ABSTRACT

AYUB, RIYANA. Source Characterization and Vulnerability Assessment of Nitrate
Contamination in GroundwatgitJnder the supervision of Dr. G. Mahinthakumar)

Nitrate contamination in groundwater and surface water from agricutivgabhas beera

major concern in the United Stataed around the worlfbr several decades. This study
investigates various aspectsrofrate contamination in groundwater and scefavater from
agricultural practicesThis dissertation consists of three major parbstFon-point source
characterization of nitrate contamination into groundwater resowocegr geological
uncertaintywas carriedout A Bayesian framework using thdarkov Chain Monte Carlo
approach (MCMC)asdevelopedo estimate the posterior distribution of Rpoint sources
where uncertainties are due to geological formation (i.e., heterogeneous hydraulic conductivity
field). This modeling approacwas demonstratedor a hypotheticaltest caséasedon the
surficial aquifer system in Duplin County, North Carolirfgecondmodetbased regression
approachefor source apportionmemieredevelopedisingthe concept of influence zones to
account for transport pathways. The methods are demonstratecpssirdp observations of
pointlevel groundwater nitrate concentrations extracted frpme@iously publishe@ayesian
Maximum Entropy (BME) model for Samps@nd Dupln Counties, North Carolina (NC)
Vulnerability assessment of groundwater resources due to nitrate leaching from potential
sources of contamination is examined through sensiibaged scenario analysis which is
meaningful for planning and impleentation of appropriate mitigation measufésally, to
account for transport pathways in the integrated groundwsiefiace water system fully
integrated model using SWAT and MODFLQO®/developedo simulate the nitrate transport

in aquifer using MOFL OW6s reactive transport masdel ,
used tpredict nitrate contamination in groundwater and surface water systemdliffedent
climatic and anthropogenic stress€dimate related analyses were conducted for future
periodstill the end of this centuryA Global Climate Model (GCM), CCSM4vith RCP4.5
emission scenario and downscaled by Multivariate Adaptive Constructed Analogs (MACA)
wasused for this purpos€romthe climae model, an increase of 2.53cC i annual average

temperature is projected; whereas



a minimal increase in total precipitation is anticipated over the #oethe anthropogenic
stressespoint and nofpoint source loading from animal farming operatiansconsidered
Model simulations indicate thaud tothe combined climatic and anthropogemffects, the
basin will experience a decrease of 27%mmual average groundwater nitrate concentration
and an increase df5% instream nitrate loadinfpr the futureperiod.These projections may
aid in planning futte agricultural activities under changing climate and increased food

demands.
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CHAPTER 1

Introduction

Nitrate contamination of groundwater is a major concern in many agricultural areas of the United
States (Dubrovsky et a2010) and around the world (Wongsaint gt2015; Mattern et §l2009).

Nitrate is a naturally occurring form of nitrogen, a plant nutrient supplied by inorganic fertilizer
and animal manure (Canter, 1997). Other-agricultural sources of nitrate include septic systems,
lawn fertilizers, and domestic animals in resitlal areas (Nolan et al998). Norpoint sources

of nitrate such as synthetic fertilizers applied in excess to plant uptake in tHeslda@an cause

nitrate to leach into groundwater which is one of the main groundwater pollutants (Canter, 1997).
Thus, nonpoint source characterization becomes an essential task as groundwater provides
drinking water for more thanofflea | f of 't h e N a taimajor oarcepfadpnkingat i on
water for many rural communities. After identifying the faint source of groundwater nitrate
contamination, the next phase is to estimate what fraction of nitrate loading comes from
agricultural sources, animal farming, municipal sources, and other potential sources (e.g., septic
systems). These source contributions fraffecent potential sources and their uncertainties at
selected receptor locations are very helpful for identifying the dominant type of sources
contributing nitrate in that ared@he risk of groundwater contanation by nitrate depends the
nitrogen inpt to the land surface and the degree to which an aquifer is vulnerabiate n
leaching An integrated groundwatesurface watefgw-sw) model is required to understand how

the nitrate contamination propagates from surface water to groundwater aneergaeThe
modeling framework developed in this work is a credible representation to imply both climatic
and anthropogenic influencés the propagation of nitrate movement by estimating their relative
contribution in both groundwater and surface wagtem Thus, risk assessment of nitrate
contamination is important in developing sustainable agricultural and water management practices
for future. The next three chapters of thissertationconsists of the three major areas of focus
undertaken in this research.ede chapters are written in the formiradividual research paper

for submissiono a peefreviewed journal

The first paper (Chapter 2)Nonpoint Source Evaluation of Groundwater Nitrate

Contamination from Agriculture under Geologic Uncertajmiyainly focugson nonpoint source



characterizatiop.e., to estimate the probability distribution of Rpoint source concentrations at
potential locations due to nitrate contamination into groundwater resources. A Bayesian
framework using the Markov ChaMonte Carlo approach (MCMC) is developgedestimate the
posterior distribution of nepoint sources where uncertainties due to geological formation (i.e.,
heterogeneous hydraulic conductivity field) has been considdiesl.paper in chapter 2 is
published onlindn the Stochastic Environmental Research and Risk Assessment (SERRA) journal
(Ayub et al., 2019)Initial work was presented at the World Environmental and Water Resources
Congress 2016Ayub et al, 201&); Environmental, WateResources, and Coastal Engineering
(EWC) 2016 spring symposium; Computing & Systems 2016 inaugural symposium, and Water
Resources Research Institute (WRRI) conferep@#6.

The second paper (ChapterBulnerability Assessment of Groundwater Resourcéditbgte
Source Apportionmenising a Geostatistical ApproachA Case Study in North Carolinavolves
with the development of a modehsed methodology for source apportionment and vulnerability
assessment using pseudo observations of-piet groundvater nitrate concentrations extracted
from a Bayesian Maximum Entropy (BME) model for Sampson and Duplin Counties, North
Carolina (NC).Portion of thiswork was presented at the 2016 American Geophysical Union
(AGU) conference held at Sdfrancisco, CalifornigAyub et al., 201B). This work is being
prepared for eventual submission to the Journal of Environmental Modeling and Assessment.

The third paper (Chapter 4lpvestigation of Climatic and Anthropogenic Stresses on Nitrate
Contamingion in SurfaceSubsurface Hydrologic Systemssing an integrated SWAT
MODFLOWRT3Dmode] focuseson the development of an integrated groundwsigface water
modelmostly coveringhe Duplin County, North Carolint examine the effect of climatic and
anthropogenic stresses on groundwater and surface water contamiRegioninary results were
presented in 9 International Congress on Environmental Modeling and Softwargerence
(IEMSs) 2018(Ayub and Mahinthakuma2018) This work is intended to be submitted to the
Agricultural Water Management journal.

Summarizinghe overall objectives of this study are to:

1 Develop a modebased approach for characteriz(ng., source concentrations at potential

locations due to nitrate contaminationdn-point sources and their uncertainties for



contamination into groundwatekpply the methodology for a hypothetical test dassed
onthe surficial aquifer system in Dlup County, NC (Chapter 2).

Develop a twedimensional vertically averaged groundwater flow and transport model for
the surficial guifer system oSampson and Duplin counties, NCidentify the zones of
influence (based on transport processes)imate theontributionfrom different sources
at potential receptor locatioby developingyeostatisticategression approachbased on
weights derived from the zones of influendesses the vulnerability of groundwater
resourcedy examining the eéict of denitrification ratéhrough sensitivitybased scenario
analy®s using the regression modglhapter 3)

Develop a fully integratedroundwatessurface wateflow and transport mod€BWAT-
MODFLOW-RT3D) to simulate thefate and transpoudf nitrate for Northeast Cape Fear
watershed within the Cape Fear River Basin in M€orporatgpointand norpoint source
nitrogen loadingrom animal &irming operationsnto the modelUse the model to perform
scenario analysto investigate the impact oimatic and anthropogenic stressesnitrate

contamination in the surface water and groundwater sygtehapter 4).
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CHAPTER 2
Non-point Source Evaluation of Groundwater Nitrate

Contamination from Agriculture under Geologic Uncertainty

Abstract

The longterm effect of nofpoint source pollution on groundwater from agricultural practices is a
major concern globally. Nepoint source pollutants such as nitrate that occurs through fertilizers
and animal waste eventually make their way into the agby infiltrating soil. The goal of this

study is to develop an approach for characterization of nitrate concentrations at potential source
locations under conditions of geologic uncertainty. A Bayesian framework using the Markov
Chain Monte Carlo (MCMCapproach is developed to estimate posterior probability distributions

of non-point sources by incorporating nitrate concentration data as well as geologic uncertainties.
The proposed approach is tested using hypothetical contamination scenarios andidaeu va
using an application case study in North Carolina. Uncertainty existing in geologic formation (i.e.,
heterogeneous hydraulic conductivity field) is treated as prior and used in evaluating the likelihood
function that measures the match betweenrmvbseand simulated concentrations. The likelihood
function computation involves a numerical model that simulates nitrate transport in groundwater
from nonpoint agricultural sources and predicts nitrate concentrations at observation wells.
Effectiveness othe MCMC approach is evaluated through a convergence analysis. Comparison
among different sampling algorithms is carried out with respect to MCMC convergence
diagnostics and making inference. The Bayesian inference analysis methodology developed in this
research will help decision makers and water managers to identify potential areas for source

containment and decide if further sampling is required.

Keywords

Non-point source pollution, nitrate concentration, uncertainty parameters, MCMC algorithm.
2.1. Introduction

Groundwater has become an important source of drinking water with increasing population trends

and tremendous soegconomic development. According to United States Geological Survey



(USGS) 90 percent of the rural population are dependent on it for drinking water and 42 percent
of the water used for irrigation comes from groundwater. In order to protect groundwater resources,
it is important to identify the location and time releastdny of contaminant sources (Michalak

and Kitanidis 2004; Mahinthakumar and Sayeed 2005; Zeng et al. 2012). Agricultural activities
are one of the most significant anthropogenic sources of nitrate contamination in groundwater
(Carey and Lloyd 1985; Ledourt al. 2007). Widespread contamination of Nitrate into
groundwater and surface water has harmful effects on human and ecological health across the
United States (USEPA 2012). Methemoglobinemia in infants and stomach cancer in adults were
the impetus behth t he United States Environment al Pro
allowable nitrate concentration level (MCL) of 10 mg/L (Mueller and Helsel 1996). Being a vital
nutrient for plant growth, nitrogebased fertilizers are widely used in many regionshefworld
(Laftouhi et al. 2003), and when nitrogbased fertilizer exceeds plant demands, nitrogen starts
leaching into the groundwater in the form of nitrate (Birkinshaw and Ewen 2000)2.Eig.
illustrates the source characterization problem where dheéaminant plume migrates towards

observation wells from a potential source over time.

Hydrologic forcing

Release of contaminant sourc
over t ime t

Figure 2.1 Contaminant source location and time release history problem.

Hydraulic conductivity (Kfield) of the aquifer is obtained based on the geological formation of
rock types, specifically the local distribution of facies (hydrostratigraphic umtig) NC coastal
plain aquifer is primarily composed of permeable sedimangsiaternary range, with some areas

having older sediments because of the varying stratigraphic position of the first underlying
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confining layer (Campbell and Coes 2018gveral studies have been carried out where local
heterogeneities in the lithologyf the study region are accounted (Weissmann and Fogg 1999; de
Marsily et al. 2005; Comunian et al. 2011ln many cases, the direct measurements of model
parameters such as hydraulic conductivity is time consuming and even impossible. Thus, spatial
distribution of the hydraulic conductivity is not fully known and is approximated based on the
limited measurements. In groundwater model simulation, uncertainty in the hydraulic conductivity
field affects the flow field and the transport of contaminants. teneyears, Markebased
transition probability geostatistics (MTPG) or transition probability methods have been used for
modeling the spatial variability of hydrogeologic formations (Carle and Fogg 1996; de Marsily et
al. 2005; Sun et al. 2008; Langoustsal. 2017). The concept of MTPG illustrated by Langousis
etal. (2017) is applied to account local heterogeneities of 3D lithologies for performing conditional
simulation of Kfield in case of groundwater flow and transport simulations. There are several
other methods discussed in literature for hydraulic conductivity field generation beside MTPG
such as sequential conditional simulation (Alabert 1987), fractional gaussian simulation (Painter
1996), turning bands method (Journel and Huijbregts 1978; Miantoand Wilson 1982;
Tompson et al. 1989), among many others. For getting a better estimafeslof, Kluang et al.

(2011) used an Ensemble Kalman Filter method to calibrate heterogeneous hydraulic conductivity
field. Wang and Jin (2013) presented a seudentification algorithm including the uncertainty

in hydraulic conductivity explicitly, where a simple probability density function (PDF) of the
hydraulic conductivity field representing the uncertainty is considered within the groundwater flow

and comaminant transport simulations.

Non-point source characterization from groundwater contamination is an inverse modeling
problem. Inverse problems can be ill posed because the solution may not be unique, may not even
exist or may be unstable. Optimizaticasled inverse methods such as least squares regression and
linear programming method for least absolute error estimation (Gorelick et al. 1983), heuristic
global search approaches like genetic algorithm (GA) (Mahinthakumar and Sayeed 2005;
Mirghani et al. B09; Jin et al. 2009) are used in groundwater contamination source
characterization problems. Some studies considered uncertainty for source identification problem
including linked simulatioroptimization approach (Amirabdollahian and Datta 2015), Aréfici

Neural Networks (ANN) model building process (Srivastava and Singh 2015), and Kalman filter

based method using alpbat technique (Jiang et al. 2018). Alternatively, Bayesian inverse
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methods such as MCMC has been used for characterizing uncertaintiagous parameters
representing the contaminant source in groundwater (Zimmerman et al. 1998; Hazart et al. 2007;
Liu et al. 2010; Wang and Jin 2013). MCMC has gained popularity in recent years for parameter
estimation and uncertainty quantification igdnological and water quality modeling due its
simplicity and computational efficiency (Smith and Marshall 2008; Vrugt et al. 2008; Zeng et al.
2012; Zheng and Han 2016). In the Bayesian approach, updated knowledge of the parameters to
be estimated can yepresented by posterior distributions. Recent trends of inverse methods can
be found from some hydrogeological literature reviews (Carrera et al. 2005; Zhou et al. 2014).

MCMC methods can be used to generate parameter realizations from posterior idissribut
(Gamerman and Lopes 2006) and different statistics of unknown parameters can be obtained by
analyzing those realizations. In this study, different realizations of hydraulic conductivity are
created and thus uncertainties in heterogeneous hydrauticatonty are incorporated as prior
information in the modeling framework. To address the uncertainty issues, this research is focused
on examining the following questions: (1) how do we assimilate observable data into a model to
reduce the uncertainty gstimating nofpoint sources of groundwater contamination? (2) how the
uncertainties in model inputs (e.g., hydraulic conductivity) presently play a role in the estimation
of nonpoint sources? The goal of this paper is to develop and test a contaminerg@ So
characterization approach under geologic uncertainty. Hydraulic conductivity field affects the flow
velocity and contaminant transport in case of groundwater model. Also, accurate estimation of
groundwater recharge is fully dependent on the propezloement of groundwater flow model.
Therefore, geologic uncertainties have a deep impact in estimating thpoimbnnitrate

contamination source.

Characterization of nitrogen from nguoint sources is essential for environmental regulations,
land use planers and also for developing flow and transport models. Thus, the objectives of this
paper are to: (1) develop a modbesed approach for characterizing fpmint sources and their
uncertainties for contamination into groundwater; (2) customize the nodtigydfor estimating

the nonpoint source nitrate concentration at potential locations into groundwater resources; and
(3) apply the methodology for a hypothetical test case of the surficial aquifer system in Duplin
County, North Carolina. The hypotheticalse study in objective (3) is based on atlivoensional
groundwater flow and contaminant transport model in Duplin County, North Carolina-l&aht



groundwater nitrate concentration developed by a land use regression (LUR) model from
monitoring wellsand private wells of North Carolina is used in this study (Messier et al. 2014).
Later, a numerical application for the real case scenario has been created using the observed nitrate
concentration data. The paper is organized as follows: Methods areldtgdhin Sect2.2

followed by groundwater model developmentSiact.2.3. The detailed site information and data
description are presented in S&tt. In Sect2.4, the performances of the proposed methods are
illustrated using a hypothetical case study. S2é&t.offers a discussion of the results on both
synthetic and real cases, as well as the limitation of the proposed methods. Finally, summary of

this study igrovided in Sect2.6.
2.2. Methods

The overall Bayesian framework is illustrated in Fig2. 2t shows details of the groundwater
model, likelihood estimation, posterior construction and sampling approaches that are conducted

for MCMC convergence.
2.2.1 Bayesian framework

A Bayesian framework is used in this study because it considers prior information and allows
determination of parameter uncertainty (Bayes and Price 1763). The basic formula for Bayes
theorem is shown as the EQ.X) and detailed dedption of this formula can be found from

statistic texts (e.g., Gelman et al. 1995; Carlin and Louis 2009).

 R(aa)P(d
1 ) 4 2

Here g is a vector that typically represents parameters of interest (e.g., unknown parameters such
as source concentrations and release history) but may include other uncertain model parameters.

The data vectog represents observation data (e.g., nitrate concentration measurements). In Eq.
(2.1), the numerator presents the product of the likelilrgefl) , and the prioP(q),whereas the

denominator is the integration of the product of these two quantities over the parameter space that

serves as a normalizing constant (often ignored). The likelirfpidy) , has to be estimated from

groundwater model by incorporating médencertainties (e.g., the stochastic hydraulic
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conductivity field). Posterior distributia®(g | z) , is obtained by drawing samples over time from

the space of parameter set using the MCMC algorithm.
2.22 MCMC implementation

The MCMC approach is developed to sample directly from posterior distribefienz) , and

makes inference of the source paramejensased on the obtained samples. In order to implement
the MCMC approach for characitang nitrate contaminant source in the groundwater problem,
we require prior information of the contaminant source, likelihood function, posterior distribution
function, and proposal function to propose candidate points and proceed accordingly. Rigure 2
represents the step by steydeling framework for implementing MCMC for ngoint source
evaluation of twedimensional groundwater contamination. Within the Bayesian framework, the
groundwater flow and transport model are used in the estimation of the likelihood function.
Differentsampling algorithms are performed to check convergence diagnostics. The details of the

flow diagram are described in secti®2.2.1 t02.2.2.6.
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2.2.2.1 Prior information

Bayesiarmodeling framework

In case of ilposed inverse problems, second level of prior information is considered about the

source by parameter penalization. In this study

, there is no prior available for the parameters of

interest i.e., the nepoint source concentration at candelécations (i.e. sprayfield locations).

Without the definite information about the prior distribution, we can utilize a uniform prior

information. The uncertainty in precipitation is

neglected and only uncertainty lies due to the

heterogeneous hydrautonductivity field. Therefore, the uncertainty in hydraulic conductivity is

the input to the flow model and treated as a prio

r information within the Bayesian framework.
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2.2.2.2 Likelihood function

Likelihood function for the proposed approach followingrmal distribution of errorscan be
represented by Eq. (2.2):

1 e 1,1
L(z, Jp———expg —€R'e (2.2)
lzpn/2|R| g 2
where,
é,511 51*2 § g :511 0 0 0 0 g
é u
és.m ‘?22 S N 20 %22 0 0 0 3
R=¢: : L e VI R‘l@éo o . 0 0 u
R PR S0 0 0 . 0§
Bu S22 0 &M go 0 0 0 ¥ H
1 N _ _ R
sij = NR- 1a (3 'e)(én '?)’ e_Cobs _Egccalc(q)
m=1
&, &<, &
g = Whereg=¢ .4, =
&, M, &

Here, the likelihood depends on the error covariance mafrix, which works as a weighting
matrix to distribute the errors based on the uncertainty (off diagonal components of full form for

R are often ignored to avoid singularity issues); is the covariance of errors between

observation points and j; NR is the number of error realizations andis the number of

observations. The parameter vegorconsists of two sulectors,g, andg, (seeSect.2.2.2.3 for
an explanation)g, represents the source parameters of intexadt therefore consists of the
contaminansource concentratiofC,) and release history expressed by sldyg).q, contains

model forcing parameteksandp that have uncertaintyk represents hydraulic conductivity field

and p is for precipitation. We have assumed that the error veciohjch measures the difference

between observedd, ) and calculated €__) concentration, is normally distributed near the
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maximum likelihood point. The error vector can include both model and measurement errors, even

though only model errors due to hydraulic conductivity uncertainty is considered

2.2.2.3 Posterior distribution

The posterior distribution is also known as the target distribution. Combining the likelihood

function and the prior information, the posterior distribution is obtained using Bayes theorem (Eq.
2.1). As described in thgrevious section, all uncertain parameters are included in the parameter

vectorg . Since we are only interested in estimating the posterior of the source pargméters
likelihood is marginalized over ¢hnorsource parametegs, such as hydraulic conductivity and

precipitation as described by Tarantola (2005). Thus, the posterior probability distribution can be
expressed as follows:

PG 12" fP( @ (.. g2, (23

qz

where, P(g,, g)represents the prior anelg,)is assumed to be uniform in secti@?.2.1. The
prior for p(g,)is the hydraulic conductivity realizations that are generated in s&idn3. Since

they are discrete, the integral reduces to a simple summation over all realizations

2.2.2.4 Maximum likelihood estimation

Maximum Likelihood Estimation (MLE) of source parameters is considered as a starting point for
MCMC approach. In the method of maximum likelihood estimation, our goal is to maximize the
likelihood function for a gien set of values of the model parameters and this is in turn maximizes
the agreement between model and the data. Starting position for a given data set obtained from
maximum likelihood helps for targeting the high probability region in the state spageraarally

results in fewer burm points (Gayer 2011). It is a walefined approach in the case of the normal
distribution as it minimizes variance and thus creating narrowest confidence interval for the
hypothesis testing of the parameters. There arakemethods available for maximum likelihood
estimation including most standard optimization search methods (Sun 1999). For this study,
LevenbergMarquadt method is usefor performing maximum likelihood estimation by
maximizing the objectiveepresented by equation.Zp
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2.2.2.5 Sampling algorithm

There are several MCMC algorithms found in the literature, but most of them are based on
MetropolisHastings (MH) sampling (Hastings 1970) or Gibbs sampling (Gefland and Smith
1990). In this studyseveral samplers are tested including the MH sampler. MH is the most
common sampler used in MCMC and it works by successively targeting high probability regions.
Generally, it starts with a random point in the decision space and proceeds throughsibe deci
space targeting high probability regions. For a random walk Metropolis, the acceptance rate is
closely related to the sampling efficiency of the chain. Although it is impossible ttufieethe
parameters such that the Metropolis chain has the desoeeptance rate due to the nature of
stochastic simulations. Roberts and Rosenthal (2001) empirically demonstrated that an acceptance
rate between 0.15 and 0.5 is desirednd Whunbeeri
of iterations can be speigtl during which the samples are discarded. In practice, @afribdrror

process is carried out for determining whether the number of iterations feinbang adequate or

not (Hamra et al. 2013). If the starting point is based on MLE (se2ti@.4),fewer burnin

points maybe required. In addition to the MH sampler, we use the slice sampler and Hamiltonian
Monte Carlo (HMC) sampler to compare between different types of sampling methods. Slice
sampling is developed by Neal (2003) and is generally reffitgent than simple Metropolis
updates. According to Neal (2003), slice sampling can be constructed by alternating uniform
sampling in the vertical direction with unif ol
current vertical position. Ti& method can be used to sample from a multivariate distribution by
updating one variable at a time in each turn. HMC sampler developed by Neal (2011) allows the
Markov chain to explore the target distribution in a more efficient way and helps achi@re fast
convergence. It is a gradiebased MCMC sampler that is used to generate samples from a log
probability density function. The major difference between HMC and MH algorithm is that HMC
generally requires fewer iterations for representative samplirfgeatidtance between successive
generated points are typically large. Both slice and HMC samplers are available as functions within
the MATLAB statistical toolbox (Neal 2003) and are used in this sthchcGamplers available

in 2017a version or later).

A proposal distribution is used to obtain random step sizes for each movement. A good proposal
distribution resembles the actual posterior distribution of the parameters. It is suggested that

proposal function should be close to the target distributiosame guidance for tuning a proposal
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function is well illustrated (Gelman et al. 1995; Carlin and Louis 2009). Also, the variance of the
parameter should be appropriate so that it is neither too small nor too large. In this study, a
Gaussian proposal didtation (Lynch 2007) is used to create random step sizes for different type
of sampling distributions except Slice sampling and proceed hereafter.

2.2.2.6 Convergence diagnostics

Convergence of MCMC can never be proven as some examples are provided byaé2p10;
examples demonstrated that some chains represented by convergence test have not definitely

reached to the stationary distribution. To test the convergence diagnostics, there are several ways

to analyze. The GelmaRubin IJ"imetric proposed by Gelmamd Rubin (1992) is one of the most

popular convergence diagnostics method for MCMC. When multiple chains are used in an MCMC,
i compares the amon@gnd the withirchain variance in an ANOVA fashion (Brookes and

Gelman 1998). Anﬁ-value of 1.1 to 1.2 indicates good convergence (Gelman and Hill 2007).
Running mean average (Smith 2001; Wang and Jin 2013) is also a widely used method for

checking the convergence of MCMC chain. This study uses @mhd running mean statistics
to check convergence.

2.3 Groundwater model

The groundwater model is made up of the flow model and the transport model. Estimation of
likelihood function expressed by Eqg2.Z) for the proposed approadhvolves simulating
groundwater flow and transport to determine the calculated values of concentrations in the error

vectore.
2.3.1 Flow model

In this study, saturated subsurface groundwater flow is considered in the two dimémsams

unconfined aquifer which satisfies the following governing equation:

m__ hu & a|.[l( h @
> aém_xu y h_ygquy (24
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Where h(x,y,t) is the hydraulic head (mk(x,y) is the hydraulic conductivity (m/d§is the
storativity or specific storage (dimensionledsy, the time(d), andQ(x,y) is the specified fluxes
at the sources and sinks (m/d). With appropriate initial and boundary conditions, the hydraulic

pressure heall can be obtained and used in Eg4] to get the flow modelQ(x, y) represents

recharge as there are no other source or sinks. In this study, calibration of the flow model is
performed through bias correction by changing the input model parameters in an attempt to match

the typical groundwater flow velocity within the study area.
2.3.2 Transport model

The transport of a conservative contaminant in the-dimgensional nofreactive groundwater

flow can be obtained by solving the following advection dispersion set oRB. (

e _&_ 1 fr v : uo& p cu o
__@xx . +Dx_ B < D+x . (o} X . Vi —+ "q( (25)
Mo Y Y oy xRS x Ty 2
2 2
V V
D.=D_ &, =% s
XX m LV ﬂ'v
2 2
— Vx Vy
D, =D, JaTV JaLV
V.,V

DXy:DyX :(aT ﬁ-) —

Where C (x,y,t) is the nitrate contaminant concentration (IKQ/mp, , D, s D, D, are the
coefficients of the dispersion tensor¥(d), p,_ is the molecular dispersion {fd), a, anda, are
the longitudinal and transverse dispersivities (m), gnandv, are the velocities in the x and y
directions (m/d),g. (x,y,t) are the source concentration fluxes (Kgdn Thegroundwater flow

and transport model atesed for gettingC,_,,. in the likelihood function (ER2.2).

calc
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2.4 Case study

2.4.1 Site and data description

2.4.1.1 Domain

The Duplin County research site is locatedha Southeastern Coastal Plain of North Carolina

(Fig.23) . The

case

study

domai

n is enlarged

n

slightly rolling terrain of the northwest to the lower flatter portions of the southeast. Groundwater

is available to Duplin County from two aquifers namely the water table aquifer (surficial aquifer)
and the cretaceous aquifer varies from 400 to 800 feet to the ground surface. In this study, our
focus is restricted to only water table aquifer or surficialfaquAgriculture is the key component

of the Duplin county economy (Leon H. Sikes 1984). A hypotheticaldim®nsional case study

is fitted to validate the proposed method and for this reasmiel domain has been divided into

50km 54km grid with resaltion of 2km  2km in the x and y direction respectively, envisioning

the Duplin County.

_________

|Warsaw

[

Lo

Rose Hill

Harrells,

Pink Hill

Kenansville

Beulaville

Teachey

Wallace,

0 25 5 10 Kilometers
| |

300 Kilometers
]

Figure 2.3 Synthetic case study domain boundary (Duplin County, NC).

24.1.2 Nitrate data

Kriged groundwater nitrate data frdtWR model described by Messier et al. 2014 is used in this
study. This model predicts potilgvel groundwater nitrate concentrations based on the information
from three data sources; North Carolina Division of WateroRees (NEDWR), USGS, and
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North Carolina Department of Health and Human Services@NEIS). The kriged logmean of
point-level groundwater nitrate and their uncertainties for the seasonal dates (January 15, April 15,
July 15, and October 15) over a 26 year period (48BH) are obtained from the LUR model (a
total of 104 temporal measuremenid)ese kriged data are used as observed nitrate concentrations
(i.e., averaged over time) for this study afteknging (ArcMap 10.3.1) to create a uniform grid
distribution of nitrate concentration for the study area (E#). There are areas of preigid log

mean nitrate concentration above 10 mg/L in the pedktern region of the county.

*  Nitrate Concentration
|:| Duplin_County
Nitrate (mg/L)
- <10
B 1021
| 21-32

| 32-42

42-53
[ 5364
B s«75
s

0 5,00010,000 20,000
— — \lcters

Figure 2.4. Kriged map of point-level groundwater nitrate concentration averaged over

time in Duplin County, original points from the LUR model are shownby &6 dot s 6.

2.4.1.3 Kfield data

Hydraulic conductivity data is obtained using soil type data from North Carolina Soil Surveys
(Web soil survey 2016). Saturated hydraulic conductivity information is found from the physical
properties of particular soil types after getting Soil Survey Gaaduc Database (SSURGO) data
structure of the soll for the study area. Then, the saturated hydraulic conductivity values have been
extracted to the domain grid points using ArcGIS. The hydraulic conductivity field is then obtained
by kriged point valuesdsed on soil type information and the precipitation is downscaled from
measured values obtained over 1/8 degree grid interpolated to the model grid. To address the
uncertainty in hydraulic conductivity, an ensemble of realizations for hydraulic condutialat

requires to be created. An experimental variogram is fitted in similar fashion to Deutsch and

Journel (1998) by using the exponential structure which is created from the point data (Fig. 2.5) to
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represent the spatial structure of the regionalizadakle (i.e., hydraulic conductivity). The
experimental variogram requires a covariance function with a nugget effect in order to characterize
the stochastic components in a geostatistical model (Chiles and Delfiner 1999). Multiple
unconditional realizatins of hydraulic conductivity are generated using the cholesky
decompositionapproach (Le Ravalebupin 2005) to capturé¢he stochasticity of hydraulic

conductivity.

Semivariance

0.50 . ) g ; : .
0 0.5 1 1.5 2 2.5 3 3.5 4
Distance (m) x104

Fig. 2.5 Experimental variogram used for creating multiple realization of hydraulic

conductivity
2.4.1.4 Precipitation data

Data on daily precipitation (mm) between 1985
for the 1/8degree gridded observed meteorolobidata (Maurer et al. 2002)Jsing these

observed precipitation data, a simple Inverse Distance Weighted (IDW) interpolation technique is
applied to creatprecipitation datgFig. 2.6) on a uniform gridvith a size of 2 km x 2 km. The

overall precipitation data is used to generate recharge estimates for the groundwater model.
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Fig. 2.6 Interpolated map of precipitation data for Duplin County averaged over 26 years
period

2.4.1.5 Evapotranspiratiorestimation

Evapotranspiration is calculated using the PenManteith equation as specified by the UN Food

and Agriculture Organization (FAO) in paper number 56 (Allen et al. 1998). The FAO56 Renman
Monteith method estimates ET rates for a welkered reference dace based on physical
atmospheric observations of solar radiation, temperature, wind speed, and relative humidity; all

the weather parameters are availdidee http://globalweather.tamu.edJuRemotelysengdLeaf

Area Index (LAI) data is used in the estimation of evapotranspiration found in a study by Yan et
al. (2012)

2.4.1.6 Rechargestimation

In order to develop the groundwater flow model, we need to compute groundwater recharge and
several methods are available for this purpose (Rushton and Ward 1979, Allison 1988). However,
these methods cause errors due to spatial variability. Estimatrentafrge is an elusive process

as it is not only dependent on precipitation but also on meteorological conditions as well as soill
moisture, land cover type and most importantly on evapotranspiration (Lee et al. 2007).
Assumptions about the recharge rateg/ toe meaningful for lorterm simulation of the regional
groundwater flow systems, but inappropriate for the sswlle watershed where estimation of
groundwater flow path is required (Jyrkama et al. 2002). Subsequently, improved calibration of
the grounlwater flow model can be achieved if known values of recharge can be supplied as an
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input parameter. In most cases, recharge is calculated by applying the water budget model or using
the watetbalance method. Recharge is estimated based on the convewaterabalancenodel

(Mew et al. 2002) in this studZonventional water balance model is represented as: Recharge (R)

= Precipitation (P} Evapotranspiration (ET)Surface runoff(@-Change i n stored
Estimation of runoff in the rechargejuation is performed using the daily precipitation and
potential maximum retention, S (USDA 1986). S is related to the soil type and land cover
conditions of the watershed through the Curve Number (CN); having a range of 0 to 100. Mostly,
hydrological soilgroup (B) and (C) are considered in TaBl& for getting the CN value in the

runoff equation based on soil type of medium to low infiltration capacity for North Carolina. Land
cover classification map for the study area is shown in Zy.The estimated recharge varies
entirely within the model domain. The model calculated average recharge is found approximately
18.87 in/yr which lies within a reasonable range of estimated recharge rate for the study area (Mew
and Spruill 2000).

Table 2.1. CN values based on different land class categories

Land class Curve Number (CN) Land class  Curve Number (CN)

Water 100 Shurbland 69
Developed land 92 Herbaceous 80
Barren 77 Cultivated land 75
Forest 55 Wetlands 100

‘\‘f@k
N

[ ] Duplin_County
Land use

| Barren
Cultivated
- Developed
- Forest
| Herbaceous
I stubland
- Water
B vetiancs

— — oter
0 4,0008,000 16,000

Fig. 2.7. Land cover classification map in Duplin County
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2.4.2 Hypothetical scenario

A hypothetical twedimensional case study is considered to test the applicability of the proposed
methods on the experimental domain of Duplin County, North Carolina. The domain i
approximated by a 50 km 54 km rectangle with a grid resolution of 2 kn2 km in the x and y
direction, respectively. The flow boundary conditions are obtained from head contours for the
Duplin County provided by USGS. There are 104 time steps of arogtobservations (4 seasons

for 26 years, see secti@m.1.2). In each scenario, the sampling points are considered at each node
of the uniform grid. The total simulated transport time for the contaminant plume is 9,360 days
and observations of each nimming well are available at a single day interval. As boundary
conditions for the case study, Dirichlet (left and right side of the boundary) boundary conditions
have been applied. The hydraulic head for the boundary conditions have been found based on
groundwater level within the proposed area. Since some inputs (dispersivity, decay rate) are highly
variable and the data is limited, these values (i.e., longitudinal and transverse dispersivity,
molecular dispersion, and decay rate) are calibrated umtlcaeptable match for the transport
model is found. Tabl2.2 represents detailed list of parameters for solving the flow and transport

equation.

Table 2.2 List of parameters used in solving the flow equation and the contaminant

transport equation

Parameter Value
Gridsize ¢ ¢ 50000 54000
Grid spacing’Q Qi 2000 2000

Min, mean, max of hydraulic conductivity (m/d) 0.77, 3.54, 7.9
Min, mean, max of daily precipitation (mm) 0, 3.5343, 285.7

Minimum head (m) 70

Maximum head (m) 160

Storativity,"Y 0.15 (Aucott, W.R., 1996)
Denitrification rate (yr) 0.005

Ratio of transverse to longitudinal dispersivity 0.2

Porosity 0.36

Total time (d) 9,360

Flow field Heterogeneous, multiple realizatior

Number of hydraulic conductivity realizations 10
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2.5 Results anddiscussion

2.5.1 Initial validation for a hypothetical case

To solve the groundwater source characterization problem using MCMC, a hypothetical case is
first tested with its applicability. For the hypothetical case, we have simulated nitrate concentration
data using the source locations and total time steps. €aigasgo is developed to assess the

maximum likelihood estimation performance and also test the transport model by checking the

plume behavior.

Source InformationlIn this exercisefour candidate locations were considered as potential point
sources as sk in Fig.2.8 a. These locations were selected based on the spatial database of the
swine sprayfields of North Carolina (Christenson and Serre 2015). This database provides all the
required information of CAFOs, lagoons, and sprayfield locations within our study boumdary
identify the area of densely concentrated sprayfields, a detailed analysis was performed using the
percentage of area covered by sprayfield polygon within ArcGIS. Finally, four grid locations
(patch source) were selected based on the maximum pereeftggayfields area coverage within

a finite sized grid for the model domain. These source locations do not necessarily represent the
high nitrate concentration areas reported in Figutdecause these are selected based on the high

density of sprayfilel locations.

Groundwater modelA groundwater flow and transport model with parameters as described in
section2.4.2 is developed to simulate the movement of contaminant plume. Using the initial nitrate
concentrations at the four patch source locatimespbtain the contaminant plume plot at the end

of simulation as shown in Fi®2.8 b. The transport model shows a reasonable depiction of
contaminant plume as the concentrations continue to decrease from the source locations during the
total simulation tine of around 26 years. Groundwater flow basically simulates the flow rate and
direction of movement through the subsurface. Here it is to be noted that the movement of the
contaminant plume is much influenced by determination of the accurate groundwatezl@oity.

The transport model shows an average movement of 3.1 km for each source based on the average

flow velocity of 0.12 km/year.
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Fig. 2.8 a Potential source locationwithin Duplin County; b Contaminant plume

concentration changes over time in the groundwater model for unconfined aquifer
Maximum likelihood estimatiorfter obtaining the groundwater flow model, MLE of unknown
source parameters are used as a startimgt for MCMC approach. Although both source
concentrations (§} and slope (M) can be considered as unknown source parameters, the observed

nitrate concentrations trend for the study area indicate that the slope is nearly ag[o ¢)eand

Co is nearly constant as shown in F2P.

C

Co

Concentration (mg/L)
=
2
o

0

time (days) t
Fig. 2.9 Schematic showing release concentration over time

Therefore, Mis considered to be constant without any uncertainty. For this reason, this work only
considers initial source concentrations as unknown uncertain parameters23Bash®ws the

MLE of unknawn initial source concentrations at potential locations shown irREg.and slope
values.These MLE values of nitrate concentrations are obtained based on the simulated nitrate

observations. To check whether the forward transport model is providingngtamesults, the
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verification step for MLE is to compare with the assumed initial nitrate concentrations. The
assumed initial concentration at these potential source locations are 16.614, 23.546, 7.426, and

5.517 mg/L, respectively which are close te MLE concentrations reported in Tall8.

Table 2.3 MLE of unknown initial source concentrations and slope

Source concentration Value (mg/L) Slope Value
Coa 17.359 Moz 0.000022
Coz 21.852 Moz 0.000025
Cos 5.935 Mos 0.000034
Cos 5.636 Mo4 0.000027

2.5.2 MCMC testing and validation for a 2source case using simulated nitrate

Testing of the different types of sampling algorithm are performed for sampling the initial release
concentrations of two potential source locations (Selirasd Sourc® from Fig.2.8a and Table

2.3), identified as the sprayfields locations in the Duplin County. The observed concentrations are
simulated using assumed initial concentrations and release trends reported above. At first, the
posterior joint pdf of the twsource case is estimated usthg target pdf function (EQ.3) at
uniformly spaced values of the source concentrations. The joint distribution is then used to validate
the MCMC approach using the different samplers.

(@) (b)

30

[}
@

20

Source-2 Concentration (mg/L)
@
Soucre-2 Concentration (mg/L)

0 5 10 15 20 25 30 0 5 10 15 20 25 30
Source-1 Concentration (mg/L) Source-1 Concentration (mg/L)

Fig. 2.10Q a Joint pdf contour plot for 2-source case and b HMC sampling with 15000 points
(red dot shows the true concentration value and concentrated white dots indicate the high

probability region) overlaid on the contour
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MCMC iterations are then carried out tvestigate the sampling efficiency of different samplers.

The total | ength of the MCMC chain is 15,000,
ind time to avoid the biasness of the starti.
distribution is used to obtain random step sizes for each movement in the MH and HMC samplers.
Fig. 2.10a shows the joint pdf contour plot of the released initial nitrate concentration for the 2
source case. In Fig.10b, sampling efficiency of the HMC sampler is demonstrated by overlaying

the sampling points over the joint distribut:i
indicated by red point (16.614, 23.546) is surrounded by MCMC sampling points (wksde d
signifying good sampling efficiency. Since most white dots appear in the high probability region
shown in Fig.2.10a and it can be concluded that the HMC sampling succeeded here. Similar
sampling efficiency as reported in F&J10b is also found foboth Slice and MH samplers.

A metric that is commonly checked in MH sampling is the acceptance rate; how often the proposal
distribution is accepted by MH acceptance criteria. A good proposal distribution maintains the
acceptance rate of proposals withireasonable range of 0.8.3 (Roberts and Rosenthal 2001).

In this study, the average acceptance rate for both parameters are found to be (0.2814, 0.2783) that
lies well within the suggested range of-0.3 desired for good convergence.

The GelmarRubin statistic value is also calculated for both MH and HMC samplers. Result in
Table2.4 imply that chains are well converged according to the range sugge<Bainhgn and

Hill (2007). Brooks and Gel mands (1998) conwuvienr gence
about the optimum number of chains for good convergence. The higher the number of chains, the
higher the probability that the proposed density will close to the posterior density. Two chains are
used for both MH and HMC samplers for thedurce castested here.

Table 2.4 MCMC convergence diagnostics check for parameters of interest

Source concentration True value GelmanRubin GelmanRubin Statistic,{
(mg/L) Statistic, (Y from MH from HMC sampler
sampler
Co1 16.614 111 1.0002
Co2 23.546 1.20 1

After obtaining converged MCMC chain, the next step is to create inference for the posterior
distribution of two sources using different sampling distributions. Using this Bayesian approach,
the posterior pdf approaches toward the targeted high probabedigns. Histogram plot for the
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Fig. 2.11 Histogram plot showing posterior distribution of two parameters are obtained
using Slice Sampler &; MH Sampler c-d; and HMC Sampler e-f
posterior distribution of parametassbased upon the samples in the chain from slice sampler and
it also provides a proof of convergence by representing highest frequency near the assumed true
concentrations (16.614, 23.546) for both sources, as shown i2.Figa-b. The maximurre-

posterior (MAP) point is found at concentrations (16.8, 24.1); close enough to the true
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concentrations for hypothetical case. The histogram plot of posterior distribution obtained from

the MH Sampler also implies good convergence because true concentratiorth fparseneter

lies very close to the highest frequency bar. For prior, a uniform distribution is assumed with a
boxcar | imits of O to 30 mg/L for all sources
in Fig. 2.11 c-d that fall within the unifom pr i or r ange. The oO6red | i n
normal distribution pattern here. F@11 e-f presents the HMC Sampler and here the MAP point

is obtained at concentrations (17, 24).

Thus, the groundwater flow and transport model are represent2esdnrces from hypothetical

case to demonstrate how well the proposed method can be validated and to test how efficiently the
calibrated model estimates the reality. Results of MCMC convergence diagnosis for four potential

sources are presented in nexttsm.

2.5.3 Testing and validation for a 4source case using simulated nitrate data

After evaluating the proposed method for thea2irce hypothetical case, the results of MCMC
convergence diagnostics forséurce cases are presented in this sectionendigservations are
generated using the model using Aassumedo sou
source case, first we estimate the running mean statistic (Smith 2001; Wang and Jin 2013) which

is a general method to check if the chain isvayged and useful for making MCMC inference.

MCMC iterations using MH sampling are carried out for about 15,000 iterations after discarding

the first 2,000 samples for buimm effects. The running mean of each source concentration over 4
independent MCMQhains is shown in Fig2.12. It is apparent that the running mean for each
parameter is stable enough after about 10,000 iterations signifying good convergence and that no
sampling from the target distribution is needed.
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Table2.5 shows the running mean value from different samplers and related statistics for the four

parameters. It is to be noted that, for all four source concentratiensjrthing mean from both

MH and HMC sampler are close to the true concentration and thus validating the efficiency of the

MCMC algorithm. The 25th and 90th percentile value range also indicate that how well the running
mean from both samplers are fitteddwe or within the percentage calculat&the GelmarRubin
statistic,=| value (1.0107, 1.0008, 1.0023, 1.0116) calculated using HMC sampler are less than 1.1

for all sources which again supports good convergence behavior.

Table 2.5 MCMC sampling statistics for parameters of interest

Parameters True Running Running 25 % 90 %
concentration  mean from mean from  percentile  percentile
(mg/L) MH sampler HMC
sampler

Cox 16.614 17.1374 17.446 13.9439 23.2765
Co2 23.546 21.8848 21.847 18.0053 28.0745
Cos 7.426 7.3759 6.8165 3.5670 13.3186
Cos 5.517 6.5879 6.6609 3.2097 12.2449
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2.5.4 Bayesian inference with observed nitrate data

The Bayesian approach developed in this study is then applied to the Duplin County study area
using nitrate concentration data from LUR model described by Messier et al. 2014 @&dcli@)
instead of using simulated nitrate concentrations used préviousection2.5.2 and2.5.3. Our
goal is to make inference regarding release concentrations at potential source locations shown in
Fig. 2.8a. Again, the inference methodology is first applied to the dominant two sources {source
1 and sourc®) before gtending it to all 4 sources.
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Fig. 2.13 MCMC convergence test using MH Sampler & for two parameters and
histogram plot of the marginal posterior density ed
Marginal distribution of unknown source parameters is helpful for determining whether MCMC
is sampling correctly or not; but before thahvergence test is the priority. F&yl3a-b represents
the MCMC convergence test for two dominant sources and histogram plot of the marginal

probability distribution for each source are shown in Ri@3c-d. For sourcel, MCMC chain
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converged to the concentration of 23.58 mg/L. Whereas for s@uritee MCMC chain is at
stationary state after 10,000 iterations and the histogram of marginal posterior distribution shows
the normal distribution pattern indicated by
MLE concentrationThis deviationndicates that theeported MLE concentration might be a local
solution. For this case, uniform prior is considered which is a boxcar distribution with limits of O

to 100 mg/L for all sources and a pomfFigon of
2.13c-d. However, the acceptance ratio for both sources are estimated approximately as 0.3 from
MH Sampler which satisfies criteria for good convergence. In addiiois, also found around

1.2 using R6s MH sampl er earfodthesetwmgoonrdes.1. 03 usi n
Using the observed nitrate concentration data feodrce casdherunning mearconcentration

of each source from thdH Sampleris presented in Fig2.14 to check convergence. The running

mean of all four sources reach stationary state after 10,000 iterations indicating convergence and
no further sampling is required.
60
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1
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Fig. 2.14 Running mean of each source for the-4ource case

The converged concentrations of each source for both MH and HMC samplers are shown in Table
2.6 alongside the MLE concentrations. All 4 sources converged at a higher nitrate concentration
relative to the MLE concentrations. There could be two possiblerreasne, MLE found a local
maximum as multiple maxima might exist because observed nitrate concentrations used instead of
modelled values, and two, the MLE and MCMC converged values need not coincide as MCMC

includes both the influence of prior and thecartainty in hydraulic conductivity whereas MLE
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only depends on the likelihood function. However, the MLE concentration for each source fall
within 25" and 98" percentile of the MCMC chain. The overall acceptance rate-§ousice case

is around 0.43 fnm MH Sampler indicating good sampling efficientie GelmarRubin statistic

value calculated using HMC sampler was less than 1.1 for all sources again indicating good

convergence.

Table 2.6 MCMC sampling statistics for parameters with observeditrate data

Parameters MLE Running Running 25 % 90 %

concentration mean from  mean from percentile percentile
(mg/L) MH sampler HMC
sampler

Cox 17.738 28.226 29.607 12.6118 55.0076
Co2 19.817 39.203 42.517 20.1212 74.7244
Cos 15.622 34.959 34.288 15.589 64.0346

Coa 7.819 25.181 26.335 12.2312 49.42

The MAP values are found 20, 20, 20, and 8.0527 mg/L, respectively for all four sources from
HMC sampler. There are possibilities that MAP values are more representative for this solution
than MLE because MAP includes both the influence of prior and @rin K-field.

(a) (b)
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Fig. 2.15. Histogram plot showing posterior distribution of four parameters are obtained
for HMC Sampler a-d using observed nitrate data
The posterior distribution obtained from the HMC sampler is shown in2Bi§a-d. While the
posterior distribution for all four sources do not follow a normal distribution, it indicates that the

source concentrations are likely near the lower end than the highd@mhengosterior distribution
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shows a higher uncertainty than the &t 4source cases tested earlieBect.2.5.3 indicating

a smaller uncertainty reduction. This may be due to the discrepancy between the use of model
derived data for synthetic case and observed data for this case. Another reason is the use of uniform
prior with wide range (0 100); for example, a uniform prior having a narrower range with expert
knowledge may reduce the posterior uncertainty. Uncertainty due to heterogeneous hydraulic
conductivity has also impact on the posterior distribution fan eaarce. For the proposed method,

use of appropriate proposal function is also important for a random walk MH sampling algorithm
because similar distribution is found for the posterior of MH sampler. Overall, the proposed
method would be helpful for evaldting the risk of the contaminant plume to nearby areas where

groundwater is considered as the source for drinking water.

2.6 Conclusions anduture work

In this study, an efficient MCMC approach is presented to characterize the probability distributions
of nonpoint source concentrations subject to uncertainty in hydraulic conductivity. The modeled
heterogeneous hydraulic conductivity field is assumed to meet the criteria foordiest
stationarity due to the highly fluctuate sandy aquifers in the @lo@sgjion of NC. Although most
stochastic analysis consider secamder assumption for simulating flow using nonstationary log
hydraulic conductivity field within a bounded domain, this assumption is not valid within the scope

of this study depending ohe aquifer characteristics. The method was tested and validated using
synthetic cases and then applied to a realistic case study based on data from Duplin County, North
Carolina. The proposed methodology is able to reduce uncertainty ifpoiun source
concentrations with the aid of a groundwater model. For most cases tested, a Gaussian posterior
distribution was obtained for the source release concentrations starting from uniform priors
indicating good reduction in uncertainty. Uncertainty reduction iallsmfor the case with
observed data as the posterior exhibited a relatively flat distribution particularly near the lower
concentration values.

One of the limitations from this work is the use of simplifiedswmensional groundwater flow

and transportmodel which may not represent realistic conditions. To portray the realistic
conditions from the approach presented in this study, use ofdhmemsional (3D) integrated

model is required and then it can be generalized to other source charactenyaitatians. Also,
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the small number of realizations considered to represent hydraulic conductivity uncertainty may
not be adequate. However, this cannot be generalized as a limitation of the work because more
samples from the distribution can be drawroiinputational resources are available and therefore
better estimate of the hydraulic conductivity field can be achieved. In addition to hydraulic
conductivity uncertainty, additional model and data uncertainties need to be addressed in future
work such as masurement uncertainty in nitrate data and uncertainty in transport parameters (i.e.,
denitrification rate). For example, a boar distribution around reported or measured values can

be considered to represent uncertainty due to denitrification rate.ré ecomplex groundwater
model incorporating additional uncertainties will significantly increase the computational
complexity of MCMC that may be addressed through parallel computation as a future work.

The Bayesian inference proposed in this study is oy capable of providing posterior
distribution of the unknown parameters, but also update previous inference with new observed
information. Inference from this analysis will help decision makers and water managers to identify
potential areas for sourcerainment and to decide if further sampling is required. As a next step,
the study will be extended to the entire eastern coastal plain surficial aquifer system of North
Carolina. Future work will also investigate the use of surface water nitrate dasanigya fully
integrated groundwatesurface water modeling approach (e.g., SWAADDFLOW).
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CHAPTER 3

Vulnerability Assessment of Groundwater Resources by Nitrate
Source Apportionmentusing a Geostatistical ApproachA Case

Study in North Carolina

Abstract

Groundwater contamination by nitrate is a major concern in surficial aquifers that underlie
agricultural areas in the miétlantic Coastal Plain of theUnited States. High nitrate
concentrations leaching into shallow groundwater can lead to human health problems and
eutrophication of receiving surface waters. Liquid manure from concentrated animal feeding
operations (CAFOs) stored in opamm lagoonscan be a significant source of nitrate to
groundwater, along withitrogen fertilized agricultural lands aiséptic waste. In this study, we
developed a modddased methodology for source apportionment using pseudo observations of
pointlevel groundwater nitta concentrations extracted from a Bayesian Maximum Entropy
(BME) model for the surficial aquifer system in Sampson and Duplin Counties, North Carolina
(NC). This source apportionment approach provides information relevant to management by
estimating the dminant nitrate source type contributors. Four nitrate source types are considered
in this study: Nitrogen fertilized land (Agricultural Spray Fields), Lagoons, CAFOs, and Septic
Waste. First, the zones of influence (dependent on nitrate transport pgthevalye receptor
locations in the model grid are estimated using adwmmensional vertically averaged groundwater
flow and transport model for the surficial aquifer system. These zones of influence provide relative
weights of different sources at reaeplocations. Regression approaches based on these relative
weights are then applied to estimate the contribution for different nitrate source types using the
pseudo observations. Three different regression models are considered in this study: Multiple
Linear Regression (MLR), Logistic Regression (LR), and Geostatistical Multiple Linear
Regression (GMLR). By selecting the source contribution weights that are significant, spatial
variability of nitrate concentration is predicted using the different regressiodels. A
vulnerability assessment of the study area due to nitrate contamination is then carried out by

performing sensitivitybased scenario analysis. Our results indindategen fertilizedagricultural
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spray fields as the primary contributor to ait contamination in the study area and an increase
in agricultural land use can significantly alter the fraction of nitrate contaminated groundwater.
Effect of uncertainty in denitrification rate is also evaluated. Knowledge of the contribution of
different nitrate sources to contamination at receptor locations (e.g., private wells, municipal wells,

stream beds etc.) is helpful in planning and implementation of appropriate mitigation measures.
Keywords

Source apportionment, nitrate contamination, zoneflfence, vulnerability assessment

3.1. Introduction

Groundwater contamination by nitrate, phosphate, and other pollutants is a major concern globally
due to its harmful biological effects. According to the Clean Water Action Plan (U.S.
Environmental Protection Agency and U.S. Department of Agriculture, 1998), the largest source
of i mpairment in the Nationds rivers and stre:
in groundwater has been considered as a major human heatgrcdor more than 50 years since
Comly (1945) reported that concentration of nitrate in drinking water causes Methemeglobinemia
in infants. Nitrate anions (N€) is considered as the most commonly occurring inorganic pollutant

in groundwater resources airal areas by Almasri and Kaluarachchi (2005). In addition, high
levels of nitrogen can lead to eutrophication of surface waters, often resulting in hypoxia and
harmful algal blooms. In the southeastern United States, streams and receiving watersrave be
affected by eutrophication (Pinckney et al. 1997), increased hypoxia (Paerl et al. 1998), and fish
kills (Burkholder et al. 1995). Deterioration of ecosystems due to eutrophication are predicted to
increase around the world (Tilman et al. 2002). Exgessutrient loading is a major contributing

factor for eutrophication and fish kills in the Neuse estuary, NC (Stow and Borsuk, 2003).

Nitrate contamination often occurs as a result of anthropogenic activities (e.qg., fertilizer applied
on row crops, wass from animal farms, septic waste, etc.) and to a lesser extent from natural
sources (e.g., rain, forests, grasslands, etc.). The diffuse, nonpoint source loading of nitrate through
the heterogeneous agricultural, pariban and urban landscape act aseal rchallenge in

identifying the actual nitrate sources that impact groundwater resources. Nonpoint source nutrient
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loads, specifically Confined Animal Feeding Operations (CAFOs) in North Carolina cause
substantial nitrogen and phosphorus loading to sseard groundwater (Glasgow and Burkholder,
2000). From confined animal housing, waste is flushed into large earthen lagoons that serve as the
predominant wastewater treatment system and then periodically sprayed into the agricultural fields
as fertilizer h accordance with the state regulations. Huffman (2004) reported that, shallow
groundwater concentrations of inorganic N increased by 10 to 40 mg/L in North Carolina due to
seepage from unlined swhveaste lagoons built before 1993. In addition, Bremer ldader

(2012) identified that high septic system density in rural andysben areas are a major source

of nitrate leaching.

A large number of water quality models have been developed to estimate nitrate loadings into river
catchment as well as groundigr aquifers. HBWN-D model, which is a refined and giihsed
conceptual nitrogen transport model developed by Lindgren et al. (2007) allows daily simulations
of the nitrogen transport, retention, and source apportionment at the catchment scaleh®ne of t
widely proposed simplified models addressing the source apportionment problem is the MESAW
model which was developed by Grimvall and Stalnacke (1996). It is a statistical model that uses
nortlinear regression for estimating the source apportionmenheofiverine transport of the
pollutants. Absolute Principal Component Scerkhiltiple Linear Regression (APCBILR)
(Gulgundi and Shetty, 2016) model is another one where receptor modeling has been used to
estimate the source apportionment of groundwatelufon. Bayesian nitrate source
apportionment developed by Ranosm et al. (2016) is a Bayesian mixing model in which different
(i.e., nitrogen and oxygen) isotopic and elemental tracers are used to estimate the probability
distribution of different contamant sources in an individual well. They used MCMC methods to
estimate the marginal posterior distributions of fractional contribution from each source type
including manure, fertilizers, septic waste, and natural sources to nitrate concentratioigaim the
Joaquin Valley of California. Some notable conceptual and physicaigd models such as
Generalized Watershed Loading Functions (GWLF), MODFLOW, Soil Water Assessment Tool
(SWAT), Penn State Integrated Hydrologic Modeling System (PIHM), GSFLOW lemreused

to model nutrient transport in groundwatey several studies (Haith and Shoemaker (1987);
McDonald and Harbaugh (1988); Arnold et al. (1993); Yizhong and Duffy (2007); Markstrom et
al. (2008)). For modeling of laddased nitrogen loads from graiwaterdominated agricultural
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watershed found that model predictions for N loads may vary remarkably from actual loadings

depending on contaminant source types (Jiang et al. 2015).

Costefficient mitigation of nitrate requires the identification of soancethe watershed and their
relative contribution to the nitrate loads, i.e., the source apportionment. Nitrate source
apportionment is performed here through the inventories of nonpoint or diffuse sources. In this
study, the focus has been on nitrogehgdlliution from landbased human activities to the aquatic
environment, with the primary focus on agricultural contribution. A number of studies have been
conducted to evaluate nitrate contamination in groundwater systems using geostatistical
techniqueslsaaks and Srivastava (1989) developed a set of geostatistical tools to determine spatial
variability and spatial interpolation of pollutant concentration through source contributions. In this
case, a semivariogram is used for illustrating the structuspatfal variability using the kriging
method. In a study by Hu et al. (2005), spatial variability of groundwater quality was determined
using the Ordinary Kriging (OK) method for risk assessmenntitoéte pollution in the central

North China PlainNarary et al. (2014) used Indicator Kriging (IK) method for identifying regions
with high probability nitrate contamination for the Am@hbol Plain, Iran. A study by
Zimmerman et al. (1999) compared the spatial interpolation accuracy of OK, Universal Kriging
(UK) and Inverse Distance Weighted (IDW) methods using synthetic computational experiments
and found the two kriging methods performance superior to the IDW. Harris et al. (2010) compared
MLR, geographically weighted regression (GWR), OK, UK, UK in locaimeorhood, and GWR
kriging hybrid (GWRK) using simulated data with different levels of spatial heterogeneity and
autocorrelation. Their findings indicated that UK model with local neighborhood performed best.
The spatial and temporal behavior of nitraiaa@entration was investigated for an aquifer in central
ltaly and application of cokriging was compar
geostatistical methods are useful in evaluating the magnitude of the estimation error as it depends

on the variogram and observation locations (Kitanidis 1996).

While studies have been conducted to identify sources of nitrate contamination into groundwater
for North Carolina (Spruill et al. 2002, Harden and Spruill 2008), these studies have been purely
basedon data with no guidance from a groundwater model. For example, nitrate variability in
groundwater of North Carolina using monitoring and private well data models have been examined
by Messier et al. (2014); risk assessment to surface water ecosystempthiosghorus leaching

into groundwater have been studied by Holman et al. (2010); but we are not aware of any work
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that has addressed source apportionment and vulnerability assessment of nitrate contamination in
North Carolina. These knowledge gaps regagdiource apportionment of nitrate contamination

have led to the following research questions: (1) what is the relative contribution of different types
of sources (e.g., fertilizer, animal waste, septic tanks) to nitrate observations at groundwater
monitoling wells? (2) what are the major sources of uncertainty in nitrate source apportionment,
and what types of data would require to constrain this uncertainty? (3) how can the spatial
variability of nitrate concentration can be evaluated through regressdeling approach and

make a comparison to identify the effectiveness of different techniques? (4) what is the
vulnerability of groundwater resources (e.g., private wells, municipal wells) to nitrate

contamination?

To answer the above questions, an alteve approach for nitrate source apportionment is
proposed here that uses a groundwater model with regression and geostatistical techniques. The
effect of transport processes (pathway and r ec¢
Z 0 n e at @6 camputed using a groundwater model. Source apportionment entails computing
relative contributions of different types of nitrate contaminant sources at potential receptor
locations using nitrate measurements in the study area using regression a&gpr&achice
apportionment weights are then used to create nitrate contamination maps and conduct

vulnerability assessment of the study area.

Specific objectives of this work can be categorized as follows: (1) develop-dintvemsional
vertically averaged groundwater flow and transport model for the surficial aquifer system of the
study area; (2) identify the zones of influence (based on trenm@eesses) at potential receptor
locations within the study boundary; ()evelop regression approaches to estimate the
contribution of different types of sources at potential receptor locations using the zones of
influence weights and total number aftential sources, (4) perform regression analyses using
MLR, LR, GMLR methods to capture the spatial variability of nitrogen sources, and (5) asses the
vulnerability of groundwater resources (e.g., drinking water wells) in the study area by producing
nitrate contamination maps, (6) Examine the effect of increasing agratudiativity and
denitrification rate on the extent of contamination through sensidased scenario analysése
organization of the paper is as follows: the study area details and data description are presented in
section3.2. Then the methodology rimulation is presented in sectiorB3Section3.4 shows the

result of the source apportionment, regression and geostatistical modeling, vulnerability
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assessment, and discussion on the results using different models, as well as the limitation of the

propogd methods. Finally, the findingsid conclusionare summarized in secti@b.

3.2. Study area anddata

The study site consisting of both Sampson and Duplin counties, are located in theastetin

coastal plain of North Carolina, betwe@4.548252 to 35.316854 North latitude aii8.674423
to-77.644639 East latitude (Fig.1). Both of these counties fall within the Cape Fear River basin,
originated from the Piedmont Province in the central part of the state and flows through the Coastal
Plain regions before emptying into the Atlantic Ocean (North Carolina Division of Water Quality,
2005). One of the reasons for selecting the study site is the presence of large number of swine
CAFOs with Sampson and Duplin being the top two most densglypbpulated counties in the
United States. Agriculture is a key part of the economy for both counties and produce a wide
variety of crops including corn, cotton, cucumbers, strawberries, sweet potatoes, Christmas trees
etc. The average annual rainfall f&ampson County is 49 inches and Duplin County is
approximately 53 inches with most precipitation occurring during the summer months. The
groundwater flow direction follows the south easterly topography gradient3Eighows the

study domain covering &gson and Duplin counties with an inset of the study area and
comprising of all 2015 CAFOs permitted by North Carolina Department of Environmental Quality
(NC DEQ).
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Figure 3.1. Study domain boundary including Sampson and Duplin County, NC.

For the purpose of the study, observed nitrate concentration data across the study boundary are
extracted from data generated franBayesian Maximum Entropy (BME) model as described by
Messier et al. (2014)Y.his model predicts poidevel groundwater niate concentration based on

the information provided from three data sources, namely North Carolina Division of Water
Resources (NDWR), U.S. Geological Survey (USGS), and North Carolina Department of
Health and Human Services (NQHHS). The BME model pnaded 7,750kriged logmeanand
log-variance nitrate values within the study afBalessen the mismatch between observed nitrate
data (response variables) and potential nitrate sources (predictor variables), BME datdas taken

the year of 2010 (moserc ent year i n Messierods study). To
observations, a subset ©f634 point values were selected out of the 7,750 values as pseudo
observations based on a {egriance threshold value of (B1g/L)%. Due to the large numbef o
groundwater nitrate values obtained from the BME model, a level of anonymity is associated with
well locations. For this reasotie overall study area has been segmented as a grid of 1,144 square
cells with unique identifiers having a size of 2km x 2¢#g. 3.2) and these cells are generated
using GIS software for the Sampson and Duplin County. The 1,634 selected pseudo observation

locations (denoted by crog®ints) are contained in 47 grid cells (out of 1,144) as shown in Fig
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3.2. The average of theseudo observations within each cell is taken at the center as the pseudo
observations value (using GIS tools) since more than one cross point fall within most of the 47

grid cells. Summary statistics of the pseudo observations are available ir8Table

Table 3.1. Summary statistics showing pseudo nitrate concentrations (mg/L)
Mean Std. dev. Min. Median Max
21.131 21.769 0.03784 14.956 89.2934

Histogram analysis of the pseudo observatiogips to determine the type of transformation for

normality test. It allows the inspection of the data for its underlying distribution (e.g., normal
distribution) and identifies outliers, skewness, &taturallog-transformed pseudobservations

(y) shown in Fig3.2 are treated as the response variable (z = log(y)) in the regressionFnoafel.
analysis it is found that, most of the pseudo observations are above the EPA maximum contaminant
level (MCL) of 10 mg/L.
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Figure 3.2. Selected cross points avg. nitrate concentration and gridded natural log
transformed avg. nitrate concentration surrounding the counties. Here, blue to red color
variation of different polygon cells indicate the low to high value of logransformed avg.

nitrate concentrations in mg/L.

The reason for higher values of nitrate is the extensive use of nitrogen fertilizers in agricultural

lands as well as animal waste and manure production from farming activities in the study region.
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Fig. 3.3 shows the histogram of the pseudo observations (y) and-tsatejormation (i.e., log

(Y)). The histogram is skewed to the left and have no suspicious outliers as seen fla8(lkig

() (b)

15
15

10
|
10

Frequency
Frequency

T T T T 1 I T T T 1
0 20 40 60 80 -4 2 0 2 4

Avg. nitrate concentration (mg/L) Log-transformed avg. nitrate concentration (mg/L)

Figure 3.3. Histograms of (a) original andb) log-transformed avg. nitrate concentration

data.

Predictor variables are defined depending on the number of potential nitrogen sources (i.e., CAFO,
lagoon, septic waste, and N fertilized land) that lie within each grid $efine CAFO point
locationsare collected from a list of permitted animal facilities (January 2015) available from NC
DENRG6s website (NC Department of Environment
swine CAFO permits are considered: animal waste swine (AWS), animal wastduat(AWI),

and the federal National Pollutant Discharge Elimination System (NPDES) permit for North
Carolina Animals (NCA). From the list of permitted animal facilitie365 CAFO points ligvithin

the study boundary. Using these CAFO points, admeensional grid map has been created which
shows the number of CAFO points representing éadtm 2 km square gridFig. 3.4(a)
represents a grid mayith all the 2015 permitted CAFOs for Sampson and Duplin Counties. These
point locations areverified using satellite imagery to ensure the correct identification of dense

facilities.

Number of lagoons information are also gathered from a list of permitted animal facilities of N.C.

Department of Environmental Quality which are basically the colmaste holding pools for an
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individual operation. The latitude/longitude points are considered at the centroid of lagoon
locations and it is observed that lagoon points are spatially correlated with the permitted CAFO
points. Lagoons are incorporateddias a potential source rather than including with CAFO points
because some hog houses may have more than one lagoon found from satellite imagery. This
consideration of separate lagoon points is also described in a study by Christenson and Serre (2015).
Fig. 3.4(b) represents a grid mapaving lagoon centroids for Sampson and Duplin Counties and a
notable remark is maximum count of lagoons also found for the same grid of having maximum
CAFO points in the previous map. Lagoon data points for both countreshggtized in the same

study by Christensoand Serre (2015)
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o112 N load (Ib/acre)
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336 - 448 | 146851 - 205030 g
I <48 - 560 [ 205031 - 270660
I s60-672 I 270661 -512650

Figure 3.4. Grid map showing (a) 2015 CAFOs permitted by NOEQ, (b) lagoon centroid
locations, (c) population density, and (d) N fertilized land within study boundary.

To estimate septic waste as one of the potential sources of nitrate contaminasas, idenk
population from 2010 U.S. Census survey has been used. Public sewer, poorly maintained septic
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systems, or leaky sewer piping in urban areas can be a significant source of nitrate leaching. For
determination of septic waste within the study asggregated amount of sewage from different
households has been considered as a representative factor. For these population blocks,
6l ntersectiondéd analysis tool within ArcMap 10
grid. Fi naldl yt,oods pwittihailn jfricnrMap 10. 3 was appl
individual grid cells. Population density within each grid cell is presentéair8.4(c); this data

is confirmed bysatellite imagery which shows that densely populated grids lieciigareas.

In order to detect potential nitrogen sources for individual wells, land use surrounding those wells
are identified as acres of N fertilized land for 51 cropland data groups. From 256 types of Cropland
Data Layers (CD) (https://nassgeodata.gmu.edu/CropSoapl types are found within the

domain area. However, all nagricultural land including water, shrubland, barren land, and all
types of forest, wetland, and devpéd land are not considered as the N fertilizer applied Riga
3.4(d) shows N fertilized agricultural land majnere each grid cell presents the cumulative value
of N load applied by different crop types. A detailed list of all crops and their apat@xamount

of N load applied in the agricultural field is includedlable A.lin Appendix A.

Hydraulic conductivity data for the groundwater model (described in the next section) is based on

soil type data from North Carolina Soil Surveys (Web soiveyr2016).Fig. 3.5 shows the

saturated hydraulic conductivity field to the domain grid c&sta on daily precipitation (mm)

for recharge estimation in the groundwater mo
degree gridded observed meteorological data (Maurer et al. 2002). Other required data are weather
parametershttp://globalweather.tamu.edufemotelysensed Leaf Area Index (LAI), and land

cover classificabin map.
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Figure 3.5. Hydraulic conductivity field at the domaingrid cells for the model boundary.

3.3. Methodology

Methodology isdivided into three parts: (a) identification of the zones of influence surrounding
the impacted receptor locations; épply statistical regression approaches such as MLR, LR, and
GMLR to captureghe spatial variability of nitrate concentration usinggis derived from the

zones of influence; and (c) asses vulnerability at the receptor locations through scenario analyses.

3.3.1. Groundwatermodel development

our study area encompasses Sampson and Duplin Counties, N&X}J;igs these constitute areas

of extensive agricultural activities. At first, we develop a-tlimensional groundwater flow and
transport model for the surficial aquifer system of the study area. Thiditmensional subsurface
groundwater flow and transganodel for an unconfined aquifer was previously used to perform
nonpoint source evaluation of groundwater nitrate contamination in Duplin County (Ayub et al.
2016). The model has been validated for a hypothetical case with a similar model developed using
MODFLOW with the PMWIN interface (Chiang and Kinzelbach 2003). Now, we have developed
the model enclosing the two most dense hog populated counties from North Carolina with having
a domain size of 96 kmx 88 km. The model is built with a resolution of 2 Rnikm in the x and

y direction, respectively containing 2,112 square grid cells. Total time duration is 26 years (e.g.,
1985i 2010). Dirichlet boundary conditions are applied to yield a groundwater flow direction that
roughly follows the topographicatadient (northwest to southeast) for the study area.

54



A number of methods are available for estimating the recharge for the groundwater model using
precipitation and other data (e.g., Rushton and Ward 1979, Allison 1988). We have opted for a
simple water bance model for estimating the recharge (i.e., Recharge = Precipitd®onoffi
Evapotranspiratioin Soil moisture storage). Runoff in the water balance model is estimated using
the SCS Curve Number method (USDA 1986) based on available land coveoilatgpes
information. The estimation of reference evapotranspiration has been done using-treowall
PenmarMonteith equation (Penman 1948; Monteith 1965). Inverse Distance Weighted (IDW)
interpolation technique is applied to create downscaled valugsdoipitation over the uniform
model grid (2km x 2km). Hydraulic conductivity data has been extracted to the domain grid points

from the soil polygon maghftp://websoilsurvey.nrcs.usda.gov/apwhich can be found in Fig

3.5. After getting the flow field frongroundwater flow model, the groundwater transport model
(Ayub et al. 2016) is applied to compute the zone of influence of nitrate contamination at each
receptor location (see next section).eTtransport model considers all transport processes
(advection pathways, dispersion, and denitrification) to estimate nitrate transport from sources to

receptors.

3.3.2.Groundwater zones of influence

Groundwater zones of influence capturedffect of transport and reaction pathways from sources

to receptors. The transport of solute in groundwater medium is carried out mainly through the
process of advection, hydrodynamic dispersion, diffusion, soil adsorption, and geochemical
reaction. In addion, denitrification is known as the dominant chemical reaction type affecting
nitrate concentrations in groundwater under anaerobic conditions (Frind et al. 1990, Hantush and
Marino 2001). For nitrate, often thought to be a conservative contaminanbumdyvater,
groundwater flow is the driving force that determines the transport though advection, dispersion,
and denitrification process. In case of highly mobile species like nitrate, adsorption is neglected
and retardation coefficient is assumed to he (Shamrukh et al. 2001). All sources within an
influence zone of a receptor affects the nitrate contaminant concentration at the receptor. The
influence zone for a receptor location can be obtained through a groundwater transport model. We
then estimatéhe number of potential source types within each zone of influence from the spatial

distribution of the potential sources for the study area shown earlieg.iB.4i
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Figure 3.6. Conceptual figure for source apportionment, cyan colarepresents the zone of

influence for t e druec ot protigéndatailoms odur c ¢

The conceptual Fid3.6 illustrates source apportionmeagproach assuming there are four types

of potential sources (agricultural land, CAFOs, lagoons, and septic waste represented by
population) covering the study area. Here,observation well locations and potential source

locations; A = N fertilized gricultural land, and C = CAFOs, L = Lagoons, and P = Population as

the representative of potential sources. Also considletyy h) h) = Total number of

di fferent potenti al g u vacredencemtiatiomiianye at @eaeptor g r i d

| ocadi dmedt o a unit step increapPe IRrelmaut viee nte
are@ g o & at the obsiérdati 6o welknodial sources

which can bebtained from the following set of Equatiorsl() to 3.4):

L = A 31 and £ 5 4. (3.2)
L 5 4 33) and L& F 4y (3.4)
Insteadof counting the number of potential sources within each influenceizone may use the
number of each source type within each grid jcellthe entire domain and then multiply by .

The grid points outside the influence zone of receptor locatiah naturally have a zero value
for 0 . In this caseN will be the total number of grid cells in the study domain (i.e., a source

could be at every single grid point in the domain). This approach is simpler and was used in this
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study. In this cas®@/ is an x N matrix with0  as elements, whergs the number of observations

andN is the total number of grid celld _R! FF\’-' shandd | (in Equations3.1-3.4) areN x 1 vectors

with having elements frod ) R R, respectively. Similarly g= Rk & Ly arenx 1

vectors with elements from o o & @ , respectively that represent the relative weights for
each potentiasources at receptor locations and used in the regression equations to be provided

later.

3.3.2.1 Groundwater model results for zone of influence

The twodimensional groundwater flow and transport model is used to generate zone of influence
weights (see previous secti@B.2) for the study area. Out of the 2,112 model grid cells, 47
sampling locations are considered only within the boundary of S@mgnd Duplin counties and
these locations are plotted at the center of each square (2km) grid cell. For the groundwater

flow model, boundary condition is formed with a maximum hydraulic head of 20m for an
approximately south easterly directionaivil. Fig. 3.7(a) shows the flow field obtained from the
groundwater flow model using a uniform recharge and a heterogeneous hydraulic conductivity
field. The flow contour from nortiwest to soutkeast direction is analogous to the usual flow
gradient for tle coastal plain aquifer (Campbell et al. 2010).

Using the flow field obtained above, the groundwater transport model is constructed where the
effect of advection and dispersion have been considered along with denitrification. For the base
simulations, firs order denitrification rate is set to a uniform value of 0.0002}#moughout the
domain. This value is based on a study conducted for an agricultural stream in the coastal plain of
North Carolina (Kennedy et al. 2009). The scaled groundwater transjpolel computes the
influence weights at all 47 locations by invoking a step increase of 100 mg/L (point source) at each
grid point. Simulation duration is 26 years from 1985 to 2010. For illustration purposes, simulated
zones of influence for a set ofr@ceptor locations out of 47 locations are shown in Fig(b) at

the end of the time period. It is noted that zones of influence reach approximate steady state after
about 10 years of simulation due to competing effects of denitrification and adveditiomigher
denitrification rate, the zones of influence will shrink thus diminishing the influence of transport
pathways. Also, longer groundwater transit times will lead to smaller zones as it will increase the
impact of denitrification. Groundwater trgihtimes can be experimentally measured using age

dating at the regional scale (Gilmore et al. 2016). In the figure, red dots indicate the position of the
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receptor well locations and these 7 representative locations are monitoring well locations from a
field campaign by NCDENR back in 2016. The color bar represents the weighting factor (influence

weights) at individual grid cells surrounding each location.
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Figure 3.7. (a) Flow contour plotusing the groundwater flow model for unconfined aquifer
(color bar represents variation in hydraulic head, m), (b) contour map showing the
surrounded zones of influence for a set of 7 receptor locations within the model grid (color

bar represents the normdized zone of influence weightssr «

3.3.3. Regression methods

The three regression methods used in this study have been frequently used in the literature.
Therefore, only brief overviews are provided below. A number of transformations of the pseudo

observations were examined for the regression analysis includitiggnsformation (z = y), log

transformation (z = 1| og/( y-eoM transfeimation (Box and @ox t o 1
1964), and square root transformation (z = ay
with U = 0 (z = Illlog/(dyi)s)t ryiibeaulteidn g ersdardmal s and
ranges. 't i s not ed -ttaisfarmationhregluces thidsitotvards smalovilues. < 1

It was therefore decided to use log(y+0.1) transformation for all regression techniques.
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Multiple Linear Regression (MLR)

MLR is a standard regression model that uses linear relationships between response and predictor
variables. The response variable is also called dependent whilst the predictor variables are the

independent variables. Theodel equation is defined in ER.%) as:

a =2 n (35)
bR B S B B
Where z is the dependent variable with a size ofp vector] is the intercept h ,1 hand

I are the regression coefficienfisr agriculture, CAFO, lagoon and population (i.e., source
apportionment coefficients), respectively for each explanatory sources of the regression,equation
L_to élf are ¢ 'Q matrix having values of independent variablesgn is the residual term

which is assumed normally distributed and uncorrelated. In MLR, the regression model is

estimated by least squares so that the sum of squares of the differences between oluserved an
predicted values is minimized. For detailed information, see Sheather (2009).

Logistic regression (LR)

In LR, the response variable can take the values of 0 and 1. The logistic model, as presented by

Greene and others (2005), is of the form

Ly .

Roo0d p — - 1 (36)
Or (equivalently, the logit form)

asE— <+ (3.7)
The binary response at groundwater well is denoted fyys the probability of the binary response
variable® (which can only have values of 0 and 1) being equal Tth&.quantity— is referred

to as the fAodds r at+ ibi®usedmokxpiess that gnueventavill ecout. Int o

this investigation, the binary variabM representshie two casesY = 0 where the nitrate
concentration in groundwater is less than a threshold concentration of 5 mg#.Jowhere the

concentration is greater than or equal to 5 mg/L.
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The probability risk map over the proposed study area can be creabedLR. In the risk
assessment approach, we estimate the probability of elements of Yeator the associated
uncertainty at critical locations in the study domain (e.g., drinking water wells) or at all grid points
(for a prediction map). This predicéyprobability can be estimated using the following B@)(

n N p a& Qs (3.8)
Geostatistical Multiple Linear Regression (GMLR)

In thisstudy, a geostatistical modeling approach has been applied for modelling spatial correlation
of the predictor variables as it provides unbiased predictions of environmental variables with
minimum variance (Oliver and Webster 2015). Geostatistical modedstden widely used in the
environmental sciences especially in water quality problems (Nas 2009; Murphy et al. 2010). In a
geostatistical model, the response variable, z, consists of both deterministic and stochastic

components which can be represented as
a =1 - - (3.9)

whered is an¢  p vector of nitrate concentration abdndicates total number of observations.

The formulation of Equatior3.9 is like MLR although it includes an additional tera{spatially
correlated stochasticity), along with(uncorrelated stochasticity). For linear regressignjs the

part of& where predictor or trend variables are expressedaas their corresponding regression
coefficients as .f isa Q p pvector representing the deterministic portion of the model

that includes both intercept term, and regression coefficierits. Theé Q p matrix,

L includes again intercept terr&( and predictor variablesy for each observation which is

known as trend variables. If trend variables are includegd then it can be used to perform UK

as both deterministic and stochastic component present in the same model. Rest of the terms from

Eqg. B.9) are defined earliein our casek = 4, andn = 47.

Variogram is the keystone of many geostatistical applications. Accurate estimates of variogram
are required for reliable prediction from UK and accuracy of the variogram is dependent on the
size of the sample, the numbarlags at which it is being estimated and the lag intef@gl (

relative to the spatial scale variation (Oliver and Webster 2015). In this study, exact lag interval is

the prime reason for fitting an accurate experimental variogram. At first,-\v@rmance is
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calculated for the pseudo observations. In that case, experimental semivariogram fitting equation

in terms of lag distance can be estimated as:
% —B o & (3.10)

where,d is the number of data pairs within the class of distance used for the lag V@gto’
andd’ are basically the stochastic fions of¢ andd, respectively (i.ed” & J—-T 8Thus,

residuals from MLR are used for fitting experimental variogram in case of UK.

Again, there is a relationship between semaniance and covariance function that can be expressed

as follbows:
FR F Oy (3.11)

here,, is the variance of observations apd(; is the covariance function. Covariance
function is thegeneralization of the variogram and under second order stationarity the two
functions are related (Myers 1989). An exponential covariance function with a nugget
characterizes the stochastic componentd { A in a geostatistical model (Chiles and Delfiner
1999). The exponential covariance function used in this study for representing the stochastic part
is defined as follows:

i ih KO S 1}

Fal By (3.12)

i p Qor— h'Q m
where, F & i represents the spatial covariangg between twoobservations{ andd) and

i i PAT dare the covariance model parametersihd  works as a function involving lag
vector ((; and all the covariance model parameters. Heres the nugget variance, is the
variance of spally correlated component which is known as partial sill. The quaintityi is
commonly known as the total sill (or total variance). The third paramgtsrdistance range
parameter. In general, variogram model approaches its sill asymptoticdlfiprathis reason it

does not have a finite range. For practical purpose, it is common to assign the effective range which

is approximately equal too3 Spatial covariance(a¢ €& covariance matrix) is obtained by

optimizing these covariance modelr@aeters.
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Deterministic Model Parameters from GMLRThe deterministic parameters of the GMLR
model are calculated in a straightforward manner where the required parameter estimaggs (i.e.,

are already obtained from Equati®i2:

I =fF= =FQ (3.13)
where, Fis the spatial covariance matrix of observatiors (a¢ covariance matrix with elements
determined from Equatich12),=isthe¢ "Q p matrix found from Eq.3.9) and presents

the parameters to be estimated. Once regression coefficients are obtained, the next step is to
determine the standard deviation of the required parameters. Covariance of parameter estimates,
F are found fom the following equation:

F = f < (3.14)

After calculatingp hthe square root operation is performed individually to obtain the standard
error of the intercept artdend variablesThus, all the required model parameters are obtained and

presented in the result section.

After obtaining model parameters, predictarigbles are used to determine the kriging weights,
¥ which is used in the geostatistical model formulation. The system of linear equation for the UK

model can be presented by E816).

L :
F = 1 FH
4 ) (3.15)
Where, EFyis the¢ | matrix of covariance between theobservation locations and the
estimation locationy is a¢ [ matrix of kriging weights corresponding to both observations
and estimationse-is al Q p matrix with same variables applied for theestimation
locations. Alsor isa Q p [ matrix of lagrange multipliers that is related to uncertainty in

the eimated mean value. Using the kriging weiglftérom Eq. 8.15) along with observatiomy

(an¢ pvector), estimates of the response variable across the prediction grid can be developed
as:

a fa (3.16)

where,& and  p vector of interpolated nitrate concentration at the predicted grid locations.
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Thus, GMLR model igleveloped to perform vulnerability assessment of specific groundwater
resources or creation of prediction map over the proposed area. In this approach, we develop the

estimates of response variable across the estimation grid based on pseudo observations.

3.34 Variable selectionmethod

In order to avoid over parameterization of all models, we employ a variable selection process to
obtain the best subset from four candidate predictor variables (i.e., agriculture, CAFO, lagoon, and
population). Faraway (2005) discusses testing based igeribcrbased procedures to perform the
variable selection. Backward elimination is a testiaged procedure where the predictor with the
largest pvalue (over 5% significant level) is removed at each stage and the elimination process
will continueuntilal | énonsigni ficantdé predictors are
a model is that we would like to incorporate those predictor variables that we believe are having
influences on the response variable. In this study, we use the Akaike Intorr@atieria (AIC)

(Akaike 1974, 1998), which is a criteridmased procedure that has been used in geostatistical
model selections (Hoeting et al. 2004, Huang et al. 2010, Messier et al. 2014). The variable
removal sequence in AIC is similar to the backwalichination procedure with some minor
differences (Gu et al. 2018). In most cases Faraway (2005) recommends ebiteseéohmethods

over testingbased methods as they employ a wider search through the modeling space and
compare models in a preferable manmilso, the method ensures that the model having the lowest
AIC is selected as the final model. In this study among all the predictors, we select an appropriate
set of predictors which are significantly contributing to the probability of nitrate coatientat

the groundwater level. Thus, right choice of the model is critical as variable selection methods are

sensitive to outliers and influential points.

3.4. Results andliscussion

3.4.1. Regressiomnalysis for nitrate source apportionment

Regressiorcoefficients for nitrate source apportionment are obtained from the MLR, LRM, and
GMLR-UK model developed in section 3.3.3.
First, we started our analysis with all predictor variables for the MLR model and the basic initial

statistics are presented. From Tab® only agriculture is found significant at the 5% level.
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Table 3.2 Regression Coefficients g with Standard Errors  d, obtained from MLR

Regression model MLR

Variable 7 a, t value p-value

Intercept( -0.1232 0.811 -0.152 0.88

Agriculture f 0.3199 0.1476 2.169 0.0358*

CAFOT1 -0.0653 0.1022 -0.639 0.5261

Lagoon -0.0365 0.0679 -0.538 0.5936

Populationf -0.0825 0.0505 -1.635 0.1094

60***6 significance | evel p<0.001, O6**06 signif

Covariance model parameters for GMLREor creating the interpolation map using UK, the
residual semivariogram generation for the GMLR model is neé@ded experimental and fitted
exponential variogram using the observation data is shiowig. 3.8 where a moderate spatial
correlation is obseed in the residuals. Aeast square minimization technique is applied to
determine covariance model parameters for the GMLR model (Equafi@h asi = 2.0979
(mg/L)?, i =1.3192 (mg/LJ, andcd= 30000 m.

Semivariance

T T T T T T
0 10000 20000 30000 40000 50000

Lag Distance (m)

Figure 3.8. Fitted experimental and exponential variogram; experimental variogram are

presented by points and exponential variogram is fitted by line.
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Using the AIC criteriorbased procedure, all neagnificant predictor variables have been
removed andmy Agriculture (pvalue of 0.0012) with positive coefficient remain significant from
the variable selection method based on the lowest score from AIC procedure. Similarly, agriculture
was obtained as the only significant variable for the LR and GMLR msthsing the variable
selection method. The results of the deterministic component from MLR, LR and GMLR are
obtained for intercept$ ( and regression coefficierit presented by Tablg.3. The positive
value of regression coefficierit from the three models indicate that with the increase of N
fertilized Agricultural land, the avg. nitrate concentration will increase within the study area. The
estimated standard error is found less for the regression coefficient compared to inteatiept in
methods. Moreover, the predictor variable, Agriculture is found significant at 1% and 5% level for
different regression models.

Table 3.3 Regression Coefficients gg with Standard Errors d, obtained from the

regression models after eliminating no-significant variables using the variable selection

criteria
Regression model MLR
Variable I a, t value p-value
Intercept( 0.2497 0.5706 0.438 0.6638
Agriculturet 0.1045 0.0302 3.459 0.0012**
Regression model LRM
Variable I a, zvalue p-value
Intercept( -1.5514 0.7879 -1.969 0.0489*
Agriculture | 0.1436 0.0504 2.851 0.0044**
Regression model GMLR
Variable I a, t value p-value
Intercept( 1.0989 0.8626 1.2739 0.2100
Agriculture T 0.0755 0.0334 2.2581 0.0295*
0***0 significance | evel p<0.001, 06**06 signitf

The regression coefficient indicates how the response variable, avg. nitrate concentration is
related to the predictor variable, agricultural land. The relationship between the response variable
and predictor variable is found significant for all models because the regressiocienteialue

is higher than 1.96 times of the estimated standard error.
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3.4.2. Prediction maps using the regression models

The spatial distribution of groundwater nitrate contamination (i.e., interpolated prediction maps)
for the study area is obtainedng the model results reported3m.1. These prediction maps are
very helpful for identifying the areas where the groundwater nitrate is at specified concentration

level.

The results in Fig3.9 (ab) show that the logyransformed average nitrate contcation estimates

are higher in several areas of dense agricultural activity when using MLR and LR. The GMLR
interpolation map shown in Fi@.9(c) is created by using residuals from serariogram model

based on the output from the spatial correlationraipm. GMLR model with predicted leg
transformed average nitrate concentration is also found to be large in several areas similar to the
other prediction models. In the case of GMLR, predicted concentration values are found to be close
to the pseudo obsetion values at these locations. At the naehtral, soutiwest part of
Sampson Countgnd soutkeast part oDuplin County nitrate concentration estimates are small
using all three models. For the MLR model, average nitrate concentration variesrb@tmgé.

to 73 mg/L in original scale whereas for the GMLR model it varies between 0.05 mg/L to 133
mg/L approximately. Thus, GMLR model shows a wider range for average nitrate concentration
than MLR as it attributes more uncertainty in the model. Allefméesrpolation maps show a good
correlation with the Nertilized agricultural land map from Fi@.4(d). GMLR with nitrate
concentration prediction map show little detail and are fairly smooth spatial variation where the
nitrate concentration coverageagproximately 10 mg/L for most areas in the original scale. This
spatial variation is a continuous attribute and creates a smooth stochastic surface for the overall

model domain.

Prediction error variance was obtained by computing the variance of the error between the
observation and prediction locations. Prediction error variance for GMLR model considers the
estimation error of the regression coefficiefitse predictiorstandardaleviationerror mag(square

root of prediction error variancey shownin Fig. 39 ( d) where the O0cross?o
pseudo observation location8s expected prediction standard deviation is small near the
observation locations and greater faragvirom them. Generally, it is expected that the standard

deviation is large in areas which have less density of pseudo observations. In oBaogsnn
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Countyhas high density of observations and for this reason the higher standard deviation is found

i,

in the northcentral, southern part of the Duplin county.

%Fﬁ

(b)

N conc. (log-transformed
scale) (mg/L) I = Pr(N >5mgiL) [ |
I 057 -1.44 L 0.36-051
B 144174 N 0.51-081

174-1.94 061-067

194-214 ) 067-0.72
B 214238 0 5 10 20 Kilometers B or2-07 0 5 10 20 Kilometers
-238 429 I o72-098

. n

: l- .
* :
? Pseudo Observations
N conc. (log-transformed &

scale) (mg/L) N’c(a;lonrz (lol(ll-tmnstonned
12 e
I 061-154
1662.09 1.54-1.58
209-249 ' 1.58-161 )
I 249-331 0 5 10 20 Kilometers Bl 16163 0 5 10 20 Kilometers
[ RIS —— [ RERTY b

Figure 3.9. Predicted logtransformed nitrate maps: (a) average concentration from MLR,
(b) Probability of exceeding 5 mg/L from LRM, (c) averageconcentration from GMLR -
UK, (d) predicted standard deviation map from GMLR-UK with cross points indicating

pseudo observation locations.
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Higher standard deviation reflects the inherent uncertainty associated with the map. Uncertainty
lies in the estimatedue to the result of data errors in the well database,b@8d explanatory
variables (i.e. potential sources) and also estimated error in developing the-GKitéefficients.
3.4.3Effect of increasing agricultural activity

To assess the vulnerability of groundwater resources due to nitrate contamination, sensitivity
based scenario analyses were carried out. Since agriculture was identified as the sole significant
predictor variable in the regression analyses, the analysidimided to examining how increase

in agricultural activity will impact the extent of nitrate contamination in the study area. Four
scenarios were developed with increasing percentagefeftiNzed agricultural land from 10%

to 50% when compared to thase case. For better evaluation of the increasing contamination, the
total nitrate concentration level is categorized into three ranges such as (<5) i) ngg/L,

and (>10) mg/L. The analysis is performed for GMLR model only as it was identifiaughasiter
performance among three models from sec3dr?. The results are shown in F&y10. For base
case, average nitrate concentration < 5 mg/lL
of the total area covering both counties for the mo@leé avg. nitrate concentration ranging
between 5 to 10 mg/L shows a coverage of 62% of the area. Avg. nitrate concentration exceeding
10 mg/L shows a coverage of 25%. The percentage of area covered by the model within each
category compares reasonably wahd the largest area coverage is found in th@ Bg/L range.

The different percentage coverage of avg. nitrate concentration by GMLR model is compared with
the study by Dubrovsky et al. (2010). According to that USGS study, the elevated nitrate
concentration exceeded a median nitrogen concentration of 2.6 mg/L and total nitrogen
concentration of 3.4 mg/L in groundwater for Sampson and Duplin counties from North Carolina
associated with higher fertilizer application and manure inputs into the agratidind. Therefore,

the median nitrogen concentration found the USGS study is lower compared to the reported value
because the largest coverage is found within the rangd @ngg/L.

With the increasing amount offértilized agricultural land use fro0% to 50%, the area covered

by nitrate concentration < 5 mg/L reduces from 9% to nearly 2%. On the contrary, nitrate
concentration exceeding 10 mg/L increases to nearly 85%. Thus, increasing agricultural activity
has the potential to make a greater fachf groundwater to be contaminated above the EPA safe

level of 10 mg/L.
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Figure31 0. Original scale average nitrate concen

different categories for GMLR model showing base case, 10, 20, 30, and 50 perdentease

in the N-fertilized agricultural land.

3.4.4 Effect of denitrification rate

In previous analyses, a denitrification rate of 0.0002was assumed (secti@B.2.1). However,
denitrification rates can vary significantly from site to site anchewéhin the same site. To
examine the effect of uncertainty in denitrification, scenario analyses with rates of 0, 0.0002, 0.002,
and 0.02 y* were carried out. In general, increasing the denitrification rate is expected to lower
the impact of potentiaources on the receptor locations by lowering the zone of influence weights.
Table 34 presents the regression analysis results for the GMLR model with increasing
denitrification rate; agriculture is again identified as the sole significant predictobleafiam

both MLR and GMLR model, Results shows positive incremental tendency of regression
coefficients with increasing denitrification rate. This is because the impact of contaminant sources
lessen due to reduction of influence zone surrounding thetogdepations and to overcome this
regression coefficients increase to match concentrations at the receptors. Besidealbrs,ip

found less significant (i.e., increasing/alue) with increasing decay rate as potential sources have

a smaller influencen the nitrate level at receptor locations.
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Table 3.4. Regression Coefficients 1g with Standard Errors d, obtained from GMLR

for Agriculture

Regression model GMLR

Denitrification rate 7 a, t value p-value

k=0.0 0.1045 0.0302 3.459 0.0012**

k = 0.0002 0.1274 0.0365 3.491 0.0011**

k = 0.002 0.3363 0.1061 3.169 0.0028**

k=0.02 1.3465 0.6563 2.052 0.0462*
60***06 significance | evel p<0.001, Oo**60

Additional analyses were carried out to assess the impact of increasing agricultural activity in the

study area under various denitrification rates. For thrpgse, Nfertilized agricultural land was

signi f

increased to 30% when compared to the base case. The total nitrate concentration level is

categorized in a similar way as described in se@®idrB. The analysis is performed using both
MLR and GMLR models bubnly the results from GMLR model are presented in 8ifjl. For

base

approximately 1% of the total area covering both counties for the GMLR model. The average

nitrate concentration ranging between 5 to 10 mg/L shows a coverage of 3% of the area for the
GMLR model. Average nitrate concentration exceeding 10 mg/L shows a coverage of 96% for the
GMLR model. With the increasing decay rate, the largest area coverfag@dsin the <5 mg/L

range and it becomes approximately 99% with the highest decay rate of k = 0.02. Nitrate

concentration exceeding 10 mg/L becomes almosiexastent for higher decay rates exkaugh

N fertilized agricultural land is increased by 30%though increasing agricultural activity

case.

e.

no

decay, average

ni trate

c

accelerate the tendency of groundwater to be contaminated above the EPA safe level of 10 mg/L,

increasing decay rate (e.g., with improved landscape management practices) has the ability to

contain average nitrat®ocentration below 5 mg/L for more areas.
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Figure31 1. Original scale average nitrate concen

different decay rates for GMLR model with 30 percent increase in the Nertilized

agricultural land.

3.5. Summary andconclusions

In this study, source apportionment of groundwater nitrate contamination is performed in an area
encompassing Duplin and Sampson counties in North Catnjimansidering agriculture (as-N
fertilized land), lagoons, CAFOs, and population (renéag septic waste) as potential source
types. Nitrate concentrations extracted from a previously published BME model were considered
as pseudo observations and used to compute the source contribution from different sources. The
novelty of the work liesn the use of influence zones generated using a groundwater transport
model to account for transport pathways linking potential sources to receptor locations. We are not
aware of any previous work that has used this concept to account for transport paifiveays
overall methodology developed in this study is a proof of concept for an alternate approach for
determining nitrate source apportionment in a regional setting. For comparison and validation
purposes, three different regression models (MLR, LR, and_-BMwere used for source
apportionment. Among the four source types considerdeytized land remained as the only
significant explanatory variable.

The regression models were used to generate prediction maps of average nitrate concentrations.

The prediction maps obtained by the three models show high nitrate concentration along the north
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to central part for both counties and it decreases near theesoytart of the county boundary.

The reason behind higher nitrate concentration in those particular area is the heavy flux of nutrients
from upland areas that continues to decrease near the coast. The generation of spatially distributed
UK map along witlregression prediction maps is an example of detecting the area under risk due
to increased groundwater nitrate concentration. The prediction maps showed that the mean nitrate
concentration is approximately 14 mg/L for the MLR model and 4.5 mg/L for theRsiMadel.

Thus, GMLR model shows a more realistic nitrate concentration range comparable to what has
been reported in literature. The prediction variance map obtained from the GMLR model showed
higher uncertainty in areas with fewer observation points. pitmdability map of nitrate

concentration exceeding 5 mg/L from the LR model may be used to identify risk prone areas.

Vulnerability assessment of groundwater nitrate contamination was performed using a series of
sensitivitybased scenario analyses byraasing the amount of the-fdrtilized agricultural land

by different percentages and by varying denitrification rates. These analyses showed that the
extent of groundwater contamination above recommended safe levels can increase substantially
with increae in agricultural land use. Also, a higher denitrification rate can reduce nitrate
concentrations to safe levels reinforcing the need for landscape management practices such as
installing riparian buffers. In general, the application of the source apporint methodology
developed in this study requires a dataset sufficiently large to represent the conditions and choice
of explanatory variables that are representative of potential groundwater sources in the area of
study. Under such conditions, the matblogy could be extended to other areas of interest. While

the general approach developed in this study can be extended other sites, some major limitations
of note are: (i) use of a simplified twbmensional groundwater model, (ii) use of pseudo
observamns instead of real observations, and (iii) assumption of a constant denitrification rate that
may not represent real field conditions. Addressing these limitations could be topics for future

investigations.
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SUPPLEMENTA RY MATERIAL
Table A. List of crops identified by the Cropland Data Layer (CDL) lie within the study
boundary and also the amount of N fertilizer applied in the agricultural field according to North

Carolina 2016 Agricultural Chemicals Manual.

CDL Identified Crop N fertilizer load (Ib/acre)
Corn 150
Cotton 80
Sorghum 85
Sweet Corn 135
Pop or Orn Corn 120
Barley 70
Durum Wheat 100
Spring Wheat 100
Winter Wheat 100
Rye 95
Millet 60
Mustard 75
Dry Beans 90
Potatoes 125
Sweet Potatoes 65
Watermelons 85
Onions 100
Cucumbers 120
Peas 50
Tomatoes 85
Sod/Grass Seed 150
Switchgrass 150
Peaches 5
Apples 50
Grassland/Pasture 150
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Table A.(continued)

Triticale 70

Carrots 65
Asparagus 100
Cantaloupes 95
Honeydew Melons 95
Peppers 115
Strawberries 35
Squash 85

Dbl Crop WinWht/Corn 125
Dbl Crop Oats/Corn 125
Lettuce 100
Pumpkins 85

Dbl Crop Lettuce/Durum Wht 100
Dbl Crop Lettuce/Cantaloupe 95
Dbl Crop Lettuce/Cotton 80
Dbl Crop Durum Wht/Sorghun 85
Dbl CropBarley/Sorghum 85
Dbl Crop WinWht/Sorghum 85
Dbl Crop Barley/Corn 150
Dbl Crop WinWht/Cotton 80
Dbl Crop Soybeans/Cotton 80
Blueberries 60
Cabbage 135
Cauliflower 135

Celery 90
Eggplants 120
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CHAPTER 4

Investigation of Climatic and Anthropogenic Stresses on Nitrate
Contamination in Surface-Subsurface Hydrologic Systemsising an

integrated SWAT-MODFLOW -RT3D model

Abstract

Understanding the interaction between groundwater and surface water in watersheds is essential
for assessment of lorgrm anthropogenic impacts on ecosystems due to agricultural farming
practices. Nitrate leaching from intensified agricultural farming practices percolates through the
surficial aquifer and degradgroundwater quality in many parts ofONTo evaluate the process

of nitrate accumulation and leaching in surface and groundwater, we developed an integrated
model using SWATMODFLOW and simulated the nitrate transport in aquifer using
MODFLOWb6s reactive tr ansporliedtonthe Natheast GageF&r T hi
(NECF) Watershed 1565km?) within the Cape Fear River Basin ilCNUSA. One of the major
objectives of this work is to examine the impact of climate change by quantifying the spatio
temporal dynamicef water budget and interaction proces3é® coupled model is set up for the

time period of 185-2010, validated for the period of 202D17 and contrasted with an emission
scenario of RCP 4.5 using Global Climate Model (GCM), CCSM4 for the period ofZT8RB

For this specific emission scenario, an increase of 2.5GarBannual average temperature is
projected, whereas projected precipitation showbghtly increasing trend. Initially, the model

was calibrated and validated for streamflow; sptdinporal anomalies of thgroundwater
surface watergw-sw) interactions were studied for mostly seasonal and annual basis. Model
simulated results show that climate change will have profound impact for increasing the
groundwater discharge from aquifer te $tream b¥p5% anddecreasing the groundwater storage
volume by 33% with RCP 4.5 scenatrio till the end of this cenRoint and norpoint sources of
nitrogen loadingrom animal farming operations (i.e., swine, cattle, sprayfield) were incorporated
into the coupled modeBensitivitybased scenario analyses indicate #ggicultural sprayfield is

the most sensitive component for the relative impact of nitrate contamination in both groundwater
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and surface waterWater quality simulations indicate thawerage goundwater nitrate
concentrations expected to decrease byR2andin-stream monthly average nitrate loading will
increase by 4.5% inext several decaddsie to the combined climatic and anthropogenic ingact
The decrease in groundwater nitrate concentration might be impacted lbledi@ation of
groundwaterstorage volume over timavhereas significant increase in groundwater discharge
from aquifer to the streammay account for the increase im-stream nitate loading.These
findings will have profound impacts ontmate management for potential application in other
watershedspointing to the necessity for conservation practices.

Keywords

Agricultural watershed, SWAMODFLOW, groundwatetsurface water interactions, nitrate

transport
4.1. Introduction

Understanding the interactions betwgeoundwater andurface water isssentiahs they are not
independenin the hydrological cycle. All type olusface watefeatures includig streams, lakes,
reservoirs, estuaries interact closely witbupdwater As an interaction process, pollution from
surface watebodies can cause degradatiorgafundwaterquality and conversely the pollution
from groundwatercan deteriorateurface watequality. For effective land and water management
practices, it requires to create appropriate linkages betgreemdwaterand surface wateras
applied to any given hydrogical setting. Although seepage fraurface waterbody may
rechargegroundwatems they are hydraulically connected (Winter et al. 1998); but the interactions
are still difficult to measure and frequently ignored in water management policies and

consideations.

Nutrient pollution from agricultural resources have incredssmiendouslyduring the last half
century due to oveapplication of industrial fertilizers arehimalmanure, although nutrients are
considered as essential elements for plant growilrate (i.e., N@-N) contamination of
groundwatemandsurface watemay occur from various natural (e.g., rain, forests, grasslands etc.)
and anthropogenic sources (e.g., Concentrated Animal Feeding Operation (CAFO), municipal,
fertilizer applied on roverops, septic waste etc.) sources. During rainfall events nitrateccan

into groundwatelby leaching from soil profile (Randall and Iragavarapu, 1995), transport through
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the saturated zone and finally released to the stream from aquifeouradwatedischarge (Duff

and Triska, 2000)Nitrate having a concentration & mg/L or greater igroundwatercan
contribute to the inhibition of chemical reduction of environmental pollutants, such as selenite
(SeQ) and sulfate (S4) (Bailey et al, 2012).Groundwatemnitrate has some influence emface

water body through transport pathwayterefore nitrate measuremenn surface wateris
necessaryn evaluating the contaminant sourcesgmoundwater A strong connection exists
between the aquifend stream; seepage from stream to the aquifer and alterngtivehdwater
discharge from aquifer to the stream depending on seasonal hydrologic condlgionslerstand

how the nitrate contamination propagates frurface wateto groundwaterand vie versa, an

integrated gwsw model is required.

Over the last twalecades, numerous modeling studies considerinrgvgimteractions hae been
conductedSophocleous et al., 1997; Markstrom et al., 2008; Sudicky et al., 2008; Kim et al.,
2008; Bailey et al., 2016). Tapntinue researgmumerical models muéilfill the studydemands

such as data availability for modsdtup, easy to use, desired levdlaccuracy for simulation
results etc. Hydrological models are categorized intorhagor parts that are commonly used in

the contaminant remediation studies: watershed models having focus on land surface processes
with simplified subsurface consideratipandgroundwatemodels with focus on sefurface flow

and transport processddowever, nodels are categorized as completebyipledand loosely
coupled according to the coupling strategies (Gue@amtaoa et a). 2020) for the model
application purposédgoselycoupled model shows better performance (Bailey et al., 2016; Wei et
al., 2019; Aliyari et al., 2019; Liu et.aR019).To study gwsw interaction processes\eral
numerical modeling approaches are widely usdwse are: MIKE SHE (Abbott et all986;
Refsgaard and Storm, 1995; DHI, 2017), CATHY (catchment hydrology nbydeniconi and
Wood, 1993), Parflow (parallel flow modély Kollet and Maxwell, 2006), HydroGeoSphere
(Sudicky et al.2008), GSFLOW (Markstrom et ak008), and SWAIMODFLOW (Kim et al,

2008; Guzman et al2015; Bailey et a).2016). Among them, SWAMODFLOW is a loosely
coupled model which has been widely used dealuatinggw-sw interactions, water demand
analysis crop rotation and management practices, contamin#trongh chemical fertilization

from agricultural landreservoir studies etc. All these factors are critical for water balance analysis
where extensivdarming activities are carried out (Guevar®choa et al.,, 2020). Table 4.1

provides a list of studies @h have usedh integrated gwsw modeling to study the impact of
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climate change and nitrate contamination at the watershed scale. The novelty of this work lies in
the consideratiorof both climatic and anthropogenic factors éstimatingnitrate contamin@on

by a couplednodel. As SWATMODFLOW can simulate multiple physical processes efficiently

for large watershed, this study uses publicly available SWIKIDFLOW tool developed by
Bailey et al, (2016). Some of the key features of the coupled SYWKIDFLOW model is to

compute the spatitemporal distribution ofroundwaterecharge and discharge, surface runoff,

groundwaterevel, evapotranspiration etc. (Sophocleous and Perk#83; Bailey et a).2016;
Taie-Semironi and Koc2019; Aliyari et al,2019). The modified version of SWAWMIODFLOW

model has been useéa some recent studigaliyari et al., 2019; Chunn et al., 2019; Wei and

Bailey, 2019) for quantifying the g@w interactions due to climate chartgeugh the calibrain

of streamflow angjroundwateievels.

Table 4.1. List of studies where coupled modeling technique have been used for climate

change and nitrate modeling

Research Model used Study Area Description Limitations
Conan et aJ. SWAT- CoetDan The fate of nitrate was - loosely coupled model
(2003) MODFLOW watershed, investigated with ar - spatial representation gfoundwater
-MT3D west of France integrated nitrate conc. was not characterized.
(12km?) management tool -scenario analysis wto fertilizer
application
Galbiati et Qual2E Bonello perform water balanct - loosely coupled model
al., (2006) MODFLOW watershed, analysis and predic - did not perform any scenario analys
-MT3D Italy nutrient leaching from - Spatial distribution of contaminar
surface to the aquifer ¢ was not presented
the model outlets
Narula and SWAT- Upper Yamuna Evaluatethe temporal - loosely coupled model
Gosain MODFLOW watershed distribution of non - accurate amount of nitrate leaching
(2013) -MT3DMS  (11,600km?  point source nitrate Ut of the soil is not simulated
loadings - Climate change scenarios assess
impact on stream flows
Jia et al. WASP- Chaobai river Concentration of four - surface waterconc. of contaminant:
(2015) MODFLOW alluvial plain, contaminants (NEN, was not characterized
-MT3D China CODMnN, F, As) were - loosely coupled model

simulated

- scenario analysis was performed t
guantify the impact offroundwater
level on nitrate contamination
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Table 4.1.(continued).

Wei et al, SWAT- Sprague River Simulate nitrate fate - semi coupled model
(2018) MODFLOW watershed, and transport in the - different types of agricultural
-RT3D Oregon (4000 watershed system loading was not considered in SWA
km?) - No scenario analysis has be
performed
Chunn et al. SWAT- Littte Smoky The coupled model -semicoupled model
(2019) MODFLOW River was used to evaluat - did not perform any scenario analys
watershed, the potential impact o' considering anthropogenic influenc
Alberta climate change an« from agriculture and domestic secto
(11,494km?) gw-sw interactions -shortterm future projection
Wei and SWAT- Lower Evaluate nitrate anc - semi coupled model
Bailey MODFLOW Arkansas phosphorus - nutrient loading from anima
(2021) -RT3D River Valley, remediation in an operations was not considered
Colorado (732 irrigated watershec SWAT
km?) using coupled model - Did not perform climate chang
scenario analysis
Aliyarietal., SWAT- South Plate Climate change - semi coupled model
(2021) MODFLOW River Basin, impacts on future - assumptions that all current wat
Colorado water resources an management practices remain sa
(72,000km?)  agricultural throughout 21 century
productivity - climate change scenarios only ass:
the impact on stream flows
This Study  SWAT- Northeast Examine the impact o - semi coupled model
MODFLOW Cape Fear climatic and - use of statistically downscale
-RT3D River anthropogenic factor: climate data
Watershed of nitrate -apply the model at watershed scale
(1665 kn?) contamination  using

the integrated model

Now a days, proper water managementisagr challenge worldvide due to numerous emerging
stresses. Hydroclimatic changes due to global warming and severe anthropogenic influences create
impact on theiver streamflonand the winter recovery of glaciers (St. Jacques,&@l0). Thus,

climate modeling toolkelpto predict future changelie to external forcing of the climatic system
andanthropic actiongBarros et al., 2015). Climate change impact assessment savelidisided

into several steps tseincorporate the use of water resources models (Pechligagti@il., 2011;
Panagopoulos et al., 2014; Roy et al., 2015; Sarkar, 2Qk®.of hese steps volve in the

selection of climate change scenarios from a Global Circulation Model (GCM) or Regional
Climate Model (RCM;) process those data to be statisticdibwnscaleduse it agnput intothe

water resourcesnodels and finally make a comparison betweéhe simulation resultand

historical observation®r thefuture climatc condition The global volume of extracted wateitl
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increase in future and Churet al., (2019) describdtlis increasing trends due to the relative

water withdrawals in major sectors such as agricultural, energy, and domestic uses. Overall,
climate change through future radiative forcings will affect the supply of drinking water
(Vorésmarty et al., 2000), alterationsgw-sw interactions (Saha et al., 2017), changes in water
quality (Murdoch et al., 2000; Whitehead et al., 2009), and alterations in the seasonality of the
streamfl owds ( Alsialgoatopic oéidcussolthat, wha? Willlb@ the impact on
nearterm or longterm future due to climate change. Chunn et(2019)developeda coupled
SWAT-MODFLOW modelto studygw-sw interaction undevarying climate conditions from

2010 to 2034. They reported no siigant impact from climate changhkuring thisshort study

period, pointing to the need for a longer assessment period.

The concentration of nutrient pollutants in many watersheds is increasing through anthropogenic
stresses caused by waste discharges arge lamounts of chemical fertilizer application in
agriculture. It is necessary to understand how natural and anthropogenic pollution combined with
climatic stresses affect watershed management and remedial actions. Moreover, nonpoint source
pollution (NP3 from agricultural activities deterioratesot h st reams and aqui f
due tonutrients released from its associated pollutants. The exported nutrients from the excessive
fertilizer applicationin the agricultural watershedhangesthe water quality status from
oligotrophic to eutrophic conditions and stimulate major environmental problems (206).

To the date, nitrate has been the ntmshmon pollutant investigatad modeling studies (e.qg.,

Conan et al., 2003arula and Gosain, 2018Yei et al., 2019Szymkiewicz et al., 2020). After
satisfying the crop demand and denitrification capacity of soil, remaining nitrate from fertilizer
application can dissolve and Iéamto the underlying alluvial aquifer, and then load to streams

via groundwaterdischarge (Du et al., 2016; Zhang, 2016; Zimnicki et al., 2020). With the
development of SWATMODFLOW model (Bailey et al., 2016), and solute transport modules
e.g, RT3D (Reative Transport in Three Dimensions, Clement, 1998), this integratetietps

to identify hotspots of nitrogen pollution across thgpundwaterand surface watemedium,
providing a scientific basis for managing Apoint source pollution in the wateesh (Ehtiat et al.,

2016 Kamali and Niksokhan, 201Wei et al., 2019).

In an agricultural watershedroundwaterplays a very important role for propagating dissolved
nutrients from aquifer to the stream. Indeed, SWAT alone cannot simulate flow anchtnutrie
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transport processes groundwater(Bain et al, 2012). Therefore, a fully integrated SWAT
MODFLOW model (Bailey et al2016) can be applied to capture the-gw interactions in the
study watershed. To incorporate nutrient fate and transport, prestialies (Galbiati et al2006;

Narual and Gosajn2013) have linked MT3DMS with SWAMODFLOW. In this study,
integrated SWATMODFLOW-RT3D model habeen considered that can represent the Rydro
chemical processes due to nutrient movement and transformastmategroundwaterand
surface watenutrient concentrations, nutrient loading from aquifer to the stream and vice versa.
The model is applied to tiéECFwatershed (1565 kfwithin the Cape Fear River Basin for the
period 19852017 After identifying sensitive model parametergael calilvationwasperformed

to get a better comparison with the measured data by adjusting those for the stiithe sitedel

is again tested for climate forcing scenarios, RCiPangingthe period of 1982099. Thewell-

known GCM (CCSM4 has been used heveéhich is downscaled by MACA method (more in
section 4.3.5). While climate change will alter hydrological conditions due to changes in the major
climate variables (air temperature, precipitation and evapotranspirajionyjdwateresources

will equallybe inpacted not only through their interaction wdlrface watebodies (e.g., lakes

and rivers), but also, through the recharge presessdirectly (Jyrkama and Sykes, 2007).
Therefore, quantifying climate change impacts gpaundwaterrequires assessment fafture
evolution of the hydrological variables that interact with gheundwatersystem groundwater
recharge, nutrient leaching, etc.). Predicting recharge and discharge conditions under future
climatic change is essential for integrated wegsourcesnanagement and adaptation. The results

of this study can be applied to other intensively agricultural regions where the emission scenarios
from the selected climate model would be helpful for better understandihg @imatic impact

that a community may face in future.

Objectives andresearchtasks

The overall goal of this study is to understand the relative contribution of nitrate contamination in
groundwaterandsurface watedue to the impact of climatic and ardpogenic stresses. For this

purpose, the following five major objectives are formulated.
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(1) Develop a fully integrated ssgw model using SWAT and MODFLOW for an agricultural
watershed. This objective will help us understand the benefit of coupling two maitiels
than using them individually. It can be accomplished by the following tasks:

V Calibrate SWAT only and SWAMODFLOW models using observed streamflow
andgroundwatetevel data for calibration period

V Compare monthly stream flows simulated by SWAT oayg coupled SWAT
MODFLOW models with observed data for testing period

V Compare the observeggoundwatetevels with the simulated values from coupled
SWAT-MODFLOW model for testing period

(2) Characterization of the spatiemporal patterns of gww interactions for the calibrated
SWAT-MODFLOW model. It will help to understand how the SWAMIODFLOW model
guantifes the swgw interactions at watershed scale. Also, how the amognbohdwater
discharge is changing with time at various locations along the main river and its tributaries.
The following tasks will address this objective:

V Analyze the spatial patter§ groundwaterdischarge to the stream network on
seasonal basfer the duration 019852017.

V Perform water balance analysis to compute the contribution from different
components in the hydrological cycle.

(3) Compute nitrate fate and transport in the staigha by developing a SWAWMIODFLOW-

RT3D model and use the model to calibrate and validate with respect to the historical water
guality data. This objective will help to answer what are the transport pathways of nitrate
in the strearaquifer system durindhe historical period.

(4) Examine the impact of climatic stresses by performing scenario analyses using the
integrated SWATMODFLOW-RT3D model. This objective will address the question of
how the seasonahteractionof streamflow impacts the relative contributionnitratein
both groundwaterand surface waterunder extreme climatic events. Also, how climate
change can have major impact on thegswinteractiongprocesswater balance system in
the basin scale. Than be accomplished by the following tasks:

V Seasonal interaction betweenonthly gwsw exchange ratefor the model

simulation periodlue to the impact of climate change
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V Compare the spatial changes in recharge on seasonal basis i.e., four seasons of the
year.

(5) Examine the impact of anthropogenic stresses by performing scenario analyses using the
integrated SWATMODFLOW-RT3D model. This objective helps to answer how the
integrated model can be used as a planning tool to predict the effect of anthropogenic
influences on the watershed. The following scenarios will be performed to see the relative
impact on nitrate contamination with respect to the baseline scenario:

V Understanding the impact of point and fawint source loading at different
implementation leels.
V Perform sensitivity analysis for different types of anthropogenic loading coming

from nitrogen inputs.

4.2. Overview ofcombined SWAT-MODFLOW

This section provides the summary of the models used in this part of the dissertation. A brief
overview about each of the base model along with how they perform as an integrated model is

given below:

4.2.1. SWATmodel

The Soil and Water Assessment Tool (SWAT) is a basale model that is widely used for
understanding water quantity aappliedin a watershed scale (Arnold et 41998; Gassman et al.

2007; Neitsch et gl.2011). This is a physically based model, computationally efficient, and
capable of performing continuous simulation over a long period on an annually, monthly, and daily
temporalresolutions. SWAT is a widely used watershed runoff model that can handle large
watershed based on the division into multiple-babins and subsequently Hydrologic Response
Units (HRUs). The HRUs represent percentages of thewvsidrshed area and do rfudve a
designated geographic location within a SWAT simulation. Mass balance equation for discharge,
sediment, and nutrients are computed for HRUs within eactbasin, where SWAT creates
homogenous characteristics for land cover, soil properties, tgoland management.
Additionally, SWAT can divide watershécto HRUsdepending on the specific characteristics by
dominant land use, soil type, and management (Gassman et al., 2007). The input data requirements
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for the SWAT model are soil properties, ciite data comprising of daily rainfall,
maximum/minimum temperature, hydrology, land use categories, topographic elevation, etc.
SWAT computes HRU based recharge, river stage, and water transfer as lateral flow or net
recharge from surface groundwateraquifer. In case ofjroundwaterflow and solute transport,
SWAT is not capable of determining the spatial distributiongadundwaterlevels and
groundwatelinteractions withsurface water.e., groundwaterdischarge and stream seepage. It is

not capable to show the spatial distribution of aquifer parametershgdyaulic conductivity,
porosity, specific yield and specific storage) (Kim et al., 2008; Wei et al., 208§)ite having

its owngroundwatemodule.

SWAT model is capable of simulating nutrient transformaitnbm several forms between organic

and inorganic pools in the nutrient cycle within the root zone (Tuppad et al., 2010). Incoming
source of nutrients to the system are coming from atmaspfigation, plant residue, and
fertilization, while outgoing components that represent nutrient losstfresoil includes surface

runoff, plant uptake, leaching, lateral subsurface flow, grodindwaterflow. The SWAT in

stream water quality dynamicsasmputed using QUALZ2E kinetic routines (Brown and Barnwell,
1987; Arnold et al., 2013). It is often used to evaluate the effects of land management practices on

water resources and ngoint source pollution within basins.

4.2.2. MODFLOW model

MODFLOW is a physically based, threBmensional finite difference ground water flow model
(McDonald and Harbaugh, 1988) widely useddoyundwatemodeling studies. It is capable of
simulating steady and transient flows in a saturated system where the aquiteatayeonfined,
unconfined, or a combination of two. In MODFLOW, an aquifer system is replaced by a
discretized domain consisting of numerous numbers of cells (Chiang and Kinzelbach, 1998) and
aquifers are represented as layermuBdwaterflow equationis solved by MODFLOW based on

the finite difference approach using the laterally and vertically discretized grigdtbellaquifer
properties remain uniform within each grid cell. In additictODFLOW can simulate
groundwatehydraulic head at the centefr each cellcell-based recharggroundwateievel etc.

The modekan adequately generate surfaodsurface interactive processes such as exchange rate
between river and aquifer (Sophocleous et 4097) by using the river (RIV) and
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evapotranspiratiofEVT) package MODFLOW can also simulate the effects of wells, wisai
headdependent boundaries etc. However, MODFLOW considers surfaceudabe processes

in a simplistic manner and quantificationsofiface waterecharge ratesan beinaccurate wite
considering MODFLOW model alone (Kim et al., 2008; Aliyari ef 2019). To overcome the
potential disadvantages o$ingsingle model, combination of SWAT and MODFLOW works as

a coupled model to quantify t he gioundwatesgstemi on s
(Kalbus et al., 2008ejranonda et al., 200.7

4.2.3. Couplingof SWAT and MODFLOW models

One of the most essential components of an effi@esindwatermodel (MODFLOW) is the
accuracy of recharge rateased olnput data. Many factors are liable for showing sptgimporal
variability of the groundwaterrecharge such as climatic conditions, soil properties, land use
changes, and hydrological heterogeneity. Some of these factors are not considered in tl@nestimat
of recharge rates fgroundwatemodels.Besides there lies some uncertainty in the simulated
results because of the data processing error. In contrast, SWAT model has its own module for
groundwater(Arnold et al, 1993) which is a lumped model thednnot represent the distributed
parameters such as hydraulic conductivity.overcome this limitation, both models are coupled
together in one interface to build an integrated-syw model. The linking of SWAT and
MODFLOW model (i.e.SWATIi MODFLOW) was frst developed by Sophocleous et @997),

and further improved recently by Kim et,gR008) Bailey et al, (2016). SWAFMODFLOW

model has been widely applied to watershed scale for simulation-efvgwteractions over the

last two decades with contious upgradation (Sophocleous and Perkins, 2000; Conan et al., 2003;
Galbiati et al., 2006; Narula and Gosain, 2013; Guzman et al., 2015; Deb et al., 2019; Wei et al.,
2019; Liu et al.,2020; Sabzzadeh and Shourian, 2020). The SWAT model is ceoufiied
MODFLOW using the recently developed SWAMODFLOW modeling code (Bailey et al.
2016). MODFLOWNWT (Niswonger et aJ.2011) version is being used for this purpose. The
hydrological processes conducted by SWAT and MODFLOW in the integrated model are shown
in Fig. 4.1 which isadopted from (Bailey et al2016) with SWAT processes labeled in green,
MODFLOW processes labeled in blue. The RT3D processe$vedare labeled in red and will

be discussed in next section.
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Figure 4.1. Hydrologicalprocesses of SWAT, MODFLOW, and RT3D (Bailey et al2016)

To integrate SWAT and MODFLOW, SWAT HRUs must be disaggregatsdand then itis
called DHRUs. These DHRUSs split a given HRU into individual polygons, which allows it to be
geclocated so thatannection between SWAT and MODFLOW is facilitated (Park and Bailey
2017). After the disaggregation of HRUs, lagesare createdetween fileswith the help of
SWAT-MODFLOW code to pass the information that how many HRUs, DHRUs, and
MODFLOW grid cells exst in the project. At this stage, DHRUSs to be linked to the corresponding
MODFLOW grid cells for data to be transferred through deep percolation. The MODFLOW river
cells are identified by intersecting with the SWAT stream network andsagwteraction prcess

is established for each silasin stream. The entire process of creating the linkage files and
coupling the SWATMODFLOW model is explained in detail in the SWATODFLOW tutorial
(Park and Bailey2017). This coupled SWAMODFLOW model is widely usedll over the
world for watershed modeling assess the impact of climate changegamundwatetdevels and

streamflow.

In this study, we have used QSWATMOD, a Q®ksed GUI plugin that create the linkages
between the SWAT and MODFLOW model within a geqgurical information system (GIS)
setting which wasoriginally developed by Park et a(2019). QSWATMOD again uses the
SWAT-MODFLOW modeling code from Bailey et a{2016) for simulatinggroundwateread,
flow and gwsw interactions. Previously, Baileat al, (2017) developed SWATMOPrep, a
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pythonbased GUI that has some limitatiottsdid notcreatdinkage between SWAT and existing
MODFLOW model and could not display model output results or coempadel results. Whereas,
QSWATMOD allow users to vislize the model output results and make comparison with
obsereddata.Moreover it is user friendly because this tool is based on the free andsopece
QGIS platform.

4.2.4. RT3D (Reactive Transport in 3 Dimensionghodel

After settingup the MODFLOW model, the integration is required with RT&Dich is a three
dimensional modelised to simulate muispecies, reactive transport in saturated porous media
(Clement 1998). RT3Dcan simulatéhe mass conservative advectispersiorreaction (ADR)
mass balance equation for one of more solutes froonglwatereactive transport stem (Bailey

and Park2019). The ADR equations for solute transpontitfatecan be written agq. (4.1).

HCyo, EByo

£ " G l:?)

where Cho, is solute concentration of NQM/L 3]; D, is the hydrodynamic dispersion coefficient/[l;

Oq
gf " Ku@%qgﬁ Gt (4.1)

O3

x ;[L] is the distance along the respective Cartesian coordinat® asigiegroundwatewelocity [L/T]
for MODFLOW dynamics;f is porosity; g, is the volumetric flux of water representing sources and sinks;
CSN% is the concentration of the source or sink wate(y, is the firstorder rate constant for denitrification

[1/T]; Ky, is the Monod half saturation constant [Wfor NOs. RT3D was successfully used in the

past for simulating chemical transport, chemical intévactvith geology, pumpedroundwater
chemical fluxes etc. This reactive transport model simulategtedwncentration in up flux at the
surface (i.e., HRU cells at the surface). It also computegeioadingtowardsthe stream whereas
groundwatedisdharge into the stream is simulated by MODFLOW. Thus, RT3D usebasdid
groundwatemhydraulic headgroundwaterflow field computed by MODFLOW model for solute
transportation purpose. RT3D has been included into the SWADFLOW modeling
framework similato Wei et al. (2019 becauset is capable of doingnulti-speciegransport for
anygivennumber of solutes. Nitrogen loading into the stremsmulated by RT3D and overland

transport ohitrogen simulated by SWAT would be useful for identifying the relative contribution
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of nitrate contamination into botgroundwaterand surface waterresources. Testing of this
integrated SWATMODFLOW-RT3D combination will becarried outfor the study sitén North

Carolina.

4.2.5. SWAT-MODFLOW -RT3D modeling framework

Following the briefoverview of individual SWAT, MODFLOW, and RT3D modgFig. 4.2
presents a schematic showing the entire data flow for the integrated model. Also, how the
methodology is adfed to evaluate the spattemporal dynamics of water balance and-syw
interactions under climatic and anthropogenic stes'he overall methodology is divided into
three major partsdevelopmenbf modeland couplingstrategies calibrationperformance and
scenario analysis. At first, the SWAT and MODFLOW models were individually constructed with
input dataand then rumas a coupled SWAMODFLOW model for the historical period ofécord
(19852017). At the start of model run proceske frst6 years were considered as wanmperiod

to allow the water cycle to reach equilibrium so that an initial state is ensured (Daggupati et al.,
2015). It is to benotedthat SWAT modelneeds tohave the full HRU coveragso thatthe
computed rechargend nitrate leaching will be transferred properly to the underlying MODFLOW
grid cells.After a successful coupled model runh@s been calibrated for streamflow, hydraulic
heads for three observations well locatiopsrformance is evaluated ftihe spab-temporal
pattern of the water balance and gve-sw interactionsNext, thecompuation of groundwater

flow by MODFLOW is done;RT3D subroutine is called inside the MODFLOW model which
also receives nitrate concentration in each HRU from the SWAT msidalltaneouslyAt this
stage,RT3D simulates nitrate concentration for each MODFLOW grid cell and N mass loading
to/from the stream. Before running the integrated SWAJODFLOW-RT3D model, an important

step was to reconstruct nitrate concentratiataas there were so many missing information in

the obseration
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Figure 4.2. Schematic of integrateanodeling framework and applied methodology for the

modified SWAT model withadditional point and non-point source loadings
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In the meantime, modification of SWAT model wadso performedb incorporate additional point
andnon-point loadingcomingfrom antropogenic sources. After that, calibration of nitrate data

was carried out as a performance testing of the coupled model. The default time step for coupling
these three models together is daily, even though the frequency for model outputs can be changed
to monthly basis if desired. The final stép to examine the impact of both climatic and
anthropogenic stresses, perform sensitivity aealgfter calibrating the coupled model for nitrate.

Here, the CMIPS5CM is used to quantify future climate projectsoand in this regardliimate
hypotheses have been formulated from historical observatiomst.2 shows a schematic that
summarizes the applied methodology for evaluating the sfatiporal dynamics of wateutiget

andgw-sw interactions under scenariokclimate change and anthropogenic changes.

4.3.Model development for the NECF watershed

4.3.1. Studyarea

The study region is the lower Cape Fear River Basin known as Northeast Cape Fear (NECF) River
watershed. The watershed is associated Withi t ed St ates Geol ogi cal S L
code (HUC) 03030007 and is consist of three HUC10 basis namely Goshen Swamp, Headwaters
Northeast Cape Fear River, and Limestone Creek. The watershed occupies approximately 1565
km?2. The mainstem of the Cagrear River is joined by two major tributaries: Black and Northeast
Cape Fear rivers. The watershed is mainly drivegrbyndwatersystem two aquifers lie within

the watershed namely Surficial (Upper aquifer) and Cretaceous (Lower aquifer). The nadjority

the watershed falls within Duplin Countwith smaller parts lie within Sampson and Wayne
counties;overall, it carries a greater part of swine and poultry operation in the Cape Fear River
basin. Most of the agricultural lands in the watershed aradpvéh hog waste, which contains

large quantities of both organic and inorganic nitrogen and phosphorus (Malliri@98). In
addition, heavy deposiin of organic nutrients and low DO levels characterize wetlands in the
watershed. The floodplain alliwm consists of limestone, sand, clay or mud depending on the
lithological formation. It is generally characterized as low topography, sandy sediments, extensive
floodplains, and high concentration of dissolved organic matter (Mallin,e204l1). The mads
dominant landise typesn the watershed is agricultural land wéltoverage ofaw crops (42%),
forested wetland (20%), randpeush (13%), evergreen forested land (12803water body (0.3%).
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In the NECF watershed, most common farming practice iidlgefarming and hay cultivation;

large quantity of hog waste is sprayed on Bermuda grassland from March through September and
small grain field from September through March. As a part of the nutrient management plan, the
manures from hog farms are ofterpigd to croplands or hayfields. The domingyge crop is

corn, wheat, cotton, soybeans, sorghum etc.4g8yshows thetudy area map with a 3@ DEM

of the region. The average annual rainfall for Duplin County is approximately 53 inches with
precipitaton mostly occurring during the summer months. A National Hydrography Data Set
(NHD) with high-resolution stream layer was superimposed on the DEM to improve the

hydrographic segmentation. Thelectedstream gauging station within our area of intereatde

found from the followingrig 4.3

Legend
1™ T counymoundary

! [ Iwatershed boundary

| — Norneast cape Fear Riter
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|| Digital Elevation Model
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High : 188.137

- Low :-14.7832

Figure 4.3. The topographic elevation and the gauging station inside the study area.
4.3.2. SWAT model development

SWAT model was developed using ArcSWAT 2012 (Winchell et28113) for the study area.
DEM was then imported and used to delineate the watershed into 2#&snb (Fig4.4) and
stream network was created (primarily NECF River). The direction and accumulatoriaucke

waterflow based on the lovelevation pointsre calculated within each siasin. For this study,
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the main outlet of the watershed is located at the swentered point of the modeled region

considering the boundaries and hydrologic parameters of the entire basin are delineated.
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Figure 4.4. NECFriver watershed; (a) displaying the delineated subasins, (B soil type,
(c) multiple slope classification, and (d) land cover types during the SWAT simulation
period.

The sources and descriptions of the applied data are summarized in Table 4.2. Based on the
available soil and land use maps, 7 types of soil and 15 land use types werevdd#iingte area.
From different soil classes, major soil types are found nameljolk and Autryville. From
various land use types of the study area, ROW crops covering most of the part. Woody Wetlands
are mainly dominated towards the river corridor, and agricultural activity logimgnatedover
the watershed. Aftedefining soil adl land use classification datae choosenultiple slopefor
the model to better represent the topographic variation found in the field. A slope over soil type
threshold of 5%, 0%, and 0% were used, respectively, for defining HRUs. A total of-Basinb
(Fig. 4.4) and 2,793 HRUs were delineated. Daily historical data related to precipitation, maximum
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and minimum average daily temperature from January 1985 to December 2017 were obtained from

the PRISM climate group from Oregon State University at a resolaf 4km grid PRISM cells.

Table 4.2. Input data required for the SWAT model and their sources

Type Dataset Resolution Time spanand References
time step
Climate PRISM climate group (daily 4km 19852017, http://www.prism.oregon
precipitation, max & min PRISM daily state.edu/
temperature) cells
DEM National Map System, U¢ 30m x30m N/A https://viewer.nationalme
Geological Survey (USGS p.gov/advancediewer/
DEM 2018)
Soil type US Digital General Soi 1/250,000 N/A https://datagateway.nrcs
map Map (STATSGO) from usda.gov/
National Resources
Conservation Servic
(NRCS 2018)
Landuse  National Agricultural 30m x30m N/A https://nassgeodata.gmu
map Statistics Service (NAS¢ and du/CropScape/
2018) and National Lani 30m x30 m and
Cover Database (NLCI https://viewer.nationalme
2011) p.gov/advancediewer/
Streamflow US Geological Survey fo 1 in study 19852017, https://waterdata.usgs.g¢
station ID: USGS 0210800 area daily observed v/nwis/inventory/?site_n
Northeast Cape Fear Rivi streamflow 0=02108000

near Chinquapin, NC

4.3.3. MODFLOW model development

The MODFLOW model was constructed using MODELMUSE inter{&i¢mston, 2009)Similar

to the Guzman et a[2015) and Bailey et al2016), the MODFLOWNWT was used here which
incorporates the timearying recharge from SWAT model. MODFLOW model employs spatial
and temporal discretization, defining initial and boundary conditions, importing aquifer praperties
The total MODFLOW model area was 2,920%mith a length of 63.6 km (i.e., 212 columns) in

the xdirection and 45.9 km (i.e., 153 rows) in thdiyectionwhich isshown in Fig4.5(a). Model

was discretized at coarser resolution for the coupling purpose with SWAT model, with each grid
cellhavig di mensi on of 300m 1300m. The O6actived
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col or scheme and ddlorscharne founi Big. 456). The maalel is buili foru e
three layers and heterogenous hydraulic conductivitpmsideredvithin these layers. Hydraulic
conductivity estimates are based on the known lithology depending on the hydrostratigraphic
formations in the study arebput data foMODFLOW can be found from Table 4.3. Hydraulic
properties of the hydrogeologic units were sipett using the Upstream Weighting (UPW)
Package of MODFLOWNWT (Niswonger et al., 2011). In the UPW Package, each layer may be
specified as either confined or convertible.
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Figure 4.5. NECFriver watershed; (a) displaying the DEM with MODFLOW grid cells, (b)

active and inactive cells within model, and (c) interpolated water table elevation map using
monitoring wells data.

Three types of boundary conditions are considered in the MODFLOW nuadhstant/specified

heads (CHD), rivers (RIV), and recharge (RCH). The CHD data used here was ofstaint-ok
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hydraulic headsf nearby observation wells. The interpolated map with water table elevation is
shown in Fig4.5(c) from where the CHD data ward@lected Both RIV and RCH data were taken

from the corresponding SWAT model to keep the consistency while coupling the two models
together. Simulated time perioftem the MODFLOWNWT modelaresud i vi ded i nto 6
stress periodsStress periods aegainsubd i vi ded i nto O6time stepsd du

The Ot-stbacteénstress period was considered for

Table 4.3. Input data required for the MODFLOW-NWT model and their sources

Type Dataset Resolution Time span References
and time
steps
DEM National Map System 30m x30m N/A https://viewer.nationalmap.gov
US Geological Surve) advancedviewer/

(USGSDEM 2018)

Bedrock Specific Storage 300m x N/A Campbell and Coes, 2010
properties 300m
Bedrock Hydraulic 300m x N/A NC Geological Survey, 1998
properties  Conductivity 300m https://mrdata.usgs.gov/geolog
[state/state.php?state=NC
Boundary Constant/Specified  N/A 19852017 Interpolated  values  fron
conditions  head observation wells
Boundary Rivers 1,350 grid 19852017 SWAT model output
conditions cells
Boundary Recharge Subbasin 19852017 SWAT model output
conditions scale
Streamflow US Geological Survey 1 in study 19852017, https://waterdata.usgs.gov/nwi
for station ID: USGS area daily /inventory/?site_no=02108000
02108000 Northeas (monthly
Cape Fear River nec¢ calibration)

Chinquapin, NC
Observation Water well records
wells area

4 in study 19902017, USGS and North Carolin
Discrete date Department of Environmental
for different Quality (NCDEQ)

wells https://deq.nc.gov/scienaata
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4.3.4. Nitrate data for the NECF watershed

Surface watemitrate concentrationsin-stream water quality data are obtained from the North
Carolina  Department of Environmental Quality (NCDEQ) online inventory
https://www.waterqualitydata.usivithin the Division of Water Resources AmbienbMtoring
System (AMS). It is the EPA STORET database available for public access. After downloading

the water quality stations and their relevant results, stations within the watershed are selected based
on the monitoring location identifier. Finally, omater quality station is selected (21NCO1WQ
B9290000) having available data for the pebetiveer198519% and it islocated near the outlet

of the watershed. As there were so many missifagmation for the selected statiobhbecomes

critical to remnstruct the water quality time series using surrogate variables such as streamflow.
These reconstructed concentration valaee thencombined with the daily stream flow rates at
USGS gage 0210782005 to compute monthly nitrate ldaitiglly, the progam LOAD Estimator
(LOADEST) (Runkel and Cohn, 2004)as usedLOADEST model has some limitations as it can
produce biased estimates when the relationship between load and explanatory variables are not
well correlated. Due tdhis limitation, nitrate datavasreconstructeégainusing WRTDS model

(Hirsch et al., 2010)which uses weighted regressions on time, discharge, and season (WRTDS)
to describe longerm trends in calculating both concentration and flux. Sineulated nitrate

loading fromboth LOADEST and WRTDS model are compared with observed loadbeaitiche

series plotan be found fronfrig 4.6. WTRDS modetancapture temporal variability of nitrate

loads better than LOADEST as it underestimated nitrate loads in some years. From the statistical
analysis the reconstructed nitrate loads from WRTDS model £R0.952, NSE = 0.951) show

better performance with observed loads rather than LOADEST motielR58, NSE = 0.805).
Therefore, the reconstructed nitrate loading daported from WRTDS moded used as observed

loads for nitrate calibration purpose.
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Figure 4.6. Simulated vs. measured nitrate loads comparison among different load

estimation methods

Groundwaternitrate concentrationsAvailable groundwatemitrate data in the NECF watershed
and nearby counties in recent years are collected primarily from USGS online inventory
(https://waterdata.usgs.gov/nyasd theséocations are shown in the Fig 4.7(a) sk this, some

groundwatemitrate data is available for the years (2@08.6) collected from a field campaign
which was conducted by NCDEQ back in 2016. These data are available online

(https://deq.nc.gov/about/divisions/watessources/gwesources showing well status (active

and inactive) within the pundwaterquality database from NC Division of Water Resources
(NCDWR) and argoresented in Fig 4.7(b). There &active observation wells with a total of 15
measurements ajroundwaternitrate concentration available for the model testing within the

watershed boundary.
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Figure 4.7. (a) Selected monitoring wells (highlighted as stars) from initial assessméiatsed
on combined data availability from USGS and NCDWR, (b) NCDWR monitoring wells for

groundwater levels and quality (both active and inactive).

The average rgpundwader nitrate concentration for the model testing locations surdounding

counties can be found from Table 4.4.

Table 4.4. Average gpundwater nitrate concentration collected from monitoring wells

Station Name County Collection Date Avg. gw nitrate Concentration (mg/L)
344922077484705 | Duplin 20032016 0.0443

345051000000000 | Duplin 20032016 0.036125

343635000000000 | Sampson 1999,2016 2.832

345809000000000 | Jones 20022013 0.0538

352439000000000 | Wayne 1997,1998,2016,201§ 3.2425

352905000000000 | Wayne 19942014 0.04773
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4.3.5. Climate changdorecastsusing GCM

One of the significant contributors to hydrological changes in a watershed is the impact of climate
change. In this study the Community Climate System Model fourth version (CCSM4) (Gent et al.,
2011)is used as a climaterecasterCCSM4 showed best perfoancein some previous studies

(Yin et al, 2013; Maenza et al2017; and Lovino et gl2018)for theclimatological analysems
Argentina and South Amerigagardingregional climateFrom the application perspectivajg
climate modeis found tohave lower uncertainty when compared to other modedsiamtifying

the gwsw interactions and water balaratevatershed scal@g&uevaraOchoa et al., 2020CCSM4

is developedby the National Center for Atmospheric ReseaffCAR). It hasan atmosphrc
resolution of 1.25 deg x 0.94 deg (Lat x Long) and r6ilpl ensembkedas described here
(https://climate.northwestknowledge.net/MACA/GCMs.php

The CCSM4modeldata was obtained from Multivariate Adaptive Constructed Analogs (MACA)

which is a statistically downscaled climate model method widely used for linking Global Climate
Model (GCM) output to local meteorological variables for the contiguduged States
(Abatzoglou and Brown, 2012). This downscaled method collects outputs from 20 GCMs of the
Coupled Model InteComparison Project 5 (CMIP5) at 4 to 6 kahoriginal resolution for
emission scenarios and historical GCM forcings period (24EB). The Representative
Concentration Pathways (RCPs) RCP dmfsl RCP 8.5epresent the greenhouse gas and CO
emission concentration potenttalvardsthe end of the century (20@8.00). The future climatic
projection includes the maximum temperature,imum temperature and rainfall at a daily scale

for theperiod(1985 2099; these data are downloaded from the MACA datistteclosest grid

cell of the selecteaveather stations within the NCEF watershed. The advantages of using MACA
methodareit consders any nostlimatic factors from historical datasgtiringdownscaling, thus
representing a sample distribution of r@ale observationglimate models are built on the basis
physical principes that dictates our overall climagystem.The variations in temperature and
precipitation in climate forecasts can be caused by a multitude of factors including natural forcings
from atmosphere, land surface, ocean, and sea ice as well as assumed gatiforagoission
scenarios. Usually, there is a band of uncertainty associated with these $dtestagtow with

time. Thus ensembles ddifferentmodelsare used to developrange of different scenarios and

help to understand thmodel drivenuncertaintiegCollins et al., 201B The study purpose is to
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assess the impact of climate change at watershed scale using the providestamalhta set

downloaded fromonline (ttps//climate.northwestknowledge.net/MACA/index.phd he data

generated with MACA method have been usedrnecent stug by Aliyari et al.,(2019.

4.4. Baselinanodelresults

4.4.1 SWAT calibration and validation for streamflow

Within the SWAT platform, the mode&las runsuccessfullyfor a simulatiordurationof 33 years

on a monthly basis. Model outputs can be generated on a daihstéymeor annual basis too.
Calibration guidelines of the model is well descriliethe Soil an Water Assessment Tool for
Calibration and Uncertainty Procedure (SWAAUP 2012) software documentation (Abbaspour
2015). In this studythe Sequential Uncertainty Fitting program (SURKR)used which is an
efficient algorithm for evaluating SWAT modgerformance and uncertainty during model
calibration and validation period (Abbaspour et al., 2007; Yang et al. 2808) stochastic
approach SWAT-CUP was used to calibrate the SWAT model against observed monthly
streamflow with several repetitions®@0 simulations under three iterations. The calibration starts
with a set of targeted parameters having large range defined by physically meaningfuasalues
shownin Table 4.5. The final calibration values obtained from last iteration for each of these
parameters are also listed in the following table. These 20 parameters related to discharge were
initially selected for sensitivity analysis based on the literatwiew from a similar hydrological
setting. Those parameter values narrow dat@reach iteration, until the best parameter ranges
are obtained. The sensitivity analysis showed thaparameters were highly sensitive to river

discharge found from theable 4.5
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Table 4.5. List of calibration parameters and their ranking from the sensitivity analysis

Parameter Definition Value Range Calibration Sensitivity
Value
Minimum  Maximum

CN2 Curve Number -0.2 0.2 0.0281 Medium

ALPHA BF Baseflow recession constant 0 1.0 0.466 High
(days)

GW_DELAY Groundwater delay (days) 1 500 494.394 Low

GWQMN Threshold groundwater deptr 0.01 5000 2687.831 Medium
for returning flow (mm)

GW_REVAP Gr oundwater ¢ 0.02 0.25 0.0905 High
coefficient

SURLAG Surface runoff lag cefficient 0.001 15 3.701 Medium

SOL_K Soil saturated hydraulic -0.5 2.0 1.7972 High
conductivity (mm/hr)

SOL_AWC  Available soil water capacity -0.2 0.4 0.057 Medium
(mm HO/mm soil)

CH_N(2) Main channeMa nni n g ¢ 0.01 0.3 0.3012 Medium

CNCOEF Plant ET curve number 0.5 2.0 1.48 Low
coefficient

CH_K(2) Main channel hydraulic 0.01 500 475.931 Low
conductivity (mm/hr)

RCHRG_DP Deep aquifer percolation 0 1.0 0.3184 Low
fraction

SLSUBSN Average slopéength 10 150 13.4524 High

ESCO Soil evaporation compensatic 0.3 1.0 0.5897 Low
depth

CANMX Maximum canopy storage 0 100 53.965 Medium
(mm HO)

OV_N Manningbés 6né6 001 0.6 0.1913 Medium
overland flow

CH_N(1) Manni ngds 6nd 001 30 12.924 Low
tributary channels

CH_K(2) Effective hydraulic 0 300 50.022 High
conductivity in tributary
channel (mm/hr)

SOL_Z Fraction change in soil depth -0.5 1.0 0.858 Medium

SOL_BD Fraction change in soil -0.5 0.5 0.3356 High

moisture bulk density
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A six-year warmup period (1988.990) was chosen to establish model initialization, which was
then calibrated for the period of 192010 and validated for the period of 202017 for
streamflowFor SWAT model setip, he warmup period is usually recommeéed as (3L0) years

to allow model for reaching equilibrium. When the simulatatlie for the streamflowclosely
matchesobserved streamflowt the watershed outlghe SWAT model is considered to be well
calibrated. Fig4.8 graphicallycomparegshe obgrved and simulated streamflow at tteeam
gagelocation shown previously inFig. 4.3. These results show thahe model successfully
predicted streamflow as there is good agreement between observed and simulated Jadties for
the calibration perio@Fig. 4.8(a) and the validation period (Fig. 4.8(bypr the model validation,
the calibrated values from thirtérationare utilized forrunning another 200 simulations for the
years 2012017.
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Figure 4.8. Observed and simulated monthly streamflow during (a) calibration period
(1991-2010), and (b) validation period (2012017) at the outletstreamgage station.
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The SUFI2 program compares the model performance between the simulated and observed
streamflow using different quantitative statistical tools such as coefficient of determinajpn (R
the NashSutcliffe Efficiency (NSE), percentage BIAS (PBIAS) etc. From multiple objective
functions in SWATCUP, we selected the NSE as the main objective function which is widely
used in many hydrological studies’ &sually ranging from 0 to 1, values of Rormally greater

than 0.5are acceptable (&thi et al., 2001; Van Liew and Garbrecht, 2003). The model is
considered to baearperfect when NSE is greater than 0.75, satisfactory when NSE is between
0.36 to 0.75 and unsatisfactory when NSE is lower than 0.36 (Krause et al., 22@5r @mnd +

factor are also important consideration extracted from the summary results of-SWRTp

factor, usually ranges between 0 to 1 considers how well the best simulation stays within the 95%
confidence interval and recommended value is greater than 0.70-fatir determines the
ranges of simulated uncertainty and small&aator value close to 1 is acceptalf®mme other
statistics such as KlinGupta efficiency (KGE), and ratio of the standard deviation of observations

to root mean square error (RSR) alsopresentedherewhich are important for modelaluation
Calibration and validation statistics for the outlet location are shown in Table 4.6. The SWAT
model is considered to be wellibrated as these summary statistics were compared to the
performance evaluation criteria adapted fritrese studiesThiemig etal., 2013 Moraisi et al,
2015;Kouchi et al, 2017) where all thse statistial parameterall within good to satisfactory
ranges.

Table 4.6. Final statistics from calibration and validation results of the SWAT model fothe NECF
watershed

NS Percentage| Kling -Gupta | Ratio of standard
Station | P-factor | R-factor | R? | (Nash | of BIAS | Efficiency | deviation of
_ observations to
Sutcliff) | (%) (KGE) RMSE (RSR)
Calibration
Outlet 0.72 0.82 0.84| 0.81 5.1 0.73 0.44
Validation
Outlet 0.77 1.16 0.82| 0.82 -1.5 0.90 0.43
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4.4.2 MODFLOW model calibration

Model calibration process is done by adjusting the model parameter values within reasonable limit
to minimize the difference between modemputed and measured heads. The MODFLOW
model was calibrated using measugedundwateilevel data from 4 wells available from USGS

and NCDEQ that have time series ddteations shown in Fig. 4.9nd are presented rable

4.7 inthe next sectionThe initial runs at the starting of the project setup were carried out under
steadystate () conditions to establish an initial condition for subsequent runs. This was done
intentionally so that the initial heads file could be used to run transient simulations. Later the model

was run for transient condition for the entire simulation period.
(a) (b)
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Figure 4.9. (a) Contour map of the hydraulic headm) for the NECF watershed, and (b)

depth (m) to water table (m) map at the end of simulation period of December 2017.

The hydraulic head roughly follows the topography in. Bi§(a) where higher heads are found
near the upstream regions of the study area. Spatial distribution map of depth to waier table
presentedn Fig. 4.9(b) where the MODFLOW hydraulic head at the end of simulation was
subtracted from the ground surfaaevation (DEM). In Fig4.9(b), negative values indicate where

the water level rises above the ground surface elevations. Constant Head Boundary (CHB)
conditions were imposed on the perimeter of the MODFLOW model which helped to bring the
simulated hydrdic heads down to the more realistic range of the observed heads. Apart from the
boundary conditions, many parameters such as hydraulic conductivity, specific storage, specific
yield for each layer were changed to achieve successful calibration resultsigfidut the
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calibration process, hydraulic conductivity was found one of those most sensitive parameters and
was adjusted couple of times to better represent the heterogeneity in the geological settings.
Hydraulic conductivity varied between 8 and 54 m/dénich is within the range found frothe
mentionediteraturein Table 4.3 whereas specific storage and specific yield values were 1.50 x
10%m*and 0.2, respectively. Incorporation of drainage packadjastment of riverbed thickness

andconductancef the river cellsvascarried outduring the calibration process.

4.4.3 SWAT-MODFLOW calibration for streamflow

Using the calibrated component models, a coupled S\WIWDFLOW model wasconstructed
within QSWATMOD interfaceas describeth Bailey et al, 2016. The calibrated SWAT model
results were used to couple with the calibrated MODFLOW model. To check the gooitiae
coupled SWATMODFLOW model, the simulated streamflow results are compared with the
observedstreamflowat the outlet gauge station. The simulated streamflow of the coupled model
had similar accuractp the SWAT model itselfwith the R and NSE stistic at the outlet for this

run of SWAT-MODFLOW werefound0.83 and 0.80, respectively (F&10).The simulated peak
flows are underestimatefdr couple of monthsthis might be due tohe limited ability of the
coupled model to take groundwater discharge into account and also framstimaing of the

return flows to attribute surface runoff properly. But again, considering the evaluation criteria
defined by Moraisi et gl.(2015), comparsn resul ts for streamfl ow
satisfact or yXandNshsgatisticf or bot h R
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Figure 4.10. Comparison of the monthly simulated vs. observed streamflow for the

watershed outlet
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Table 4.7 shows the simulated. observed averaggroundwaterevel on decadal basis at the
Calypso and Rose Hill statioshown earlier inFig. 4.5. The results show that the difference
between the simulated and measugszlindwatetevelsareacceptable for the observation well

near Calypso. For Rose Hill monitoring location, the simulated and observed values match quite
well. However, hydraulic head comparison was not possible at some other monitoring wells within
the study boundary becauskehaving limited data or the inactive status of wells. The residual
between the observed and simulated values for some decade is significant because of the
uncertainty due to heterogeneity hydraulic conductivity; localized calibration aiverbed
condud¢ance, drain conductance for the cells in the vicinity of those observation wells would be
helpful to capture the temporal behavior. Local assessment is not necessary for the purpose of this
study because we aim to assess the overall water resourceabiliblyeat the watershed scale for

NECF and give a broad overview for water resources management by quantifying water balance.

Table 4.7. Comparison of average hydraulic head (m) between the simulated and observation wells

Observation well | Time span

19851990 19912000 20012010 20122017
Rose Hill (obs) | 21.13 21.64 21.35 21.48
Rose Hill (sim) | 21.32 21.77 21.77 21.79
Calypso (obs) - - - 35.84
Calypso (sim) - - - 38.04

4.4 4 Spatio-temporal changes inwater budgetscheme

Temporal patterns of gww interaction:The averaggroundwaterdischarge rates (fs) for the
modeling area are shownhig. 4.110on both monthly and yearly basis during the 12917 time

period. Each month from each of the 29 years are used to calculate the monthly rates. A decrease
in groundwatemischarge rate is found during the spring monghg.(April: 3.83 m?/s) followed

by an increase in discharge rates throughout thesomamer months. During the fall months
discharge rates reabighervalues €.g.,0ctober: 4.57 riis), although thaighestvalues aréound
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during the winter monthse(g.,February: 5.174 ffs). The compéx dynamics due to increase in

both temperature and precipitation influences the groundwater discharge rates from the watershed
area. Groundwater dischargeasitivelycorrelated wittprecipitation Perhaps, there is a time lag

of aboutsix months exist in the area to reflect the changes in groundwater dischargeltiasges

in precipitation.

The annuahveragegroundwaterischarge rate varies from 3.6£/m(2002) to 5.82 ffs (2016)
with an aerage of 4.46 ffs and a standard deviation of 0.51&snAlthough the amount of
groundwaterischarge is varying from year to year, otleg entire periodhe change is minimal

with a slight upward trend afpproximately 0.016 ffs per year.

0 |
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Figure 4.11. Average gpundwater discharge rate (n¥/s) by (a) month and (b) year for the
time period of 19922017 at NECF watershed
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Temporal patterns ofrgundwaterdischarge, streamflow, and water balanEer the entire period

of simulation (191-2017) after the model warrup, the coupled model predicted the monthly

water balance in the study watershed. Eif2 shows the contribution from surface runoff, lateral

flow, groundwateiflow to streams, deep percolation to aquifer, soil water, seepage from streams

to aquifer, andgyroundwatervolume from SWATmodebs out put ; al | these re
water balance components in the form of water depth (in mm)mdhéhly surface runoff follows

patterns of monthly rainfall with high fractions occurring during the wet moiithes.simulated

water yield is mostly dominated by surface runoff, lateral flow,gradndwateflow from aquifer

to the streamas identifiedby Fig. 4.1Za). Water yield to the rivgoresents numerical values of

lateral flow (19.165 mm), followed by surface runoff (9.865 mm), grodindwatemreturn flow
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(7.484 mm). The basin monthly averageundwater discharge to streafream the MODFLOW
draincellsis goproximately6.258 mm. Duringhelate summer to early fall months, contribution

from surface runoff is dominant ovgroundwaterreturn flow due to the highg¢hanaverage
precipitation dung that periodHigher rainfall is expected to infiltrate less when the soils are
already partially or ovesaturated anbdence theontribution from surface runoéind latemal flow

is higherin the volume of wateenteringthe streams. Thus, water balze is playing an important

role to understand the ongoing hydrological processes and water transfer by balancing these

principal components.
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Figure 4.12. Contribution from principal water balance components in water depth (mm)
unit by (a) monthly average and (b) yearly average for the period of 1992017 at NECF
watershed

The annual averagir the mgor water balancecomponents within the ameof interestare
summarized in the Fig 4.12(b). Over the petioe estimated values a@anual average lateral

flow (230 mm), surface runoff (118.387 mngroundwaterflows from aquifer to the streams
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(89.81 mm) groundwater discharge tbe streans from MODFLOW drain cells (75.1 mmand
deep percolation from stream to aquifer (23.219 MAQDFLOW drain cells enable subsurface
drainage from aquifer to the streams in areas where groundwater levels are exceatirfgdbe
water table elevations. Aboli7.4%, and 14.6% of the total water yield on annual laastoming

from groundwaterreturn flows and MODFLOW drain cells, respectively.

Seasonal changes in recharg8patial distribution ofgroundwaterrecharge assessment is
important for maintaining balance betweegroundwaterabstraction and rechargeventually
computingthe contribution ofgroundwatertowardsthe stream. Understanding tgeundwater
rechargas related tahe identification of te sources anfhctors controlling therecharge. These
sources of recharge can come from both natural and artificial events. The major natural sources
are the contributions coming from precipitaticousface waterbodies, and adjacent aquifers.
Artificial sources are humadriven activities involving irrigation in the agricultural fields, canals,
septic systems etc. Besiditthesegroundwaterecharge is influenced by any changes in climate,
land use types, soil properties, geology, topography, and teptiater table (Sanford, 2002
Walker et al.2018).

Fig. 4.13 presents the seasogadlundwaterecharge distribution, with thep-left figure showing

the annual average recharge forpleeodof 19912017thatis calculated from the dailecharge
values passd from SWAT to MODFLOW. Most of the watershedceives annuaroundwater
rechargehatvaried between (@00) mm.These values are in the range reported by Giese et al.,
(1992) for the surficial aquifer system of Nthe figure showshigher recharge rate in the upland
forested areas and near the watershed outlet, with low recharge rate along theemzonridor.

Spatial variation in recharge rate is impacted by several factors such as infiltration capacity of soil,
climatic factors such as rainfall intensity, land use, basin slopeZetmlot et al., (2015)
investigated the controlling factors for spatial distribution of groundwater rechargeestified
positively and negatively correlated factors. Positive factors inglwdeipitation, sandy soil,
waterbodies such as lakes and rivers. Negative factors include clayey soil, vegetation cover, high
slope anduilt-upareas. Thefound soil texture to bene ofthe second most important paramster
responsible for the variatioof rechargebesides precipitatiorSimilar behavior for the spatial

variationof recharge is captured based on the soildyqmen this study
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Figure 4.13.(a) Annual averagerecharge (mm)for the entire duration (1991- 2017),
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i.e., higher recharge occurs in areas with hawogrsetextured soil (Autriville soil) and lower
recharge areas are mainly from poorly drained soil (Rains soil) from Fig. 4.4. The maximum
portion of the spadil recharge occurs during fall months (S$¢qv), and winter moths (Defeeb);

in these months réarge varies from 41.64 mm to 553 mm. Due togitoeindwaterdelay, there

is a shift inthe occurrence ahaximum recharge is observed. During spring, recharge is lower
than the other seasons comparatively. The annual average recharge is about 9%otélthe
precipitation. Irrespective of any seasonality, the maxiimmenthlyrecharge occurs in the lower
elevation areasSpatial pattern appears to be controlled by the basin Blegeuse rechange rates

are close to zero near the river corridor.

Groundwatersurface water exchang& key output of the SWAIMODFLOW model is the
detailed gwsw interaction for each MODFLOW river cell in the watershed. Here, the positive
values indicat recharge into the groundwater system, and negative values indicate discharge from
groundwater tevardsthe stream.The magnitude of the simulated discharge varied spatially in the
study area for nearly every MODFLOW river cell. In Fgl4(a), positive &lues reached into a
maximum of 6200 ris per grid cell, whereas negative values reached into 638@ar grid cell

for annual basis. This is the indication of significant interaction occurring between the groundwater
and surface water systems. This gdafariability is influenced by many factors, heterogeneity of
hydraulic conductivity might be one of them. Although theggwexchange fluxes were primarily
negative at the starting of the simulation, indicating discharge from aquifers and more positive
values are found in river cells with time. F§14(be) shows the deviation in monthly average
gw-sw interaction rates from the annual average rates. Near the watershed outlet, more aquifer
discharge is occurring during the monthslohe whereagelatively lowerrecharge is observed
during December and March. In addition, several tributaries from differenbasibs show
highest discharge rates throughout the sedsorther analysis will be carried out to show the

overall fluctuation dung these seasons due to climate change.
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Figure 4.14. (a) Annual average gvew exchange rates for the period (18- 2017),
deviation of monthly gwsw exchange rates from the average annuedtes for the months of

(b) March, (c) June, (d) September, and (e) December.
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4.45 SWAT-MODFLOW -RT3D calibration for nitrate

Model calibration was performed using the automated parameter estimation optimization
technique SUFI2 algorithm under SWAIJUP software tool as described by Abbaspour et al.,
(2015). A list of parameters described in Table 4.8 are considered as the lenattréor

calibration of instreammitrateloading at the outlet of the watershed area. These set of parameters

are taken along with the previously listed streamflow calibration paramétdrtal of 1300

simulations under five iterations are carried tmtaichieve satisfactory statistical results all

cases, NSE was chosen as the calibration objective funéteme, the reconstructed-stream

nitrate loading from WRTDS model is used as the observed data for model caliptapose

Table 4.8. Lig of calibration parameters for SWAT-MODFLOW -RT3D model

Parameter Definition Value Range Calibration
Minimum  Maximum Value

N_UPDIS.bsn Nitrogen uptake distribution paramet 0 30 10.12

RCN.bsn Concentration of Nitrogen in rainfa 0O 3 2.239
(mg N/L)

LAT_ORGN.gw  Organic N in the base flow (mg/L) O 30 13.903

NPERCO.bsn Nitrate percolation coefficient 0 0.3 0.098

ERORGN.hru Organic N enrichment for loading wit 0 4 3.457
sediment

CMN.bsn Rate factor for humus mineralization 0.001 0.003 0.0026
activeorganic nutrients

CDN.bsn Coefficient allows to control the rate « O 3 1.91
denitrification

SDNCO.bsn Denitrification threshold water conter 0O 1 0.463

FIXCO.bsn Nitrogen fixation coefficient 0 1 0.235

RCN_SUB_BSN. Concentration of nitrate in precipitatic 0 2 0.4907

bsn (ppm)

BC3_BSN.bsn Rate constant for hydrolysis of orgar 0.02 0.4 0.177
nitrogen to ammonia (1/day)

SOLN_CON.hru  Soluble nitrogen concentration 0 10 0.0818
runoff, after urban BMP is applie
(ppm)

Throughout this calibration process, extra caution was taken to account for any irregularities in the

nitrogen mass balance. Using six years (18996) of simulation at the watershed outlet, the
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overall nitrogen balance has been evaluated by lookingeatntirganic nitrogen applied as
fertilizer (as NH* and NQ@), denitrification, volatilization of ammonia, mineralization, plant
uptake, and initial and final soilitrate levels. Several trial runs were conducted to assess the
impact of each component in the nitrogen cycle as illustrated in Table 4.9. Some glyeviou
published values are algpoesentederebyfor comparisorto show howthe final selectedet of

nitrogen balance components (i.e., marked Wiitte color) standut with meaningful results with
respect to the summary statistiltss noted that the rge of values varied widely between studies

and the values selected in this study may not represent true nitrogen cycling rates but rather an
artifact of calibration. Of particular note is that atmospheric deposition was ignored in this study

as were somether studies reported in Table 4.9

Table 4.9. List of studies investigated for nitrogen budget analysiand different trial sets
have been executed for the adjustment of nitrogen budget parametefselected set for tis

study indicated in blue)

Nitrogen Gabriel | Epelde | Zettam Moriasi Nahal Hu et This This This This study
Budget (kg etal, etal, etal, etal, etal, al., study study study (trial 4
N/halyr) (2016) (2015) (2020) (2015) (2017) (2007) (trial 1) | (trial 2) (trial 3) | adjusted
values)
Study area Nahunt | Spain Africa Minnesot | Georgia | East NECF NECF NECF NECF
a a, USA , USA central watershe | watershe | watershe | watershed,
Waters lllinois, d, NC d, NC d, NC NC
hed, NC USA
Fertilizer 14.26 343 107.652 | 200 170 95 158.939 | 118.189 | 100.319 | 149.042
applied
Plant uptake | 162.39 | 136 272.763 | 140 41% of | 144 35.372 133.136 | 138.628 | 88.89
the
fertilize
r
applied
Denitrificatio 38.02 69 Not 26.5 5% at| 23 162.222 | 74.017 49.787 122.346
n mention the
ed watersh
ed
Atmospheric | 2.59 7 0.0 0.0 0.0 10 0.0 0.0 0.0 0.0
deposition
Summary NSE: R2: R2: NSE: R2: R2:0.72,| R2:0.68,| R2: 0.61,| R2:0.62,| R2: 0.70,
statistics 0.15, 0.86, 0.63. 0.74, 0.56, NS: 0.20 | NSE: NSE: NSE: NSE: 0.69
R2: NSE: NSE:0.4 | PBIAS: - | NSE: 0.67 0.56 0.58
0.32 0.77 8 4 0.53

Karimi and Obenour (2021) reviewed the atmospheric deposition data for North Carolina and
identified that the mediatotal annual nitrogen deposition is about 12 kg/ha/yr based on 18 years

of simulation from 2000 to 2017. We believe that ignoring atmospheric deposition would have
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minimal impact on our results as this is relatively small compared to other rates sutitizes fe
applied.Additionaltests were conducted to evaluate how the individual nitrogen cycling rates may
affect our final findings with respect to anthropogenic and climatic stresses (results not shown);

these tests indicated that these effects arenmaini

Table 410 providesthe nitrogen mass balance components for all transport pathways showing
average bastwide loadingsThe main N input i€stimated 22%62kg N /ha/yr comingrom N

Table 410. Simulation parameters of NECF watershed under thebaseline (191-2017)
scenario;the averagevalues of the entire basirfor the nitrogen mass balance parameters are

presented.
Parameter Definition Value (kg
N/halyr)

ORGANIC N Organic N loading to stream in watershed (kg N 2.580

NO; YIELD (SQ) Nitrate loading to stream in surface runoff 0.158
watershed (kg N/ha)

NOs YIELD (LAT) Nitrate loading to stream by lateral flow 0.184
watershed (kg N /ha)

NOs; LEACHED Nitrate percolationpast bottom of soil profile i 0.430
watershed (kg N/ha)

N UPTAKE Plant uptake of N in watershed (kg N/ha) 88.890

NO; YIELD (GWQ) Nitrogen loading to groundwater in watershed 0.136
N/ha)

N FERTILIZER APPLIED Average annual amount of (shineral and organic 149.042
applied in watershed (kg N/ha)
DENITRIFICATION Average annual amount of N lost from nitrate p 122.346
due to denitrification in watershed (kg N/ha)
HUMUS MIN ON ACTIVE | Average annual amount of N moving from act 35.322
ORG N organic to nitrate pool in watershed (kg N/ha)
MIN FROM FRESH ORG N | Average annual amount of N moving from fre 39.72
organic (residue) to nitrate and actigyanic pools
in watershed (kg N/ha)

INITIAL NO 3 IN SOIL Initial average amount of N ithe nitrate pool in 78.131
watershed soil (kg N/ha)
FINAL NOs IN SOIL Final average amount of N in the nitrate pool 5.362

watershed soil (kg N/ha)
fertilizer application followed by contribution from surface runoff, lateral flonmeralization

process both of humus and minerals from fresh organic N. In contrast, the main N output is

estimated to be 211.66 N kg/ha/yr due to plant uptake, followed by denitrification and stream

121



losses through nitrogen leaching into the aquifer. Téonst value of 12.896 N kg/halyr is obtained
after performing the nitrogen mass balance for the period of-2097. The nitrate calibration
resus f or 6 S WA Tarepresentdtl laterai sedtibd.7 where it is compared with the
coupled model p&wrmance. This model is further verified by comparing simulated and observed

groundwatenitrateconcentration, and tstreamnitrateloadings.

4.4.6 Goundwater nitrate concentrations

Some research conducteddifferent counties from N show that nitrateoncentration in both
groundwaterand surface watercan exceed watequality standards located near CAFOs and
agricultural fields (Stone et al., 1998). All the nearby counties vicinity to the study area are reported
with highest mean nitrate concentrationgroundwatefNaylor et al., 2018). Gilliam et.a(1996)
reported that areas fall within the inner coastal plan region are prone to nitrate leaching because of
the high permeability, well drained characteristics of the soils. The spatial distribution of simulated
annual averagedroundwatemitrate cacentration (mg/Lfor the NECF watershed is shown in

the Fig 4.15(a), with nitrate values ranging from O to 1.6 mg/L. This temporally averaged
groundwatemitrate concentration shows higher concentration along the river cosaioe part

of the northest and southwest region where application of commercial fertilizer (such as
ammonium nitrate) is dominant into the agricultural fields, and to some extent the places near the
watershed outlet.

Fig. 4.15(b) and (comparsthe simulated and observed nitrate concentration agitawsndwater
monitoring wells located within the study region. These two sites (Rose Hill and Chinquapin) are
selected due to the availability of maximum sampling data, although data are limiteditoeh

period of 2002016. In general, the coupled model showed better performance to capture the
simulated longterm trend in nitrateoncentrationAn acceptable match between simulated and
observed values are found depending on the limited observatimrscomparing the average of

the measured nitrate in Rose Hill (0.0281 mg/L), Chinquapin (0.0443 mg/L) sites with the average
simulated concentration at Rose Hill (0.0441 mg/L), Chinquapin (0.041 mg/L), respectively. These

two wells showed very low nitta concertation
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Figure 4.15. (a) Average celiwise spatially distributed groundwater nitrate concentration
with monitoring w e | lbcétisns; (b) and (c) are thepredicted concentration at those wells.
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than the naturddackground concentration both in observed and simulated results, although higher
values are found in nearby locations from Sampson, Wayne counties. Also, the simulated results
from Chinquapin site were not able to capture the seasonality (i.e., highentation due to the
fertilizer application during crop growing season, and lower concentration during winter months
due to the denitrification). Wei at £(2021) addressed this limitation of the coupled SWAT
MODFLOW-RT3D model that a future version dfet model should include chemical reaction

parameter in the riparian zone to capture the seasonalitgundwatemnitrate concentrations.

4.4.7 Nitrate in-stream loading and concentration

Monthly timeseries plots of simulated vs. observed nitratstieam loading at the watershed
outletlocation are shown in Fig.16 for the period 011991-:1996 The model is calibrated for this
period depending on theurface water data availability discussed earlier on Section M8dkel
results illustrate that the simulated nitrate loading tend to follow the-antawal variation of
observations and hydrographs (both for peak and base loading) for the outetatettsheduite

well. T h SWAT o n | model overestimatesassloading in mostime instanceswhereas the
coupled models able to track the temporal variability and magnitude close to the observation

pointsreasonably better
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Figure 4.16. Monthly time series nitrate in-stream loading comparison among observed,
simulated SWAT only, and simulatedSWAT-MODFLOW -RT3D model

The overestimation tendency of thigrate loading frorSWAT modelalonemay be due to the
lack of physically basedrgundwaterand solute transport modwhich enabledo capture the

complexity of nitrate attenuation pathways in theundwater
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Table 4.1 shows a statistical comparison of the model performance-&iréamnitrateloading.
There is a significant improvemefound in the performance statistics of the coupled SWAT
MODFLOW-RT3D model (NSE=0.69,%0.70, PBIAS=0.2jvhen compared tthe SWATo n | y 0
model (NSE=0.40, ®0.41, PBIAS=6.0). Again, this statistical comparison is conducted based
on the limited data availability from ttselectednonitoring locations. The biasness of the results

can further be improved by assessing k&gn monitoring timeseries water quayi data.

Table 4.11. Statistical performance evaluation betweendSWAT o n | gnd coupled SWAT
MODFLOW -RT3D model at thewatershedoutlet

Model P-factor R-factor R? NSE (Nash | Percentage of
Sutcliff) BIAS (%)

SWAT model 0.75 9.04 0.41 0.40 -6.0

SWAT-MODFLOW- 0.83 3.12 0.70 0.69 0.2

RT3D

To better understand, which of the SWAT subbasins contributing more to the nitrate mass loading,
the following Fig 4.% is seltexplanatoryThese are thergundwatetoadings (kg/day) of nitrate

from the aquifer to SWAT subbasin channels, providing values for each SWAT subbasin for a
given day of simulation. Average annual nitrate mass loading during the20491time period

for the NECFwatershed igpresented her&ll the individual subbasins are adding tremendous
variability from -6.59 to 1.84 kg/day. Here the light green colors representing negative values
indicate nitrate mass movement from the streams to the aquifer. Most of the subbasins show light
blue to darkblue color presenting positive values with mass loading from aquifer to the streams.
Due to the changes in topography, land cover, soil classification, meteorological ¢changes
stream nitrate mass loading i.e., discharge from aquifer to streams vadeg different sub

basins. The spatial variability in the shhsin loading plot helps to identijreas where mass
loading is substantially high.

125



NO3 GW Loading (kg/day)
RIVER
W -6.595 - -6.59
N -6.58--0.13
B -0.12-003
m0.03-0.16
H0.16-0.31
m031-051
mO051-078
m0.78-1.03
103-134
RETR N

Figure 4.17. Nitrate mass loading from aquifer to the subbasins over the period d991-
2017

4.5.Analysis ofclimatic influences

Typically, atmospheric deposition in the form of precipitation and changes in temperature play an
important role for changing streamflow, ¢gw exchange, recharggroundwaterlevels, mass
concentration ofnitrate in groundwater and instreamnitrate loadng of the watershed. To
encompass a better understanding of the predicted future climate changes, it is necessary to
examine how the historical trends in thegea r a metaegess Daily historical data of
precipitation, maximum and minimum air temperature collected from PRISM climate group are
converted into monthly scale to make a comparison within watershed parameters. The historical
and climatological impacts on totahr@ual precipitation and annual average maximum/minimum
temperatureis shown inFig. 4.18. To better understand the climate scenarios and make a
comparison with historical dat a, 6cli mate nor
represents avega annual observed values for the period d®112017 at the outlet of the
watershed. The temperature and precipitation series for the future climate scenario show a steady
increase in temperature, with an increasing trend in total precipitation too. eigwevtrends are
statistically significant for temperature, although slopes were very smal] Qe0@.Clyear).

During the wet season for some recorded years such as 1996, 1999, 2006, 2010 the monthly
average precipitation wdsgherthan 10 mnfrom the normal withpeak of about 20 mnm 1999

when hurricane Floyd occurred. These observed values of monthly average precipitation show a
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correlation of about 52% with the monthly estimated streamflow. Historical monthly average of
streamflow is about 23.4 is; higher values are recorded during the years of extremely high
precipitation event as well. The historical monthly average precipitation also showed a correlation
of about 51%with the coupled model estimated monthlystreamnitrateloading. The histocal
minimum values of monthly average precipitatmnrelate to low valuesm monthly streamflow

and instreamnitrateloading.

From the annual balance of historical-gw interaction changsimulatedgroundwatedischarge

is 86.98 mm compared to the total water yield of 418.68 mm. Theregfamendwaterdischarge
makes up about 21% of the streamfldlius the monthly average precipitation likegntributes

to higher streamflowhen compared tover seepage to the aquifers Axpected, hydraulic heads
increase in most of the placesthstotal aquifer recharge increases. Besitles the declining
trend ofnitrate concentration in thgroundwateris observed as a result of increasing recharge

likely due to dilution effects

The extremeseasongi.e., hot and cool days) based the monthly average maximum and
minimum temperature are compared to the monthly streamflow. Under hot climatic candition
the monthly streamflow values are found to be decreased significaméigthoughthe monthly
in-streamnitrate loading is notaswell correlated.Under the most extreme climate condigon
some water balance comporestich as surface runoff, recharge to water tabid)ateral flow
through soilcan beimpacted and eventuallgad tosome extreme changes in temporal behavior
of streamflow anchitrateloading.

For the future climate changes, one widely used GCM model named CCSM4 has beenaselected
detailed on Section 4.3.9Jnder the RCP4.5 emissioc® nari os, t he NECF
temperature will rise by 2.5 8Chy the end of this century. The total annual precipitation also
shows an increasing trend over the years. The climate hypothesis from the historical extreme
events will help to better undgand the future changes in both monthly streamflow asstt@am

loading. An increase in overall precipitation is expected to contribute mosvards both
streamflow and irstreamnitrateloading in the watershed.

GCM model forecasts indicate that in ¢pterm future, positive trends in precipitation and
temperature are expected for tRECF river watershed. This will create impact on streamflow,

andnitrateconcentratiorlevel bothin surface wateandgroundwaterWe examined correlations
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Figure 4.18. Historical and projected (a) total annual precipitation, annual averagégb)
maximum temperature, and (c) minimum temperature for the CCSM4 climate model

under RCP4.5 scenario

of historical precipitation and temperatudata with nitrate concentration and formulated the
following climate driven hypotheses for nitrate contamination in lgotundwaterand sirface

water
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We expechitratein-stream loading to show a slightly ineséng trend in the future. This

is because GCM model driven future climate with increasing precipitation will lead to
hi gher streamflow since precipitation 1is
0.52). This would also explain the increasédate loadings to the stream as mass loading

is again correlated (Pearson6és R = 0.51)
both streamflow and #streamnitrateloading are expected to decrease because they show
negative corr el a40.l7 and-0.2P, erespestivety)o foom Ristorical
observations.

Althoughnitrateconcentration isurface wateshowed negative correlation from historical
observations d r precipitation, the Pearson-0s C
significant. With increasing temperatuseirface water nitrateoncentration is expected to
decrease signi f i-&8@)nQverall, fronPteeaer canplexddynanics it is

hardt o predi ct t he udrface watehiteate oncerntratienfdfiegacthed

changes in both temperature and precipitation.
- Climate change could play a significant role mainly through the changgsundwater
recharge, leading to modifyroundvaterlevels.

on

Total aquifer recharge is expected to increase for a future climate with increasing precipitation.

This higher precipitation also leads to higher recharge, which will diitt&te concentrations in

groundwater From historical observations it is foundath with increasing temperature the

groundwater nitrate oncentr ati on t ends t0d9).d\tlt inceeasng

( Pea

precipitation, however, historical groundwater nitratec oncent r at i on di dnodt S

correlation.

4.5.1 Effect ofclimate change onwater balance

The comparison of the monthly average anomalies with respect to the baseline scenario for the

different seasons is presented in the water balance TaBRleWtien analyzing each component

from the water balance table, tempara for the RCP 4.5 shows an inciiegstendencyfor all

months of the year; whereas precipitation shows increasmdst of the month&xcept fall

seasoal months On anannual averagbasis analyseshe evapotranspiration (ET) for RCP 4.5

scenario shos a decliationof 1.57% that represent an average decrease of 1.13 mm with respect
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to the baselin€lThe annual average surface runoff (SurQ) viutiare projectiorshows a decrease

of 18%, which represents 1.77 mm with respect to the baseline sceharenual average lateral

flow (LatQ) also shows a decrease of 1.86% with respect to the baseline scenario for RCP 4.5,
with an average negative anomalies of 0.358 mm. The influence of monthly increasing trend for
temperature anomalies is higher than tifgtrecipitation, which shows an impact on the overall

decreasing trend in LatQ, SurQ, and ET.

The average recharge (RCH) presents positive anomalies for the RCP 4.5 scenario, which displays
an increase of 50.61% representing an average of 18.7 mmdRegtne net recharge, positive
anomalies occur during the summer months which is consistent with the increase in rainfall for
that particular periodThe positive anomalies of precipitation are somewhat influencing to increase
the amount of recharge agdoundwaterdischarge (GWQ) from the water balance component.

The averaggroundwatedischarge (GWQ) shows an increase of 50.39% representing an average
of 11.25 mnmunderRCP 4.5 scenario.

Table 4.122. Monthly average anomaly of the water balance (RCP4.3 Historical average).
Components of the water balance are Precipitation (PCP), Temperature (TMP), Evapotranspiration
(ET), Surface Runoff (SurQ), Lateral Flow (LatQ), Recharge (RCH), Groundwater Discharge
(GWQ).

Variable PCP T™MP ET SurQ LatQ RCH GWQ
(mm) ©» (mm) | (mm) (mm) (mm) (mm)

RCP 4.5
March 9.699 1.773 2.382 2.748 3.667 18.519 4.549
Spring April -2.328 1.322 5.525 -4.710 -5.126 0.913 3.725
May 5.601 1.728 8.040 -2.457 -2.032 2.486 3.657
June 10.245 1.693 -2.904 | -1.957 -2.132 1.276 3.002
Summer | July 4.592 1.660 -2.0852 | 3.411 7.664 13.701 3.332
August 12.729 1.669 -2.766 | 0.342 4.477 20.517 4.115
September | -6.576 1.540 -0.725 | -8.923 -2.811 15.971 4.319
Fall October -6.968 1.440 -2.609 | -5.338 -2.790 5.100 3.812
November | -8.033 0.517 0.267 -1.348 -2.206 5.165 3.634
December | 5.762 1.298 2.027 0.631 -2.161 8.284 3.873
Winter January -0.591 0.934 -0.742 | -0.332 -0.289 11.839 3.635
February 9.594 0.016 -1.281 | -3.381 -0.553 9.806 3.603
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452 Effect of climate change on streamflow, groundwater discharge,

groundwater storage

The monthly average streaiischarggm?s) was analyzed for both the historical baseline period
(19912017) and projected period (202899) under RCP4.5 emission scenario which is
presented in Fig 49(a). From the historical period, the highest streischargeoccurs during
September, 1999 due the excessive rainfall from Hurricane Floyd. Stredischarggm?s) is
also found to attain peak values during the reported conseauivyear periods (2042017) for

North Carolina.

~~
&

160 4 _ _ <

140 Historical RCP4.5

120

100
80
60
40
20

0
Oct-89 Jun-03 Mar-17 Nov-30 Jul-44 Mar-58 Dec-71 Aug-85 Apr-99

v

{GNBIY 5Adk @RI

(b) 70
—@— Groundwater Discharge= = = Historical Avg.— = = Rcp4.5 Avg.

65

60

55

DNER dzy Rg I (i S NJK58A0& (

50
45
40

Mddam 1 2011-2020 2031-2040 2051-2060 2071-2080 2091-2099

Figure 4.19. Historical and projected (a) monthly average stream discharge (#fs), (b) total
streamflow discharge (n#/s) at the watershed outlet from the aquifer to the stream on
decadal basis, plus the average value line for the baseline and RCP4.5 scenario.
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For the historical period, the simulated monthly average stream discharge is 23/88Bhm
monthly average streadischarg€m®/s) shows an overall increase of 5.43% in future with respect

to the baseline scenario, representing an average of 24/66amRCP 4.5 scenario. The total
annual average stream discharge from the watershed suieown in Fig 4.9(b) under both
historical baseline period and RCP4.5 scenario. These results are refined to decadal stream
discharges from 1991 through the end of tH&chtury. A notable intedecadal stream discharge
variation is observed; a atp decrease in the 202030s follows a flat to dramatic increase during

the 2060s. The stream discharge is projected to reach its minievefrat the starting of the
projected period to some extent near the end of the century. However, the suddee tharieg

2060s will surpass both the historical (198117) and projected (204899) average stream
discharge. The sudden increase in discharge in future climate for specific decades needs to be
assessed carefully to detect extreme climatic events.

The combined impact of rise in temperature and minimal increase in the average annual
precipitation throughthe 2c ent ury under RCP4.5 scenario will
water balance and it is well reflected in Fig@a), (b). Based ornts figure, lateral flow, recharge

to water table,groundwaterdischarge will increase by approximately 2%, 55%, and 36%,
respectively, byhe year2099across the basin. The totatreasen groundwaterstorage (RECH

+ SWGW + GWCON-GWQ -DRN -GWET) redu@sfrom 7.11 mm to 4.95 mnm the units of

depth a decrease of approximately 3@e to the major effect from increasing temperature
Besides temperature increment, increase in groundwater discharge from aquifer to the streams
groundwatedischarge through MODFLOW drain celend groundwater ET from shallow water
tableare the direct drivers for overall decrease in groundwater storage volume witAltithese

factors contribute to the total water yield into the stream. The total watd($URQ + LATQ +

GWQ1 SWGW + DRN) increases from 418.68 mm to 494.98 mm in the units of deptigrease

of about 15% to the entire basin.
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Figure 4.20. Water budget scheme to show the change imapndwater storage for the

entire basin during (a) the historical period; (b) the end of the centuryAll units are

presentedherein mm/yr.

4.5 3 Effect of climate change onspatio-temporal interactions

As a part of the key output from coupled model, the Figl 4l2ows the average monthly

comparison of the gww interaction for the historic and projected periods in NECF watershed.

Here the negative values represent discharge entering stream from the aquifer, positive values

indicate recharge from stream towathks aquifer. For the study area, the dischérga aquifer

to the stream will increase significantly for all months till the endiwfulation The recharge

volume seeping from stream to the aquifer will also increase marginally with the exception for the

months of February and June. For the watershed, the discharge from aquifer to the stream will

increase by 55% with RCP 4.5 scenario. On the opposite side, the recharge from the stream to the

aquifer is expected to increment by only 1% with RCFf@r.5he projected periad
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Figure 4.21. Comparison of monthly average exchange betweenogindwater and aurface
water for NECF watershed. Negative values represent discharge of the aquifer towards the
stream, positive values represent recharge of the stream tioe aquifer.

Fig. 4.2(a) shows the simulated annual averagesgmexchange flux varied spatially for 902

river cells till the end of the century under RCP 4.5 scenario. These spatial patterns are found
primarily negative indicating discharge fraaquifer to the streams in most cases. Eig2(bi e)

shows the spatial variation of gsw interaction in the river cells for different months from spring,
summer, fall, and winter seasomhe results for the starting month from each season are presented
here where the spatial variation is notably highe discharge from aquifer to the stream are
expected to occur mostly during March, September, and December; although the magnitude during
winter months is lower than the other twdeath (1994) also explad similar behavior for
groundwater discharge during spring months for NC and most of the eastern UnitedtStates.
typical for groundwateaquiferto discharge into the streams during dry months, so that streams
can maintain baseflovevel despite of having no raifror the month of June, recharge indicating
volume entering from stream to the aquifer will take place for majority of those river Teds
increase in groundwater level@a rechargewill cause gwsw exchanges to be reversed ame
MODFLOW river cells hereby,increasing thetotal number of cells that dischargeom
groundwater into the streaumder RCP 4.5 scenaridhese anomalies oagr mostly in the sub

basins from the norteast and souttvest part of the watershed.
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Figure 4.22. (a) Annual average gwsw exchange rates for the period (2012099); (b), (c),
(d), and (e) represents spatial variation of the gwsw interactions in the river cells for
different months of the year under RCP 4.5 scenatrio.
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4 54 Effect of extreme climae events

From the historical observations, several extreme climatic years can be identified in terms of
temperature and precipitation. The focus of this section is to examine how wet/dryayehrs
hot/cool years affect streamflow, groundwater dischaggmjndwater nitrate concentration, and
in-stream nitrate loading. From historical precipitation observations in the study period, we
identified 2007 as a dry year, 2013 as a normal year, and 2003 as a wet year. Year 1999 was not
included as it was an oigl year due to the occurrence of hurricane Floyd. The same set of
parameters were analyzed with respect to the temperature. We identified 2007 as a hot year, 1999
as a normal year, and 1996 as a cool year. It is noted that 2007 is identified both yesaa dnad

a dry year. Since the parameters being examined are in different units, normalization based on the
normal year values was applied for ease of assessment. B(a)4Bows the dry, normal, and

wet year normalized values for different paramet8isce precipitation is well correlated with
streamflow and streamflow is positively correlated witfsiream nitrate loading, we see higher
in-stream nitrate loading during a wet year and lower loading during a dry year. Since areal
recharge is positivglcorrelated with precipitation, groundwater discharge is also high during wet
years and low during dry years. For groundwater nitrate, it is difficult to observe a clear pattern as
higher values are observed during dry and wet years but a lower valug aumdrmal year. Also,

the highest value is observed during a wet year over a dry year. This might be due to the threshold
effects of leaching and dilution. Higher leaching due to higher rainfall may increase nitrate loads
in the groundwater increasingmaite concentration during a wet year. On the other hand, during a
dry year we may see reduced dilution effects leading to a higher nitrate concentration. In a normal
year, groundwater nitrate may be lower since neither occurs at significant leveld.2B{h)

shows the hot, normal, and cool years normalized values for different parameters. Since the hot
year (2007) is also a dry year, we expect streamflow, groundwater dischargestaednmnitrate
loadings to be lower as they are well correlated.ndged previously, groundwater nitrate is
negatively correlated with temperature and can be observed to be low during the hot year and high
during a wet year. This is likely due to increased evapotranspiration during a hot year leading to
reduced leachingnd hence lower groundwater nitrate. We also looked at extreme climatic events
on a monthly basis and did not find any new insights except the obvious; streamflonstared i

nitrate loading follows the precipitation trend. The insights learned fronbe¢havior of the
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guantities we have analyzed will be helpful for water managers in their demisking process

when similar problems arise in future due to extreme climatic changes. From future projections
under RCP 4.5 emission scenario, extreme dreughild occur during the years 2050, 2057, and
2090; whereas flood years could be 2023, 2039, 2067, and 2082. If we expect these years to behave
similarly to the historical period, we may see higher nitrate in both groundwater and surface water
during theflood years than the drought years.

(a)
Q 16
| mDry 2007 mNormal 2013 mWet 2003
o 1.4
P12
!
— 0.8
>
0.6
N
<04
0.2
0
Precip (mm) Temp (C) streamflow (m3/s) GWQ (m3/s) In-stream NO3 (kgbw NO3 (mg/L)
(b)
Q1.2
| mHot 2007 mNormal 1999 m Cool 1996
o
«N) 1
=<0.8
Z 0.6
>
Pz
0.4
o]
0.2
0
Temp (C) Precip (mm) streamflow (m3/s) GWQ (m3/s) In-stream NO3 (kg)Gw NO3 (mg/L)
Figure 4.23. For baseline, comparison among differe

as temperature, precipitation, streamflow (nf/s), groundwater discharge (n/s), in-stream
nitrate loading (kg), and groundwater nitrate concentration (mg/L) during extreme events
of (a) dry, normal, and wet year period; (b) hot, normal, and cool year period.
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4.6 Analysis ofanthropogenic stresses

In this section we study the influence of anthropogenic factoegémyining nitrogen loading from
various agricultural practiceSome scenario analyses have performed in this perspecbetter
understand the impact of anthropogenic stresses. Those larecomparison between
anthropogenically stressed modsdpecialy coming from animal farming operationgth the
defaultcase 2) sensitivity check amondifferent point and nospoint source loadingvhich is
incorporated with default moddlater, we can discuss abdubwthewater management practices

can be aimed foareas with elevateditrate levesin surface, sutsurface mediunf any.

4.6.1 Point and non-point source loading ofnitrogen

The basic SWAT model waseliminaryrun without point and nepoint sources which contribute

to the estimated nitrogdonads from the watershed significantly. In North Carolina coastal plain
aquifer systemAnimal feeding operations (AFOs) are recognized as major contrifatddsand

P to the streams (Glasgow and Burkholder, 2000; Mallin and Cahoon, 2003; Burkholder et a
2006; Rothenberger et al., 2009). Animal waste effluents from these lagoons and swine barns is
applied to the nearby fields following the
Animal Waste Management Plan. Extra caution is taken by iagpllye total N during the crop
growth season to avoid runoff or excessive leaching. Sometimes, problems can arise if the
application rates exceed the crop uptake limits. Similar to Swine and Cattle opecyolitser

from poultry CAFOs are commonly plied to cropland at thadjacentndividual facilitiesas a

source of nutrients (Crouse and Shaffer, 2011).

Use of onventional fertilizers for crop production are the primary source of nutrients at the
agricultural fields. This study usesagricultural sprayfield level PAN datacollected from
Christenson et gl(2015) where PANCrop (Ib) value he representative fadditionalnitrogen
loading. Fig 4.24 identifies the locations of all point and rpoint sources into thenodified

SWAT model for estimating the nitrogen loamsming from anthropogenic sources
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Figure 4.24. Point and nonpoint sourcesof nitrogen loading added to themodified SWAT

model within NECF watershed.

Here, theareal coverage frowlifferent land typeplay an importantole to detect the sources from
where majority of the nitrogen loads are coming from. In a study by Rajbhandari et at., (2015)
found that agricultural lands, forested lands, forested wetlands contalibhéenajority of nutrient

loads in North Carolina watersheds. Studies have found that 60%ragen could retain in
wetlands through physical and biological procesResiy et al., 199%aunders and Kalff, 2001).
Table 4.8 describes the list of permitted animal facilite@nsidered here as point sourcesl

what are the total amount of nitrogen collected depending on each livestock type.

Table 4.13. List of permitted animal facilities for point source loading and relatedstatistics for

estimation of manure volume, total nitrogen production annually.

Livestock Type | Regulated Activity Manure Volume Total Nitrogen lbs/1,000
Gallons/Animal/Year | Gallons

Swine State COC| Swine- Gilts 120 3.6

Swine State COC| Swinei Farrow to Feeder| 3,861 3.6

Swine State COC| Swinei Farrow to Finish | 10,478 3.6

Swine State COC| Swinei Farrow to wean | 3,203 2.4

Swine State COC| Swinei Feeder to Finish | 927 3.6
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Table 4.13. (continued).

Swine State COC| Swinei Wean to Feeder | 191 3.6

Swine State COC| Swinei Wean to Finish | 776 3.6

Livestock Type Regulated Activity Manure in Total Nitrogen
Tons/Animal/Year Ibs/Ton/Year

Cattle State COC| Cattlei Beef Stocker Calf| 1.5 13

Cattle State COC| Cattlei Beef Feeder 2.2 13

Cattle State COC| Cattlei Beef Brood Cow | 3.0 13

Livestock Type Regulated Activity Manure in Tons/1,000 | Total Nitrogen
Birds/Year Ibs/Ton/Year

Animal Individual | Animals Other 24 48

State

Total nitrogen numbers can be converted to first year PAN by multiplyirtgtdlenitrogen by an
availability coefficient for a specific waste application method; these coefficients range from 0.4
- 0.6 (Crouse et g12014). Manure production for animal types (poultry, cattle and swine) was
derived from N. C.trienBMaagageanment guidanadiclk dan bgaursd ori\their

website:http://nutrients.soil.ncsu.edufrhissame methodvasu s ed i n DWR6s 2015

the addition of a plant availability coefficient.
Total plant available nutrient can be formulated as(&£§)to (4.4)

TotalPlantAvailableNutrien{s PAN=(# ofAnimdlgear) 3 WasteWeightorVolunmie Anim
3 (TotalNutrientd WasteWeightorVoluiné AvailapCoefficient

(4.2)
The availability coefficient varies for different livestock types. For cattle assumptions:
PAN(Ib) = Sun¢# ofAnima)s® AccumulatedMan#réé NMaWweight#/1) 035 (4.3)
For svine assumptions:
PAN(Ib) = Sun# ofAnima)s® AccumulatedMan#ré® NMaWleight#/1000) G55 (4.4)
According to Crouse et al., (201Duplin, Sampson, and Bladen counties from North Carolina
receive highest amouwnf nutrients from land application of animal wastiégese counties also
receivevery high levels of TN from chemical fertilizer application. For this reason, an attempt is
made here to study the impact of such operations on water quality by considering the additional
sources of nibgenin thestudy area
In the subsequent sectiona comparison is made betweée estimates of lardpplied nutrients
from Animal Operationgi.e., point sourcesyvith the land-applied nutrientcoming from the

spreading of animal waste into thgricultural sprayfieldgi.e., nonpoint sources)The nutrient
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contributions from the point sources were estimated substantially lower than nonpoint sources.
Harden et a).(2003) stated that variations in swine barn density, peagerdf wetlands, and total
acres available for applying swhweaste manures had an important influence on watersheds where
CAFO effects on water quality were either evident or mitiga&tdne et al., (1995nentioned

that a stream with intensive swine and poultry operatiamshave several times higheartrient
corcentrations during both stormflow and baseflp&iodthan anadjacentareawith no animal
operationsin this regard, ensitivity analysiss carried out to identify which of these sources are
impactful for carrying more nitrate loads in tfieeams.

4.6.2 Impact of anthropogenic stresses in@undwater nitrate concentrations

This section elaborates how the changes in different anthropogenic stresses from the modified
SWAT model create impact on theogndwatemitrate concentrations of the coupled model for
33year simulation period. Fig. b@) shows the spatial distribution of annual average
groundwatenitrate concentration valuésr the baseline periodnging from 0 to 1.6 mg/L which

is discussed earlieifo find the effect of additional anthropogenic stresses, both point ard non
point sources loading are categorized into three major types; such as swine, cattle, and agricultural
sprayfield. Each of these types were increased by 30% one at a time amchulation forthe

coupled model. Spatial distribution of cellse differences in nitrate loads between the baseline
and each of these anthropogenic incremental stresses are plotted irbytdrdugh(d). As the
magnitude of the differences in nigatoncentration is very small, later these values are converted
frommg/L toug/L. Netincrease in nitrate concentration occurs in approximately 3.5% of the total
grid cellsdue toincreag of the point source loading coming from the cattle manure; loading
increase is concentrated in certain areas along the river corridor withistudy areaHigher
groundwater nitrate concentrationgsnerallyobserved in areas havitggherspatially varying
recharge rate; whereas recharge rate is well correlated with soil texture as discussédnn Sec
4.4.4.For the baseline scenario frongF4.2%5, groundwater nitrate concentration varies between
0.067 0.09 mg/L in areas having higher rechargée due to the presence of coaained
(Autriville) type of soil. For the swine manure, net increase in nitrate concentrérongh the
simulation period occurs around 37.21% of the total grid cells spatially, with the values varying

between 0 to 28 ug/L. The largest net incresmirsdue to addition of nopoint source loading
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from agricultural sprayfield having an area coverage ofa@mately 50.67% of the total grid

cells, values ranging betweeh to 21 ug/L. Theprofound impact in goundwater nitrate
concentratioroccursdue to the increase afiassloading from agricultural sprayfield, whidias

the highest spatial extent as idéet from the plots. Overall, gundwatemitrate concentration

is influencedby the level of nominal increase of these anthropogenic stressors, localized impact
of nitrate loading can potentially be meaningful for planning the water management scenarios

aiming to capturgheregional impact.

() Agricultural Sprayfield (d) Cattle
el AT N,

Difference in Nitrate conc.
(ug/L)
0.00-3.25

Figure 4.%5. (a) Annual average celwise spatially distributed groundwater nitrate
concentration (baseline) net increase in annual average nitrate concentration from the
baseline scenario due to the nibgenloading of (b) swine, (c) agricultural sprayfield, and (d)

cattle.
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