater is close to the land surface, and the geology is karstic, resulting in significant water
movement also in lateral directions, SWAT was not able to match the change in the magnitude of

groundwater recharge to that observed in the groundwater well. This could potentially indicate the
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l'imitation of SWAT in that HrRigdodateialflowtbéiveeenS WA T
HRUG6s i n SWAT. This potentially is not an i
flow is very minimal (sukbasin 4i well 11AA01) but can cause errors in the region where the

soil is more sandy, and lateral flavan be prominent (sdifiasin 92i well 08G001). This could

have led to SWAT not match the change in the magnitude of groundwater recharge to the
groundwater level observed in the well in dadsin 92 as it could not account for groundwater

recharge due tlateral flows.
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Figure 5.11 Comparison between observed groundwater level and final simulated groundwater

recharge after calibraticapproachl for subbasin 4 (top) and subasin 92 (bottom).

5.4.3Calibration approach-2
Although ET was the first variable calibrated in appreachnd followed by streamflow

calibration, the calibration approach for each variable was the same as described in detail in section
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3.2 and used in approadhlt is also impdant to note thaheevaluation of results for streamflow
is presented first, as in section 3.2 for consistency with the discussion of results for afggroach

section 3.2.

5.4.3.1 Streamflow simulation after calibration approach-2

Evaluation of model streanailv simulation after ET calibration showed that the calibration of ET
alone and as the first variable calibrated does not have much influence in streamflow simulation.
R2, NSE, and PBIAS values were poor at all stations for streamflow simulation afteliEatun
(Table5.4). The only measurable difference in performance statistics for streamflow simulation
after ET calibration was in the reduction of PBIAS as compared to the default model statistics
(Table 5.2) indicating a slight reduction in streamflowlume. This, again, resulted from the

increase in ET after calibration of ET, which was underestimated in the default model.

Table 5.4 Model performance for streamflow simulation after sequential calibrafi&i and

streamflow in calibration approac¢h

After ET cal After streamfl o

USGS streamf R? NSE PBI AS R? NSE PBI AS
2349605 0.1 2.0 47.5 0.6: 0.6:Z 3.4
2352500 0.1 -2.9 58.9 0.7z 0.7z 1. 4
2353000 0.1 4.0 54.9 0.7z 0.6¢ 4. 8
2355350 0.0 -18. 96.5 0.6:2 0.61 2.7
2356000 0.1 5.6 57.1 0.7 0.6¢ 8.9
2357150 0.0 -30. 75. 4 0.6z O0.4¢ 23. 4
2358000 0.4 -0. 4 21 0.8¢ 0.38E 8.9

Calibration of streamflow after ET calibration, as expeateaistically improved streamflow at all
stations with R and NSE above 0.6 and PBIAS less than +15% for all statkaisg5.4; Fig.
5.12) except for station 2357150 which had a PBIAS of 23.4% and NSE of 0.43. The model had

difficulty simulating streamflowin the complex hydrogeological region that drains to station
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2357150 even with calibration approach 2. It is, however, important to note that the final
streamflow simulation, after completing all calibration steps in both approaches, was better
through aproach2. This shows that if streamflow is the hydrological variable that needs to be

simulated most accurately for a study with the model also constrained well for ET simulation,
approack2 works better. Figh.12 shows the graphical comparison betweenukited and

observed streamflow for all stations using appre&ach
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Figure 5.12 Comparison between observed streamflow and SWAT simulated streamflow after
ET and subsequent streamflow calibration (appré&gdor all seven stations. The vertical black

line indicates the time frame tifeobserved dataset that was used for streamfibibaration

5.4.3.2ET simulation after calibration approach-2
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ET simulation after calibration showed good improvement with mearNBE, and PBIAS
increasing from 0.5, 0.45, anti7.5% to 0.64, 0.6, an@.5%, respectively (Fic.13). The model,
however, still uder simulated ET for most of the study area even after ET calibration, as indicated
by the negative PBIAS (Figs.13 i bottom figurei label (b)). Subsequent calibration of
streamflow only slightly declined ET simulation with a slight reduction in méam&NSE values

(Fig. 5.137 top and middle figure). Calibration of streamflow, however, resulted in increased ET
over the whole watershed, an effect that was also observed in apfiroBleis resulted in the

mean PBIAS for ET simulation to be around 0%t ibican be easily observed that the model
overestimated ET in the agricultural watersheds and under simulated ET in the forested watersheds
even with approach 2. Comparison between the final simulated ET from both approaches shows
that either approach de@ot have a considerable advantage over the other for ET simulation as

the performance statistics were similar in both cases%E@nd Fig5.13).
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Figure 5.13 Spatial distribution and box plot ofRop), NSE (middle), and PBIAS (bottom) for
the (a) default model, (b) ET calibration, and (c) subsequent streamflow calibration (agproach

5.4.3.3Groundwater recharge simulation after calibration approach2

Groundwater recharge simulation after calibration mfy T was very similar to the recharge
simulation in the default model for all three swhbtersheds (Fig5.14), indicating that
groundwater recharge simulation was not sensitive to the calibration of ET alone. As it was also
observed that streamflow sifation is also very poor after only ET simulatiohable 5.4),

hydrological simulation in SWAT cannot be adequately constrained by calibrating ET alone, and
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