
                                                                                                                                                                           

ABSTRACT 

AYUB, RIYANA. Source Characterization and Vulnerability Assessment of Nitrate 

Contamination in Groundwater. (Under the supervision of Dr. G. Mahinthakumar) 

 

Nitrate contamination in groundwater and surface water from agricultural areas has been a 

major concern in the United States and around the world for several decades. This study 

investigates various aspects of nitrate contamination in groundwater and surface water from 

agricultural practices. This dissertation consists of three major parts. First, non-point source 

characterization of nitrate contamination into groundwater resources under geological 

uncertainty was carried out. A Bayesian framework using the Markov Chain Monte Carlo 

approach (MCMC) was developed to estimate the posterior distribution of non-point sources 

where uncertainties are due to geological formation (i.e., heterogeneous hydraulic conductivity 

field). This modeling approach was demonstrated for a hypothetical test case based on the 

surficial aquifer system in Duplin County, North Carolina. Second, model-based regression 

approaches for source apportionment were developed using the concept of influence zones to 

account for transport pathways. The methods are demonstrated using pseudo observations of 

point-level groundwater nitrate concentrations extracted from a previously published Bayesian 

Maximum Entropy (BME) model for Sampson and Duplin Counties, North Carolina (NC). 

Vulnerability assessment of groundwater resources due to nitrate leaching from potential 

sources of contamination is examined through sensitivity-based scenario analysis which is 

meaningful for planning and implementation of appropriate mitigation measures. Finally, to 

account for transport pathways in the integrated groundwater- surface water system, a fully  

integrated model using SWAT and MODFLOW is developed to simulate the nitrate transport 

in aquifer using MODFLOWôs reactive transport model, RT3D. This integrated model was 

used to predict nitrate contamination in groundwater and surface water systems under different 

climatic and anthropogenic stresses. Climate related analyses were conducted for future 

periods till the end of this century. A Global Climate Model (GCM), CCSM4, with RCP4.5 

emission scenario and downscaled by Multivariate Adaptive Constructed Analogs (MACA) 

was used for this purpose. From the climate model, an increase of 2.5 to 3 ↔C in annual average 

temperature is projected; whereas 



                                                                                                                                                                           

a minimal increase in total precipitation is anticipated over the time. For the anthropogenic 

stresses, point and non-point source loading from animal farming operations are considered. 

Model simulations indicate that due to the combined climatic and anthropogenic effects, the 

basin will experience a decrease of 27% in annual average groundwater nitrate concentration 

and an increase of 4.5% in-stream nitrate loading for the future period. These projections may 

aid in planning future 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 al., 2010) and around the world (Wongsaint et al., 2015; Mattern et al., 2009). 

Nitrate is a naturally occurring form of nitrogen, a plant nutrient supplied by inorganic fertilizer 

and animal manure (Canter, 1997). Other non-agricultural sources of nitrate include septic systems, 

lawn fertilizers, and domestic animals in residential areas (Nolan et al., 1998). Non-point sources 

of nitrate such as synthetic fertilizers applied in excess to plant uptake in the crop field can cause 

nitrate to leach into groundwater which is one of the main groundwater pollutants (Canter, 1997). 

Thus, non-point source characterization becomes an essential task as groundwater provides 

drinking water for more than one-half of the Nationôs population and a major source of drinking 

water for many rural communities. After identifying the non-point sources 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 from different potential sources and their uncertainties at 

selected receptor locations are very helpful for identifying the dominant type of sources 

contributing nitrate in that area. The risk of groundwater contamination by nitrate depends on the 

nitrogen input to the land surface and the degree to which an aquifer is vulnerable to nitrate 

leaching.  An integrated groundwater-surface water (gw-sw) model is required to understand how 

the nitrate contamination propagates from surface water to groundwater and vice versa. The 

modeling framework developed in this work is a credible representation to imply both climatic 

and anthropogenic influences for the propagation of nitrate movement by estimating their relative 

contribution in both groundwater and surface water system. Thus, risk assessment of nitrate 

contamination is important in developing sustainable agricultural and water management practices 

for future. The next three chapters of this dissertation consists of the three major areas of focus 

undertaken in this research. These chapters are written in the form of individual research papers 

for submission to a peer-reviewed journal.  

The first paper (Chapter 2), Non-point Source Evaluation of Groundwater Nitrate 

Contamination from Agriculture under Geologic Uncertainty, mainly focuses on non-point source 
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characterization, i.e., to estimate the probability distribution of non-point source concentrations at 

potential locations due to nitrate contamination into groundwater resources. A Bayesian 

framework using the Markov Chain Monte Carlo approach (MCMC) is developed to estimate the 

posterior distribution of non-point sources where uncertainties due to geological formation (i.e., 

heterogeneous hydraulic conductivity field) has been considered. The paper in chapter 2 is 

published online in 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 2016 (Ayub et al., 2016a); Environmental, Water Resources, and Coastal Engineering 

(EWC) 2016 spring symposium; Computing & Systems 2016 inaugural symposium, and Water 

Resources Research Institute (WRRI) conference, 2016. 

The second paper (Chapter 3), Vulnerability Assessment of Groundwater Resources by Nitrate 

Source Apportionment using a Geostatistical Approach: A Case Study in North Carolina, involves 

with the development of a model-based methodology for source apportionment and vulnerability 

assessment using pseudo observations of point-level groundwater nitrate concentrations extracted 

from a Bayesian Maximum Entropy (BME) model for Sampson and Duplin Counties, North 

Carolina (NC). Portion of this work was presented at the 2016 American Geophysical Union 

(AGU) conference held at San Francisco, California (Ayub et al., 2016b). This work is being 

prepared for eventual submission to the Journal of Environmental Modeling and Assessment.  

The third paper (Chapter 4), Investigation of Climatic and Anthropogenic Stresses on Nitrate 

Contamination in Surface-Subsurface Hydrologic Systems using an integrated SWAT-

MODFLOW-RT3D model, focuses on the development of an integrated groundwater-surface water 

model mostly covering the Duplin County, North Carolina to examine the effect of climatic and 

anthropogenic stresses on groundwater and surface water contamination. Preliminary results were 

presented in 9th International Congress on Environmental Modeling and Software conference 

(iEMSs) 2018 (Ayub and Mahinthakumar, 2018). This work is intended to be submitted to the 

Agricultural Water Management journal.  

Summarizing the overall objectives of this study are to: 

¶ Develop a model-based approach for characterizing (i.e., source concentrations at potential 

locations due to nitrate contamination) non-point sources and their uncertainties for 
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contamination into groundwater. Apply the methodology for a hypothetical test case based 

on the surficial aquifer system in Duplin County, NC (Chapter 2). 

¶ Develop a two-dimensional vertically averaged groundwater flow and transport model for 

the surficial aquifer system of Sampson and Duplin counties, NC to identify the zones of 

influence (based on transport processes). Estimate the contribution from different sources 

at potential receptor locations by developing geostatistical regression approaches based on 

weights derived from the zones of influence. Asses the vulnerability of groundwater 

resources by examining the effect of denitrification rate through sensitivity-based scenario 

analyses using the regression models (Chapter 3).  

¶ Develop a fully integrated groundwater-surface water flow and transport model (SWAT-

MODFLOW-RT3D) to simulate the fate and transport of nitrate for Northeast Cape Fear 

watershed within the Cape Fear River Basin in NC. Incorporate point and non-point source 

nitrogen loading from animal farming operations into the model. Use the model to perform 

scenario analyses to investigate the impact of climatic and anthropogenic stresses on nitrate 

contamination in the surface water and groundwater systems (Chapter 4). 
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CHAPTER 2 

Non-point Source Evaluation of Groundwater Nitrate 

Contamination from Agriculture under Geologic Uncertainty 

Abstract 

The long-term effect of non-point source pollution on groundwater from agricultural practices is a 

major concern globally. Non-point source pollutants such as nitrate that occurs through fertilizers 

and animal waste eventually make their way into the aquifer by 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 (MCMC) approach 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 and then validated 

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 between observed and simulated concentrations. The likelihood 

function computation involves a numerical model that simulates nitrate transport in groundwater 

from non-point agricultural sources and predicts nitrate concentrations at observation wells. 

Effectiveness of the 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 socio-economic development. According to United States Geological Survey 
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(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 release history 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; Ledoux et 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 behind the United States Environmental Protection Agencyôs (USEPA) maximum 

allowable nitrate concentration level (MCL) of 10 mg/L (Mueller and Helsel 1996). Being a vital 

nutrient for plant growth, nitrogen-based fertilizers are widely used in many regions of the world 

(Laftouhi et al. 2003), and when nitrogen-based fertilizer exceeds plant demands, nitrogen starts 

leaching into the groundwater in the form of nitrate (Birkinshaw and Ewen 2000). Fig. 2.1 

illustrates the source characterization problem where the contaminant plume migrates towards 

observation wells from a potential source over time.  

 

 

 

 

 

 

 

Figure 2.1. Contaminant source location and time release history problem. 

Hydraulic conductivity (K-field) of the aquifer is obtained based on the geological formation of 

rock types, specifically the local distribution of facies (hydrostratigraphic units). The NC coastal 

plain aquifer is primarily composed of permeable sediments of quaternary 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 2010). Several studies have been carried out where local 

heterogeneities in the lithology of the study region are accounted (Weissmann and Fogg 1999; de 

Marsily et al. 2005; Comunian et al. 2011).  In 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. In recent years, Markov-based 

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; Langousis et al. 2017). The concept of MTPG illustrated by Langousis 

et al. (2017) is applied to account local heterogeneities of 3D lithologies for performing conditional 

simulation of K-field 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; Mantoglou and Wilson 1982; 

Tompson et al. 1989), among many others. For getting a better estimate of K-field, Huang et al. 

(2011) used an Ensemble Kalman Filter method to calibrate heterogeneous hydraulic conductivity 

field. Wang and Jin (2013) presented a source identification 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 contaminant 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. Optimization based 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. 2009; Jin et al. 2009) are used in groundwater contamination source 

characterization problems. Some studies considered uncertainty for source identification problem 

including linked simulation-optimization approach (Amirabdollahian and Datta 2015), Artificial 

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

based method using alpha-cut technique (Jiang et al. 2018). Alternatively, Bayesian inverse 
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methods such as MCMC has been used for characterizing uncertainties in various 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 in hydrological 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 be represented 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 distributions 

(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 hydraulic conductivity 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 in estimating non-point sources of groundwater contamination? (2) how the 

uncertainties in model inputs (e.g., hydraulic conductivity) presently play a role in the estimation 

of non-point sources? The goal of this paper is to develop and test a contaminant source 

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 proper development of groundwater flow model. 

Therefore, geologic uncertainties have a deep impact in estimating the non-point nitrate 

contamination source.  

Characterization of nitrogen from non-point sources is essential for environmental regulations, 

land use planners and also for developing flow and transport models. Thus, the objectives of this 

paper are to: (1) develop a model-based approach for characterizing non-point sources and their 

uncertainties for contamination into groundwater; (2) customize the methodology for estimating 

the non-point 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 hypothetical case study in objective (3) is based on a two-dimensional 

groundwater flow and contaminant transport model in Duplin County, North Carolina. Point-level 
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groundwater nitrate concentration developed by a land use regression (LUR) model from 

monitoring wells and 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 are formulated in Sect. 2.2 

followed by groundwater model development in Sect. 2.3. The detailed site information and data 

description are presented in Sect. 2.4. In Sect. 2.4, the performances of the proposed methods are 

illustrated using a hypothetical case study. Sect. 2.5 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 is provided in Sect. 2.6. 

2.2. Methods 

The overall Bayesian framework is illustrated in Fig. 2.2. It 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. (2.1) and detailed description of this formula can be found from 

statistic texts (e.g., Gelman et al. 1995; Carlin and Louis 2009). 
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Here q 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 vector,z represents observation data (e.g., nitrate concentration measurements). In Eq. 

(2.1), the numerator presents the product of the likelihood( )|P qz , and the prior ()P 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 likelihood( )|P qz , has to be estimated from 

groundwater model by incorporating model uncertainties (e.g., the stochastic hydraulic 
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conductivity field). Posterior distribution( )|P q z , is obtained by drawing samples over time from 

the space of parameter set using the MCMC algorithm.  

2.2.2 MCMC implementation  

The MCMC approach is developed to sample directly from posterior distribution( )|P q z , and 

makes inference of the source parametersq, based on the obtained samples. In order to implement 

the MCMC approach for characterizing 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. Figure 2.2 

represents the step by step modeling framework for implementing MCMC for non-point source 

evaluation of two-dimensional groundwater contamination. Within the Bayesian framework, the 

groundwater flow and transport model are used in the estimation of the likelihood function. 

Different sampling algorithms are performed to check convergence diagnostics. The details of the 

flow diagram are described in section 2.2.2.1 to 2.2.2.6. 
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Fig. 2.2. Schematic illustration of the Bayesian modeling framework 

2.2.2.1 Prior information 

In case of ill-posed 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 non-point source concentration at candidate locations (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 hydraulic conductivity field. Therefore, the uncertainty in hydraulic conductivity is 

the input to the flow model and treated as a prior information within the Bayesian framework.  
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2.2.2.2 Likelihood function  

Likelihood function for the proposed approach following normal distribution of errors can be 

represented by Eq. (2.2): 
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Here, the likelihood depends on the error covariance matrix, Ὑ  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); 
ijs  is the covariance of errors between 

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

observations. The parameter vectorq, consists of two sub-vectors, 
1qand

2q (see Sect. 2.2.2.3 for 

an explanation). 
1q represents the source parameters of interest and therefore consists of the 

contaminant source concentration ( 0C ) and release history expressed by slope ( 0M ). 2q contains 

model forcing parameters k and p that have uncertainty; k  represents hydraulic conductivity field 

and p  is for precipitation. We have assumed that the error vector,e which measures the difference 

between observed (
obsC ) and calculated (

calcC ) 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 here. 

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 the previous section, all uncertain parameters are included in the parameter 

vectorq.  Since we are only interested in estimating the posterior of the source parameters
1q, the 

likelihood is marginalized over the non-source parameters
2q, such as hydraulic conductivity and 

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

expressed as follows:  

( )( )( | ) , , ,P P L d
q

q q q q q q´ñz z

2

1 1 2 1 2 2
                                                                                                      ( )2.3

where, ( )2,
1

P q qrepresents the prior and ( )1Pq is assumed to be uniform in section 2.2.2.1. The 

prior for 
2( )Pq is the hydraulic conductivity realizations that are generated in section 2.4.1.3. 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 given 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 space and generally 

results in fewer burn-in points (Gayer 2011). It is a well-defined 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 are several methods available for maximum likelihood 

estimation including most standard optimization search methods (Sun 1999). For this study, 

Levenberg-Marquadt method is used for performing maximum likelihood estimation by 

maximizing the objective represented by equation (2.2). 
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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 

Metropolis-Hastings (MH) sampling (Hastings 1970) or Gibbs sampling (Gefland and Smith 

1990). In this study, several 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 through the decision 

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 to fine-tune the 

parameters such that the Metropolis chain has the desired acceptance 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 desired. While implementing MCMC simulation, a óburn-inô number 

of iterations can be specified during which the samples are discarded. In practice, a trial-and-error 

process is carried out for determining whether the number of iterations for burn-in are adequate or 

not (Hamra et al. 2013). If the starting point is based on MLE (section 2.2.2.4), fewer burn-in 

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 more efficient than simple Metropolis 

updates. According to Neal (2003), slice sampling can be constructed by alternating uniform 

sampling in the vertical direction with uniform sampling from the horizontal ósliceô defined by the 

current vertical position.  This 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 achieve faster 

convergence. It is a gradient-based 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 sampling as the distance 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 study (hmcSampler is 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 distribution and some 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 distribution (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 by Kéry et al. 2010; 

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 Gelman-Rubin 
ĔRmetric proposed by Gelman and Rubin (1992) is one of the most 

popular convergence diagnostics method for MCMC. When multiple chains are used in an MCMC, 

ĔR  compares the among- and the within-chain variance in an ANOVA fashion (Brookes and 

Gelman 1998).  An 
ĔR -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 both 
ĔRand 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 Eq. (2.2) for the proposed approach involves 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 dimensions for an 

unconfined aquifer which satisfies the following governing equation: 

( ),s

h h h
S kh kh Q x y

t x x y y

å õµ µ µ µ µå õ
= + +æ öæ ö

µ µ µ µ µç ÷ ç ÷
                                                                                    ( )2.4  
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Where h(x,y,t) is the hydraulic head (m), k(x,y) is the hydraulic conductivity (m/d), S is the 

storativity or specific storage (dimensionless), t is the time (d), and Q(x,y) is the specified fluxes 

at the sources and sinks (m/d). With appropriate initial and boundary conditions, the hydraulic 

pressure head h  can be obtained and used in Eq. (2.4) to get the flow model. ( ),Q 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 two-dimensional non-reactive groundwater 

flow can be obtained by solving the following advection dispersion set of Eq. (2.5): 

2 2 2 2

2 2

c c c c
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c c c
D D D D v v q

t x x y y y x x y

å õå õµ µ µ µµ µ µ
= + + + - + +æ öæ ö

µ µ µ µ µ µ µ µ µç ÷ç ÷
                                           ( )2.5  

22
yx

xx m L T

vv
D D

V V
a a= + +  

22
yx

yy m T L

vv
D D

V V
a a= + +  

( )x y

xy yx T L

v v
D D

V
a a= = -  

2 2

x yV v v= +  

Where c (x,y,t) is the nitrate contaminant concentration (kg/m3), 
xxD , 

yyD , 
xyD , 

yxD  are the 

coefficients of the dispersion tensor (m2/d), 
mD  is the molecular dispersion (m2/d), 

La  and 
Ta  are 

the longitudinal and transverse dispersivities (m), and 
xv  and 

yv  are the velocities in the x and y 

directions (m/d), cq (x,y,t) are the source concentration fluxes (kg/m3/d). The groundwater flow 

and transport model are used for getting calcC  in the likelihood function (Eq. 2.2).  
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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 located in the Southeastern Coastal Plain of North Carolina 

(Fig. 2.3). The case study domain is enlarged in inset. The countyôs terrain slopes from the higher 

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 surficial aquifer. Agriculture is the key component 

of the Duplin county economy (Leon H. Sikes 1984). A hypothetical two-dimensional case study 

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

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

the Duplin County. 

 

 

 

 

 

 

 

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

2.4.1.2 Nitrate data  

Kriged groundwater nitrate data from LUR model described by Messier et al. 2014 is used in this 

study. This model predicts point-level groundwater nitrate concentrations based on the information 

from three data sources; North Carolina Division of Water Resources (NC-DWR), USGS, and 

0 5 102.5 Kilometers
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North Carolina Department of Health and Human Services (NC-DHHS). The kriged log-mean 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 (1985-2010) are obtained from the LUR model (a 

total of 104 temporal measurements). These kriged data are used as observed nitrate concentrations 

(i.e., averaged over time) for this study after re-kriging (ArcMap 10.3.1) to create a uniform grid 

distribution of nitrate concentration for the study area (Fig. 2.4). There are areas of predicted log-

mean nitrate concentration above 10 mg/L in the north-western region of the county.  

 

 

 

 

 

 

 

 

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

time in Duplin County, original points from the LUR model are shown by ódotsô. 

 

2.4.1.3 K-field 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 Geographic Database (SSURGO) data 

structure of the soil 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 values based 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 conductivity field 

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 regionalized variable (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 realizations of hydraulic conductivity are generated using the cholesky 

decomposition approach (Le Ravalec-Dupin 2005) to capture the stochasticity of hydraulic 

conductivity.  

 

 

 

 

 

 

 

 

 

 

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 and 2010 are provided by Ed Maurerôs webpage 

for the 1/8-degree gridded observed meteorological data (Maurer et al. 2002). Using these 

observed precipitation data, a simple Inverse Distance Weighted (IDW) interpolation technique is 

applied to create precipitation data (Fig. 2.6) on a uniform grid with 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 Evapotranspiration estimation 

Evapotranspiration is calculated using the Penman-Monteith equation as specified by the UN Food 

and Agriculture Organization (FAO) in paper number 56 (Allen et al. 1998).  The FAO56 Penman-

Monteith method estimates ET rates for a well-watered reference surface based on physical 

atmospheric observations of solar radiation, temperature, wind speed, and relative humidity; all 

the weather parameters are available here (http://globalweather.tamu.edu/). Remotely sensed Leaf 

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

al. (2012). 

2.4.1.6 Recharge estimation  

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. Estimation of recharge is an elusive process 

as it is not only dependent on precipitation but also on meteorological conditions as well as soil-

moisture, land cover type and most importantly on evapotranspiration (Lee et al. 2007). 

Assumptions about the recharge rates may be meaningful for long-term simulation of the regional 

groundwater flow systems, but inappropriate for the small-scale watershed where estimation of 

groundwater flow path is required (Jyrkama et al. 2002). Subsequently, improved calibration of 

the groundwater flow model can be achieved if known values of recharge can be supplied as an 

http://globalweather.tamu.edu/
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input parameter. In most cases, recharge is calculated by applying the water budget model or using 

the water-balance method. Recharge is estimated based on the conventional water balance model 

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

= Precipitation (P) - Evapotranspiration (ET) - Surface runoff (Qs) - Change in stored water (æS). 

Estimation of runoff in the recharge equation 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 soil group (B) and (C) are considered in Table 2.1 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 Fig. 2.7. 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 

 

 

 

 

 

 

 

 

 

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

A hypothetical two-dimensional case study is considered to test the applicability of the proposed 

methods on the experimental domain of Duplin County, North Carolina. The domain is 

approximated by a 50 km  54 km rectangle with a grid resolution of 2 km  2 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 monitoring observations (4 seasons 

for 26 years, see section 2.4.1.2). 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 monitoring 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 until an acceptable match for the transport 

model is found. Table 2.2 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 

Grid size ὲ ὲȟά  50000  54000 

Grid spacing Ὠ Ὠȟά  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, Ὓ 0.15 (Aucott, W.R., 1996) 

Denitrification rate (yr-1) 0.005 

Ratio of transverse to longitudinal dispersivity 0.2 

Porosity 0.36 

Total time (d) 9,360 

Flow field  Heterogeneous, multiple realizations 

Number of hydraulic conductivity realizations 10 
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2.5 Results and discussion 

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. This scenario is developed to assess the 

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

plume behavior.  

Source Information: In this exercise, four candidate locations were considered as potential point 

sources as shown 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 boundary. To 

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 percentage of sprayfields 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 Figure 2.4 because these are selected based on the high 

density of sprayfield locations.  

Groundwater model: A groundwater flow and transport model with parameters as described in 

section 2.4.2 is developed to simulate the movement of contaminant plume. Using the initial nitrate 

concentrations at the four patch source locations, we obtain the contaminant plume plot at the end 

of simulation as shown in Fig. 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 time 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 groundwater flow velocity. 

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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(a) (b)  

Fig. 2.8. a Potential source location within Duplin County; b Contaminant plume 

concentration changes over time in the groundwater model for unconfined aquifer 

Maximum likelihood estimation: After obtaining the groundwater flow model, MLE of unknown 

source parameters are used as a starting point for MCMC approach. Although both source 

concentrations (C0) and slope (M0) can be considered as unknown source parameters, the observed 

nitrate concentrations trend for the study area indicate that the slope is nearly zero (i.e.
0 0M º )  and 

C0 is nearly constant as shown in Fig. 2.9. 

 

 

 

 

 

 

Fig. 2.9. Schematic showing release concentration over time 

Therefore, M0 is considered to be constant without any uncertainty. For this reason, this work only 

considers initial source concentrations as unknown uncertain parameters. Table 2.3 shows the 

MLE of unknown initial source concentrations at potential locations shown in Fig. 2.8a 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 providing meaningful results, 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 to the MLE concentrations reported in Table 2.3.  

Table 2.3. MLE of unknown initial source concentrations and slope 

Source concentrations  Value (mg/L) Slope Value 

C01 17.359 M01 0.000022 

C02 21.852 M02 0.000025 

C03 5.935 M03 0.000034 

C04 5.636 M04 0.000027 

 

2.5.2 MCMC testing and validation for a 2-source 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 (Source-1 and Source-2 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 two-source case is estimated using the target pdf function (Eq. 2.3) at 

uniformly spaced values of the source concentrations. The joint distribution is then used to validate 

the MCMC approach using the different samplers.  

(a) (b) 

 

Fig. 2.10. 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 to investigate the sampling efficiency of different samplers. 

The total length of the MCMC chain is 15,000, and the first 2,000 iterations are discarded as óburn-

inô time to avoid the biasness of the starting value. As mentioned earlier, a Gaussian proposal 

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. 2.10b, sampling efficiency of the HMC sampler is demonstrated by overlaying 

the sampling points over the joint distribution. The ñtrueò position of the released concentration 

indicated by red point (16.614, 23.546) is surrounded by MCMC sampling points (white dots) 

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 Fig. 2.10b is also found for both 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 within a reasonable range of 0.2 ï 0.3 (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 0.2-0.3 desired for good convergence. 

The Gelman-Rubin statistic value is also calculated for both MH and HMC samplers. Result in 

Table 2.4 imply that chains are well converged according to the range suggested by Gelman and 

Hill (2007). Brooks and Gelmanôs (1998) convergence diagnostics conveyed more information 

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 the 2-source case tested here. 

Table 2.4. MCMC convergence diagnostics check for parameters of interest 

Source concentrations  True value 

(mg/L) 

Gelman-Rubin 

Statistic, (Ὑ from MH 

sampler 

Gelman-Rubin Statistic, (╡  

from HMC sampler 

C01 16.614 1.11 1.0002 

C02 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 probability regions. Histogram plot for the  
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(a) (b) 

 (c)   (d)   

(e)  (f)  

Fig. 2.11. Histogram plot showing posterior distribution of two parameters are obtained 

using Slice Sampler a-b; MH Sampler c-d; and HMC Sampler e-f 

posterior distribution of parameters is based 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 in Fig. 2.11 a-b. The maximum-a-

posteriori (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 concentrations for each parameter 

lies very close to the highest frequency bar. For prior, a uniform distribution is assumed with a 

boxcar limits of 0 to 30 mg/L for all sources from hypothetical case and it is shown by ógreen lineô 

in Fig. 2.11 c-d that fall within the uniform prior range. The óred lineô represents the standard 

normal distribution pattern here. Fig. 2.11 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 represented for 2-sources 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 next section.  

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

After evaluating the proposed method for the 2-source hypothetical case, the results of MCMC 

convergence diagnostics for 4-source cases are presented in this section where observations are 

generated using the model using ñassumedò source concentrations and release trends. For the 4-

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 is converged 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 burn-in effects. The running mean of each source concentration over 4 

independent MCMC chains is shown in Fig. 2.12. 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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Fig. 2.12. Running mean plot for each source from MH sampling used for convergence 

diagnosis 

Table 2.5 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 concentrations, the running 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 fitted below or within the percentage calculated. The Gelman-Rubin 

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 

concentration 

(mg/L) 

Running 

mean from 

MH sampler  

Running 

mean from 

HMC 

sampler 

25 % 

percentile 

90 % 

percentile 

C01 16.614 17.1374 17.446 13.9439 23.2765 

C02 23.546 21.8848 21.847 18.0053 28.0745 

C03 7.426 7.3759 6.8165 3.5670 13.3186 

C04 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 (section 2.4.1.2) 

instead of using simulated nitrate concentrations used previously in sections 2.5.2 and 2.5.3.  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 source-2) before extending it to all 4 sources.  

 (a)  (b)  

 (c)   (d)  

Fig. 2.13. MCMC convergence test using MH Sampler a-b for two parameters and 

histogram plot of the marginal posterior density c-d 

Marginal distribution of unknown source parameters is helpful for determining whether MCMC 

is sampling correctly or not; but before that convergence test is the priority. Fig. 2.13a-b represents 

the MCMC convergence test for two dominant sources and histogram plot of the marginal 

probability distribution for each source are shown in Fig. 2.13c-d. For source-1, MCMC chain 
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converged to the concentration of 23.58 mg/L. Whereas for source-2, the MCMC chain is at 

stationary state after 10,000 iterations and the histogram of marginal posterior distribution shows 

the normal distribution pattern indicated by óred lineô. Here, the MCMC mean is deviated from the 

MLE concentration. This deviation indicates that the reported MLE concentration might be a local 

solution. For this case, uniform prior is considered which is a boxcar distribution with limits of 0 

to 100 mg/L for all sources and a portion of the prior is indicated by ógreen lineô as well in Fig. 

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 addition, ╡  is also found around 

1.2 using Rôs MH sampler and around 1.03 using HMC sampler for these two sources.  

Using the observed nitrate concentration data for 4-source case, the running mean concentration 

of each source from the MH Sampler is presented in Fig. 2.14 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.   

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2.14. Running mean of each source for the 4-source 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 possible reasons; one, 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 the uncertainty in hydraulic conductivity whereas MLE 
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only depends on the likelihood function. However, the MLE concentration for each source fall 

within 25th and 90th percentile of the MCMC chain. The overall acceptance rate for 4-source case 

is around 0.43 from MH Sampler indicating good sampling efficiency. The Gelman-Rubin 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 observed nitrate data 

Parameters  MLE 

concentration 

(mg/L) 

Running 

mean from 

MH sampler  

Running 

mean from 

HMC 

sampler 

25 % 

percentile 

90 % 

percentile 

C01 17.738 28.226 29.607 12.6118 55.0076 

C02 19.817 39.203 42.517 20.1212 74.7244 

C03 15.622 34.959 34.288 15.589 64.0346 

C04 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 uncertainty in K-field.  

 (a)  (b)  

 (c)   (d)  

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 in Fig. 2.15a-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 higher end. The posterior distribution 
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shows a higher uncertainty than the synthetic 4-source cases tested earlier in Sect. 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 ï 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 for each source. 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 evaluating the risk of the contaminant plume to nearby areas where 

groundwater is considered as the source for drinking water. 

 

2.6 Conclusions and future work 

In this study, an efficient MCMC approach is presented to characterize the probability distributions 

of non-point source concentrations subject to uncertainty in hydraulic conductivity. The modeled 

heterogeneous hydraulic conductivity field is assumed to meet the criteria for first-order 

stationarity due to the highly fluctuate sandy aquifers in the coastal region of NC. Although most 

stochastic analysis consider second-order 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 on the 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 in non-point 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 is smaller for 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 simplified two-dimensional groundwater flow 

and transport model which may not represent realistic conditions. To portray the realistic 

conditions from the approach presented in this study, use of three-dimensional (3D) integrated 

model is required and then it can be generalized to other source characterization applications. 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 drawn if computational 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 measurement uncertainty in nitrate data and uncertainty in transport parameters (i.e., 

denitrification rate). For example, a box-car distribution around reported or measured values can 

be considered to represent uncertainty due to denitrification rate. A more complex 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 not only 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 source containment 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 data by using a fully 

integrated groundwater-surface water modeling approach (e.g., SWAT-MODFLOW). 
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CHAPTER 3 

Vulnerability Assessment of Groundwater Resources by Nitrate 

Source Apportionment using a Geostatistical Approach: A Case 

Study in North Carolina 

Abstract 

Groundwater contamination by nitrate is a major concern in surficial aquifers that underlie 

agricultural areas in the mid-Atlantic Coastal Plain of the United 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 open-air lagoons can be a significant source of nitrate to 

groundwater, along with nitrogen fertilized agricultural lands and septic waste. In this study, we 

developed a model-based methodology for source apportionment using pseudo observations of 

point-level groundwater nitrate 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 dominant 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 pathways) for the receptor 

locations in the model grid are estimated using a two-dimensional vertically averaged groundwater 

flow and transport model for the surficial aquifer system. These zones of influence provide relative 

weights of different sources at receptor locations. 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 regression models. A 

vulnerability assessment of the study area due to nitrate contamination is then carried out by 

performing sensitivity-based scenario analysis. Our results indicate nitrogen fertilized agricultural 
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spray fields as the primary contributor to nitrate 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, zone of influence, 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 impairment in the Nationôs rivers and streams is due to the over enrichment by nutrients. Nitrate 

in groundwater has been considered as a major human health concern for more than 50 years since 

Comly (1945) reported that concentration of nitrate in drinking water causes Methemeglobinemia 

in infants. Nitrate anions (NO3
-) is considered as the most commonly occurring inorganic pollutant 

in groundwater resources of rural 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 waters have been 

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). Excessive nutrient 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.g., fertilizer applied 

on row crops, wastes 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, peri-urban and urban landscape act as a real challenge 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 streams and 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 in 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 swine-waste lagoons built before 1993. In addition, Bremer and Harter 

(2012) identified that high septic system density in rural and peri-urban 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 groundwater aquifers. HBV-N-D model, which is a refined and grid-based 

conceptual nitrogen transport model developed by Lindgren et al. (2007) allows daily simulations 

of the nitrogen transport, retention, and source apportionment at the catchment scale. One of the 

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 

non-linear regression for estimating the source apportionment of the riverine transport of the 

pollutants. Absolute Principal Component Scores- Multiple Linear Regression (APCS-MLR) 

(Gulgundi and Shetty, 2016) model is another one where receptor modeling has been used to 

estimate the source apportionment of groundwater pollution. 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 contaminant 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 concentrations in the San 

Joaquin Valley of California. Some notable conceptual and physically-based models such as 

Generalized Watershed Loading Functions (GWLF), MODFLOW, Soil Water Assessment Tool 

(SWAT), Penn State Integrated Hydrologic Modeling System (PIHM), GSFLOW have been used 

to model nutrient transport in groundwater by 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 land-based nitrogen loads from groundwater-dominated 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).  

Cost-efficient mitigation of nitrate requires the identification of sources in the 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 nitrogen (N) pollution from land-based 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 

techniques. Isaaks 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 structure of spatial 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 assessment of nitrate pollution in the central 

North China Plain. Narany et al. (2014) used Indicator Kriging (IK) method for identifying regions 

with high probability nitrate contamination for the Amol-Babol 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 local neighborhood, 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 nitrate concentration was investigated for an aquifer in central 

Italy and application of cokriging was compared to OK by DôAgostino et al. (1998). In general, 

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 

based on 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 ecosystem due to phosphorus 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 regarding source 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 

monitoring 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 regression modeling 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 alternative 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 reaction) is incorporated using the concept of ñinfluence 

zonesò that is computed 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 approaches. Source 

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 a two-dimensional 

vertically averaged groundwater flow and transport model for the surficial aquifer system of the 

study area; (2) identify the zones of influence (based on transport processes) at potential receptor 

locations within the study boundary; (3) develop regression approaches to estimate the 

contribution of different types of sources at potential receptor locations using the zones of 

influence weights and total number of potential 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 agricultural activity and 

denitrification rate on the extent of contamination through sensitivity-based scenario analyses. The 

organization of the paper is as follows: the study area details and data description are presented in 

section 3.2. Then the methodology formulation is presented in section 3.3. Section 3.4 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 

proposed methods. Finally, the findings and conclusions are summarized in section 3.5. 

 

3.2. Study area and data 

The study site consisting of both Sampson and Duplin counties, are located in the south-eastern 

coastal plain of North Carolina, between 34.548252 to 35.316854 North latitude and -78.674423 

to -77.644639 East latitude (Fig. 3.1). 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 densely hog populated 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 for Sampson 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 gradient. Fig. 3.1 shows the 

study domain covering Sampson 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). 

 

 

 

 

 



49 

 

 

 

 

 

 

 

 

 

 

 

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 from a Bayesian Maximum Entropy (BME) model as described by 

Messier et al. (2014). This model predicts point-level groundwater nitrate concentration based on 

the information provided from three data sources, namely North Carolina Division of Water 

Resources (NC-DWR), U.S. Geological Survey (USGS), and North Carolina Department of 

Health and Human Services (NC-DHHS). The BME model provided 7,750 kriged log-mean and 

log-variance nitrate values within the study area. To lessen the mismatch between observed nitrate 

data (response variables) and potential nitrate sources (predictor variables), BME data is taken for 

the year of 2010 (most recent year in Messierôs study). To reduce the average uncertainty from 

observations, a subset of 1,634 point values were selected out of the 7,750 values as pseudo 

observations based on a log-variance threshold value of 5 (mg/L)2. Due to the large number of 

groundwater nitrate values obtained from the BME model, a level of anonymity is associated with 

well locations. For this reason, the overall study area has been segmented as a grid of 1,144 square 

cells with unique identifiers having a size of 2km × 2km (Fig. 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 cross-points) are contained in 47 grid cells (out of 1,144) as shown in Fig. 
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3.2. The average of the pseudo 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 in Table 3.1. 

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 observations helps 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, etc. Natural log-transformed pseudo observations 

(y) shown in Fig. 3.2 are treated as the response variable (z = log(y)) in the regression model. From 

analysis it is found that, most of the pseudo observations are above the EPA maximum contaminant 

level (MCL) of 10 mg/L.  

 

 

 

 

 

 

 

 

 

 

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 log-transformed 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 its log-transformation (i.e., log 

(y)). The histogram is skewed to the left and have no suspicious outliers as seen from Fig. 3.3(b).  

(a) (b)  

 

Figure 3.3. Histograms of (a) original and (b) 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 cell. Swine CAFO point 

locations are collected from a list of permitted animal facilities (January 2015) available from NC 

DENRôs website (NC Department of Environment and Natural Resources 2015). Three types of 

swine CAFO permits are considered: animal waste swine (AWS), animal waste individual (AWI), 

and the federal National Pollutant Discharge Elimination System (NPDES) permit for North 

Carolina Animals (NCA). From the list of permitted animal facilities, 1365 CAFO points lie within 

the study boundary. Using these CAFO points, a two-dimensional grid map has been created which 

shows the number of CAFO points representing each 2 km  2 km square grid. Fig. 3.4(a) 

represents a grid map with all the 2015 permitted CAFOs for Sampson and Duplin Counties. These 

point locations are verified 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 count of waste 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 incorporated here as 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 map having 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 counties were digitized in the same 

study by Christenson and Serre (2015).  

(a) (b) 

(c) (d) 

Figure 3.4. Grid map showing (a) 2015 CAFOs permitted by NC-DEQ, (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 contamination, census block 

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 area, aggregated amount of sewage from different 

households has been considered as a representative factor. For these population blocks, 

óIntersectionô analysis tool within ArcMap 10.3 has been used to split the polygons at a uniform 

grid. Finally, óspatial joinô tool within ArcMap 10.3 was applied to get the total population at 

individual grid cells. Population density within each grid cell is presented in Fig. 3.4(c); this data 

is confirmed by satellite imagery which shows that densely populated grids lie near city areas. 

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 (CDL) (https://nassgeodata.gmu.edu/CropScape/), 51 types are found within the 

domain area. However, all non-agricultural land including water, shrubland, barren land, and all 

types of forest, wetland, and developed land are not considered as the N fertilizer applied area. Fig. 

3.4(d) shows N fertilized agricultural land map where each grid cell presents the cumulative value 

of N load applied by different crop types.  A detailed list of all crops and their approximate amount 

of N load applied in the agricultural field is included in Table A.1 in 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 soil survey 2016). Fig. 3.5 shows the 

saturated hydraulic conductivity field to the domain grid cells. Data on daily precipitation (mm) 

for recharge estimation in the groundwater model is provided by Ed Maurerôs webpage for the 1/8-

degree gridded observed meteorological data (Maurer et al. 2002). Other required data are weather 

parameters (http://globalweather.tamu.edu/), remotely sensed Leaf Area Index (LAI), and land 

cover classification map.  

 

 

 

https://nassgeodata.gmu.edu/CropScape/
http://globalweather.tamu.edu/
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Figure 3.5. Hydraulic conductivity field at the domain grid cells for the model boundary. 

3.3. Methodology 

Methodology is divided into three parts: (a) identification of the zones of influence surrounding 

the impacted receptor locations; (b) apply statistical regression approaches such as MLR, LR, and 

GMLR to capture the spatial variability of nitrate concentration using weights derived from the 

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

3.3.1. Groundwater model development 

Our study area encompasses Sampson and Duplin Counties, NC (Fig. 3.1), as these constitute areas 

of extensive agricultural activities. At first, we develop a two-dimensional groundwater flow and 

transport model for the surficial aquifer system of the study area. This two-dimensional subsurface 

groundwater flow and transport model 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 km× 88 km. The model is built with a resolution of 2 km  2 km in the x and 

y direction, respectively containing 2,112 square grid cells. Total time duration is 26 years (e.g., 

1985 ï 2010). Dirichlet boundary conditions are applied to yield a groundwater flow direction that 

roughly follows the topographical gradient (northwest to southeast) for the study area. 
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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 balance model for estimating the recharge (i.e., Recharge = Precipitation ï Runoff ï 

Evapotranspiration ï Soil moisture storage). Runoff in the water balance model is estimated using 

the SCS Curve Number method (USDA 1986) based on available land cover and soil type 

information. The estimation of reference evapotranspiration has been done using the well-known 

Penman-Monteith equation (Penman 1948; Monteith 1965). Inverse Distance Weighted (IDW) 

interpolation technique is applied to create downscaled values for precipitation over the uniform 

model grid (2km × 2km). Hydraulic conductivity data has been extracted to the domain grid points 

from the soil polygon map (http://websoilsurvey.nrcs.usda.gov/app/) which can be found in Fig. 

3.5. After getting the flow field from groundwater 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). The transport 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 capture the effect 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 addition, 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 contaminant in groundwater, 

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 be one (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 estimate the number of potential source types within each zone of influence from the spatial 

distribution of the potential sources for the study area shown earlier in Fig. 3.4.  

http://websoilsurvey.nrcs.usda.gov/app/
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Figure 3.6. Conceptual figure for source apportionment, cyan color represents the zone of 

influence for the receptor location óiô due to potential sources at ójô. 

The conceptual Fig. 3.6 illustrates source apportionment approach assuming there are four types 

of potential sources (agricultural land, CAFOs, lagoons, and septic waste represented by 

population) covering the study area. Here, i = observation well locations and j = potential source 

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

the representative of potential sources. Also consider, ὔ ȟὔ ȟὔ ȟὔ  = Total number of 

different potential sources within each grid cell ójô, and ύ  = concentration change at receptor 

location óiô due to a unit step increase in nutrient loading at potential source ójô. Relative weights 

are ὼ ȟὼȟὼ  & ὼ  at the observation well óiô due to potential sources within its influence zone 

which can be obtained from the following set of Equations (3.1) to (3.4):          

╧═ ╦ ╝═                                      (3.1)   and      ╧╒ ╦ ╝╒    (3.2) 

╧╛ ╦ ╝                                        (3.3)   and      ╧╟ ╦ ╝╟    (3.4) 

Instead of counting the number of potential sources within each influence zone i, one may use the 

number of each source type within each grid cell j in the entire domain and then multiply by ύ . 

The grid points outside the influence zone of receptor location i will naturally have a zero value 

for ύ . In this case, N 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 



57 

 

study. In this case W is a n x N matrix with ύ  as elements, where n is the number of observations 

and N is the total number of grid cells. ╝═ȟ╝╒ȟ╝╛ȟ  and ╝╟ (in Equations 3.1-3.4) are N x 1 vectors 

with having elements from ὔ ȟὔ ȟὔ ȟὔ , respectively. Similarly, ╧ȟ╧╒ȟ╧╛ & ╧╟ are n x 1 

vectors with elements from ὼ ȟὼȟὼ  & ὼ , respectively that represent the relative weights for 

each potential sources 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 two-dimensional groundwater flow and transport model is used to generate zone of influence 

weights (see previous section 3.3.2) for the study area. Out of the 2,112 model grid cells, 47 

sampling locations are considered only within the boundary of Sampson and Duplin counties and 

these locations are plotted at the center of each square (2km  2km) grid cell. For the groundwater 

flow model, boundary condition is formed with a maximum hydraulic head of 20m for an 

approximately south easterly directional flow. 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 north-west to south-east direction is analogous to the usual flow 

gradient for the 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, first order denitrification rate is set to a uniform value of 0.0002 year-1 throughout 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 transport model 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 of 7 receptor locations out of 47 locations are shown in Fig. 3.7(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 advection. With higher 

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 transit times 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.    

(a)  (b)  

Figure 3.7. (a) Flow contour plot using 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 normalized zone of influence weights, ╦░▒). 

 

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 including, no-transformation (z = y), log-

transformation (z = log(y+ŭ) with ŭ = 0 to 1), power or box-cox transformation (Box and Cox 

1964), and square root transformation (z = ãy).  Log transformation generally gave better results 

with ŭ = 0 (z = log(y)) yielding normally distributed residuals and ŭ = 1 giving better prediction 

ranges. It is noted that the addition of ŭ < 1 in log-transformation reduces bias towards small values. 

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. The model equation is defined in Eq. (3.5) as: 

ᾀ ╧♫  (3.5)   תּ

╧♫ ‍ ‍╧═ ‍╧╒ ‍╧╛ ‍╧╟                                                                                                              

Where z is the dependent variable with a size of ὲ ρ vector. ‍ is the intercept; ‍ ȟ ‍ , ‍ ȟ and 

‍  are the regression coefficients for agriculture, CAFO, lagoon and population (i.e., source 

apportionment coefficients), respectively for each explanatory sources of the regression equation, 

╧═ to ╧╟ are ὲ Ὧ matrix having values of independent variables, and ּת 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 observed and 

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 

ὴ ὖὣ ρȿὢ
 ╧♫

 ╧♫
ȟπ ὴ                                                                                        (3.6)                                                                   

Or (equivalently, the logit form) 

ὰὲ ╧                                                                                                                               (3.7) 

The binary response at groundwater well is denoted by Y. ὴ is the probability of the binary response 

variable ὣ (which can only have values of 0 and 1) being equal to 1. The quantity  is referred 

to as the ñodds ratioò and is equivalent to ; it is used to express that an event will occur. In 

this investigation, the binary variable Y represents the two cases: Y = 0 where the nitrate 

concentration in groundwater is less than a threshold concentration of 5 mg/L or Y = 1 where the 

concentration is greater than or equal to 5 mg/L.  



60 

 

The probability risk map over the proposed study area can be created using LR. In the risk 

assessment approach, we estimate the probability of elements of vector Y and 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 predictive probability can be estimated using the following Eq. (3.8): 

ὴ ὴὣ ρ ὰέὫὭὸ╧♫                                                                                                  (3.8) 

Geostatistical Multiple Linear Regression (GMLR) 

In this study, 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 models have been 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: 

 ᾀ ╧♫ – ‐                                                                                                                        (3.9) 

where ᾀ  is an ὲ ρ vector of nitrate concentration and ὲ indicates total number of observations. 

The formulation of Equation 3.9 is like MLR although it includes an additional term, – (spatially 

correlated stochasticity), along with ‐ (uncorrelated stochasticity). For linear regression, ╧‍ is the 

part of ᾀ where predictor or trend variables are expressed as ╧ and their corresponding regression 

coefficients as ‍. ‍ is a  Ὧ ρ ρ vector representing the deterministic portion of the model 

that includes both intercept term, ‍ and regression coefficients ‍. The ὲ Ὧ ρ matrix, 

╧ includes again intercept term (╧   and predictor variables (╧  for each observation which is 

known as trend variables. If trend variables are included to ╧, then it can be used to perform UK 

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

Eq. (3.9) are defined earlier. In our case, k = 4, and n = 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 number of lags at which it is being estimated and the lag interval (Ὤȟ   

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, semi-variance 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: 

‎Ὤȟ В ᾀᶻ ᾀᶻ                                                                                                   (3.10) 

where, ά is the number of data pairs within the class of distance used for the lag vector Ὤȟ . ᾀᶻ   

and ᾀᶻ are basically the stochastic portions of ᾀ and ᾀ, respectively (i.e., ᾀᶻ ᾀ ╧░‍Ȣ  Thus, 

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

Again, there is a relationship between semi-variance and covariance function that can be expressed 

as follows: 

‎Ὤȟ „ ╒Ὤȟ                                                                                                              (3.11) 

here, „  is the variance of observations and ╒Ὤȟ   is the covariance function. Covariance 

function is the generalization 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 components (– ÁÎÄ ‐ 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: 

╒ᾀȟᾀ ╒Ὤȟ

ί ίȟ                      Ὤȟ π

ί ρ Ὡὼὴ ȟ ȟ   Ὤȟ π 
                                                          (3.12)                                                                                             

where, ╒ᾀȟᾀ  represents the spatial covariance (╒) between two observations (ᾀ and ᾀ) and 

ίȟίȟÁÎÄ ὥ are the covariance model parameters. ╒ᾀȟᾀ  works as a function involving lag 

vector (Ὤȟ   and all the covariance model parameters. Here, ί is the nugget variance, ί is the 

variance of spatially correlated component which is known as partial sill. The quantity ί ί is 

commonly known as the total sill (or total variance). The third parameter, ὥ is distance range 

parameter. In general, variogram model approaches its sill asymptotically and for this reason it 

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

is approximately equal to 3ὥ. Spatial covariance ╒ (a ὲ ὲ covariance matrix) is obtained by 

optimizing these covariance model parameters.  
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 Deterministic Model Parameters from GMLR: The deterministic parameters of the GMLR 

model are calculated in a straightforward manner where the required parameter estimates (i.e., ╒) 

are already obtained from Equation 3.12: 

‍ ╧╒ ╧ ╧╒ ᾀ                                                                                                        (3.13) 

where, ╒ is the spatial covariance matrix of observations (a ὲ ὲ covariance matrix with elements 

determined from Equation 3.12), ╧ is the ὲ Ὧ ρ 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, 

╒  are found from the following equation: 

╒ ╧╒ ╧                                                                                                                    (3.14) 

After calculating ╒ȟ the square root operation is performed individually to obtain the standard 

error of the intercept and trend variables. Thus, all the required model parameters are obtained and 

presented in the result section.  

 

After obtaining model parameters, predictor variables are used to determine the kriging weights, 

ⱦ which is used in the geostatistical model formulation. The system of linear equation for the UK 

model can be presented by Eq. (3.15).  

╒ ╧
╧╣

ⱦ
ⱶ

╒Ἥ
●Ἥ
╣                                                                                                              (3.15) 

Where,  ╒Ἥ is the ὲ Í matrix of covariance between the ὲ observation locations and the Í 

estimation location,  ⱦ is a  ὲ Í matrix of kriging weights corresponding to both observations 

and estimations. ●Ἥ is a Í  Ὧ ρ matrix with same variables applied for the Í estimation 

locations. Also, ⱶ is a Ὧ ρ Í matrix of lagrange multipliers that is related to uncertainty in 

the estimated mean value. Using the kriging weights, ⱦ from Eq. (3.15) along with observation, ᾀ 

(an ὲ ρ vector), estimates of the response variable across the prediction grid can be developed 

as: 

ᾀ ⱦᾀ                                                                                                                                   (3.16) 

where, ᾀ an ά ρ vector of interpolated nitrate concentration at the predicted grid locations.  
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Thus, GMLR model is developed 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.  

 

3.3.4 Variable selection method 

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 and criterion-based procedures to perform the 

variable selection. Backward elimination is a testing-based procedure where the predictor with the 

largest p-value (over 5% significant level) is removed at each stage and the elimination process 

will continue until all ónonsignificantô predictors are removed. A general philosophy for choosing 

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 Information Criteria (AIC) 

(Akaike 1974, 1998), which is a criterion-based 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 backward elimination procedure with some minor 

differences (Gu et al. 2018). In most cases Faraway (2005) recommends criterion-based methods 

over testing-based methods as they employ a wider search through the modeling space and 

compare models in a preferable manner. Also, 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 concentration at 

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 and discussion 

3.4.1. Regression analysis for nitrate source apportionment 

Regression coefficients 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 Table 3.2, only agriculture is found significant at the 5% level.  
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Table 3.2. Regression Coefficients ♫▓  with Standard Errors Ɑ♫ obtained from MLR  

Regression model MLR  

Variable ♫ Ɑ♫ t value p-value 

Intercept (‍  -0.1232            0.811 -0.152           0.88 

Agriculture‍  0.3199 0.1476 2.169   0.0358* 

CAFO ‍  -0.0653 0.1022 -0.639 0.5261 

Lagoon‍  -0.0365 0.0679 -0.538 0.5936 

Population‍  -0.0825 0.0505 -1.635 0.1094 

ó***ô significance level p<0.001, ó**ô significance level p<0.01, ó*ô significance level p<0.05  

Covariance model parameters for GMLR: For creating the interpolation map using UK, the 

residual semivariogram generation for the GMLR model is needed. The experimental and fitted 

exponential variogram using the observation data is shown in Fig. 3.8 where a moderate spatial 

correlation is observed in the residuals. A least square minimization technique is applied to 

determine covariance model parameters for the GMLR model (Equation 3.12) as ί= 2.0979 

(mg/L)2, ί= 1.3192 (mg/L)2, and ὥ = 30000 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 criterion-based procedure, all non-significant predictor variables have been 

removed and only Agriculture (p-value 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 methods using the variable 

selection method. The results of the deterministic component from MLR, LR and GMLR are 

obtained for intercepts (‍  and regression coefficient ‍  presented by Table 3.3. The positive 

value of regression coefficient ‍  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 intercept in all 

methods. Moreover, the predictor variable, Agriculture is found significant at 1% and 5% level for 

different regression models.  

Table 3.3. Regression Coefficients ♫▓  with Standard Errors Ɑ♫ obtained from the 

regression models after eliminating non-significant variables using the variable selection 

criteria  

Regression model MLR  

Variable ♫ Ɑ♫ t value p-value 

Intercept (‍  0.2497 0.5706 0.438 0.6638 

Agriculture‍  0.1045 0.0302 3.459    0.0012** 

Regression model LRM  

Variable ♫ Ɑ♫ z value p-value 

Intercept (‍  -1.5514 0.7879 -1.969 0.0489* 

Agriculture ‍  0.1436 0.0504 2.851 0.0044** 

Regression model GMLR  

Variable ♫ Ɑ♫ t value p-value 

Intercept (‍  1.0989 0.8626 1.2739 0.2100 

Agriculture ‍  0.0755 0.0334 2.2581 0.0295* 

ó***ô significance level p<0.001, ó**ô significance level p<0.01, ó*ô significance level p<0.05  

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 regression coefficient value 

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 obtained using the model results reported in 3.4.1. These prediction maps are 

very helpful for identifying the areas where the groundwater nitrate is at specified concentration 

level.  

The results in Fig. 3.9 (a-b) show that the log-transformed average nitrate concentration estimates 

are higher in several areas of dense agricultural activity when using MLR and LR. The GMLR 

interpolation map shown in Fig. 3.9(c) is created by using residuals from semi-variogram model 

based on the output from the spatial correlation operation. GMLR model with predicted log-

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 observation values at these locations. At the north-central, south-west part of 

Sampson County and south-east part of Duplin County, nitrate concentration estimates are small 

using all three models. For the MLR model, average nitrate concentration varies between 3 mg/L 

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. All three interpolation maps show a good 

correlation with the N-fertilized agricultural land map from Fig. 3.4(d). GMLR with nitrate 

concentration prediction map show little detail and are fairly smooth spatial variation where the 

nitrate concentration coverage is approximately 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 coefficients. The prediction standard deviation error map (square 

root of prediction error variance) is shown in Fig. 3.9(d) where the ócrossô points indicate the 

pseudo observation locations. As expected, prediction standard deviation is small near the 

observation locations and greater far away from them. Generally, it is expected that the standard 

deviation is large in areas which have less density of pseudo observations. In our case, Sampson 
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County has high density of observations and for this reason the higher standard deviation is found 

in the north-central, southern part of the Duplin county.   

 

(a)    (b)  

(c)   (d)  

 

Figure 3.9. Predicted log-transformed nitrate maps: (a) average concentration from MLR, 

(b) Probability of exceeding 5 mg/L from LRM, (c) average concentration 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 estimates due to the result of data errors in the well database, GIS-based explanatory 

variables (i.e. potential sources) and also estimated error in developing the GMLR-UK coefficients. 

3.4.3 Effect 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 analysis was limited to examining how increase 

in agricultural activity will impact the extent of nitrate contamination in the study area. Four 

scenarios were developed with increasing percentage of N-fertilized agricultural land from 10% 

to 50% when compared to the base case. For better evaluation of the increasing contamination, the 

total nitrate concentration level is categorized into three ranges such as (<5) mg/L, (5-10) mg/L, 

and (>10) mg/L. The analysis is performed for GMLR model only as it was identified having better 

performance among three models from section 3.4.2. The results are shown in Fig. 3.10. For base 

case, average nitrate concentration < 5 mg/L (half of EPAôs MCL) is found in approximately 13% 

of the total area covering both counties for the model. The 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 well, and the largest area coverage is found in the 5-10 mg/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 agricultural land. Therefore, 

the median nitrogen concentration found the USGS study is lower compared to the reported value 

because the largest coverage is found within the range of 5-10 mg/L.  

With the increasing amount of N-fertilized agricultural land use from 10% 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 fraction of groundwater to be contaminated above the EPA safe 

level of 10 mg/L. 
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Figure 3.10. Original scale average nitrate concentrationôs (mg/L) percentage coverage at 

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

in the N-fertilized agricultural land.  

 

3.4.4 Effect of denitrification rate 

In previous analyses, a denitrification rate of 0.0002 yr-1 was assumed (section 3.3.2.1). However, 

denitrification rates can vary significantly from site to site and even within the same site. To 

examine the effect of uncertainty in denitrification, scenario analyses with rates of 0, 0.0002, 0.002, 

and 0.02 yr-1 were carried out. In general, increasing the denitrification rate is expected to lower 

the impact of potential sources on the receptor locations by lowering the zone of influence weights. 

Table 3.4 presents the regression analysis results for the GMLR model with increasing 

denitrification rate; agriculture is again identified as the sole significant predictor variable from 

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 the receptor locations and to overcome this 

regression coefficients increase to match concentrations at the receptors. Beside this, p-value is 

found less significant (i.e., increasing p-value) with increasing decay rate as potential sources have 

a smaller influence on the nitrate level at receptor locations. 
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Table 3.4. Regression Coefficients ♫▓  with Standard Errors Ɑ♫ obtained from GMLR 

for Agriculture  

Regression model GMLR  

Denitrification rate  ♫ Ɑ♫ 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* 

ó***ô significance level p<0.001, ó**ô significance level p<0.01, ó*ô significance level p<0.05  

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

study area under various denitrification rates. For this purpose, N-fertilized agricultural land was 

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

categorized in a similar way as described in section 3.4.3. The analysis is performed using both 

MLR and GMLR models but only the results from GMLR model are presented in Fig. 3.11. For 

base case. i.e., no decay, average nitrate concentration < 5 mg/L (half of EPAôs MCL) is found in 

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 coverage is found in 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 almost non-existent for higher decay rates even though 

N fertilized agricultural land is increased by 30%. Although increasing agricultural activity 

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 nitrate concentration below 5 mg/L for more areas.  
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Figure 3.11. Original scale average nitrate concentrationôs (mg/L) percentage coverage at 

different decay rates for GMLR model with 30 percent increase in the N-fertilized 

agricultural land.  

 

3.5. Summary and conclusions 

In this study, source apportionment of groundwater nitrate contamination is performed in an area 

encompassing Duplin and Sampson counties in North Carolina by considering agriculture (as N-

fertilized land), lagoons, CAFOs, and population (representing 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 lies in 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 pathways. The 

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 GMLR) were used for source 

apportionment. Among the four source types considered, N-fertilized 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 the southern part 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 with regression 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 the GMLR model. 

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. The probability 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 

sensitivity-based scenario analyses by increasing the amount of the N-fertilized 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 increase 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 apportionment 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 methodology 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 two-dimensional groundwater model, (ii) use of pseudo 

observations 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 (lb/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/Sorghum 85 

Dbl Crop Barley/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 Systems using an 

integrated SWAT-MODFLOW -RT3D model 

Abstract 

Understanding the interaction between groundwater and surface water in watersheds is essential 

for assessment of long-term anthropogenic impacts on ecosystems due to agricultural farming 

practices. Nitrate leaching from intensified agricultural farming practices percolates through the 

surficial aquifer and degrades groundwater quality in many parts of NC. To evaluate the process 

of nitrate accumulation and leaching in surface and groundwater, we developed an integrated 

model using SWAT-MODFLOW and simulated the nitrate transport in aquifer using 

MODFLOWôs reactive transport model, RT3D. This study is applied to the Northeast Cape Fear 

(NECF) Watershed (1565 km2) within the Cape Fear River Basin in NC, USA. One of the major 

objectives of this work is to examine the impact of climate change by quantifying the spatio-

temporal dynamics of water budget and interaction processes. The coupled model is set up for the 

time period of 1985-2010, validated for the period of 2011-2017 and contrasted with an emission 

scenario of RCP 4.5 using Global Climate Model (GCM), CCSM4 for the period of 2018-2099. 

For this specific emission scenario, an increase of 2.5 to 3 ↔C in annual average temperature is 

projected, whereas projected precipitation shows a slightly increasing trend. Initially, the model 

was calibrated and validated for streamflow; spatio-temporal anomalies of the groundwater-

surface water (gw-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 to the stream by 55% and decreasing the groundwater storage 

volume by 33% with RCP 4.5 scenario till the end of this century. Point and non-point sources of 

nitrogen loading from animal farming operations (i.e., swine, cattle, sprayfield) were incorporated 

into the coupled model. Sensitivity-based scenario analyses indicate that agricultural sprayfield is 

the most sensitive component for the relative impact of nitrate contamination in both groundwater 
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and surface water. Water quality simulations indicate that average groundwater nitrate 

concentration is expected to decrease by 27% and in-stream monthly average nitrate loading will 

increase by 4.5% in next several decades due to the combined climatic and anthropogenic impacts. 

The decrease in groundwater nitrate concentration might be impacted by the declination of 

groundwater storage volume over time, whereas significant increase in groundwater discharge 

from aquifer to the streams may account for the increase in in-stream nitrate loading. These 

findings will have profound impacts on nitrate management for potential application in other 

watersheds, pointing to the necessity for conservation practices.   

Keywords 

Agricultural watershed, SWAT-MODFLOW, groundwater-surface water interactions, nitrate 

transport 

4.1. Introduction 

Understanding the interactions between groundwater and surface water is essential as they are not 

independent in the hydrological cycle. All type of surface water features including streams, lakes, 

reservoirs, estuaries interact closely with groundwater. As an interaction process, pollution from 

surface water bodies can cause degradation of groundwater quality and conversely the pollution 

from groundwater can deteriorate surface water quality. For effective land and water management 

practices, it requires to create appropriate linkages between groundwater and surface water as 

applied to any given hydrological setting.  Although seepage from surface water body may 

recharge groundwater as they are hydraulically connected (Winter et al. 1998); but the interactions 

are still difficult to measure and frequently ignored in water management policies and 

considerations.  

Nutrient pollution from agricultural resources have increased tremendously during the last half-

century due to over-application of industrial fertilizers and animal manure, although nutrients are 

considered as essential elements for plant growth. Nitrate (i.e., NO3-N) contamination of 

groundwater and surface water may occur from various natural (e.g., rain, forests, grasslands etc.) 

and anthropogenic sources (e.g., Concentrated Animal Feeding Operation (CAFO), municipal, 

fertilizer applied on row crops, septic waste etc.) sources. During rainfall events nitrate can occur 

into groundwater by leaching from soil profile (Randall and Iragavarapu, 1995), transport through 
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the saturated zone and finally released to the stream from aquifer via groundwater discharge (Duff 

and Triska, 2000). Nitrate having a concentration of 5 mg/L or greater in groundwater can 

contribute to the inhibition of chemical reduction of environmental pollutants, such as selenite 

(SeO4) and sulfate (SO4) (Bailey et al., 2012). Groundwater nitrate has some influence on surface 

water body through transport pathways, therefore nitrate measurement in surface water is 

necessary in evaluating the contaminant sources in groundwater.  A strong connection exists 

between the aquifer and stream; seepage from stream to the aquifer and alternatively groundwater 

discharge from aquifer to the stream depending on seasonal hydrologic conditions. To understand 

how the nitrate contamination propagates from surface water to groundwater and vice versa, an 

integrated gw-sw model is required.  

Over the last two-decades, numerous modeling studies considering gw-sw interactions have been 

conducted (Sophocleous et al., 1997; Markstrom et al., 2008; Sudicky et al., 2008; Kim et al., 

2008; Bailey et al., 2016). To continue research, numerical models must fulfill the study demands 

such as data availability for model set-up, easy to use, desired level of accuracy for simulation 

results etc. Hydrological models are categorized into two major parts that are commonly used in 

the contaminant remediation studies: watershed models having focus on land surface processes 

with simplified sub-surface consideration, and groundwater models with focus on sub-surface flow 

and transport processes. However, models are categorized as completely-coupled and loosely-

coupled according to the coupling strategies (Guevara-Ochoa et al., 2020); for the model 

application purpose, loosely-coupled model shows better performance (Bailey et al., 2016; Wei et 

al., 2019; Aliyari et al., 2019; Liu et al., 2019). To study gw-sw interaction processes, several 

numerical modeling approaches are widely used. Those are: MIKE SHE (Abbott et al., 1986; 

Refsgaard and Storm, 1995; DHI, 2017), CATHY (catchment hydrology model by Paniconi and 

Wood, 1993), Parflow (parallel flow model by Kollet and Maxwell, 2006), HydroGeoSphere 

(Sudicky et al., 2008), GSFLOW (Markstrom et al., 2008), and SWAT-MODFLOW (Kim et al., 

2008; Guzman et al., 2015; Bailey et al., 2016). Among them, SWAT-MODFLOW is a loosely-

coupled model which has been widely used for evaluating gw-sw interactions, water demand 

analysis, crop rotation and management practices, contamination through chemical fertilization 

from agricultural land, reservoir studies etc.  All these factors are critical for water balance analysis 

where extensive farming activities are carried out (Guevara- Ochoa et al., 2020). Table 4.1 

provides a list of studies that have used in integrated gw-sw modeling to study the impact of 



84 

 

climate change and nitrate contamination at the watershed scale. The novelty of this work lies in 

the consideration of both climatic and anthropogenic factors for estimating nitrate contamination 

by a coupled model. As SWAT-MODFLOW can simulate multiple physical processes efficiently 

for large watershed, this study uses publicly available SWAT-MODFLOW tool developed by 

Bailey et al., (2016). Some of the key features of the coupled SWAT-MODFLOW model is to 

compute the spatio-temporal distribution of groundwater recharge and discharge, surface runoff, 

groundwater level, evapotranspiration etc. (Sophocleous and Perkins, 1993; Bailey et al., 2016; 

Taie-Semironi and Koch, 2019; Aliyari et al., 2019). The modified version of SWAT-MODFLOW 

model has been used in some recent studies (Aliyari et al., 2019; Chunn et al., 2019; Wei and 

Bailey, 2019) for quantifying the gw-sw interactions due to climate change through the calibration 

of streamflow and groundwater levels.  

 

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 al., 

(2003) 

SWAT-

MODFLOW

-MT3D 

Coet-Dan 

watershed, 

west of France 

(12 km2) 

The fate of nitrate was 

investigated with an 

integrated 

management tool 

- loosely coupled model 

- spatial representation of groundwater 

nitrate conc. was not characterized.  

-scenario analysis w.r.to fertilizer 

application 

Galbiati et 

al., (2006) 

Qual2E-

MODFLOW

-MT3D 

 

Bonello 

watershed, 

Italy 

 

perform water balance 

analysis and predict 

nutrient leaching from 

surface to the aquifer at 

the model outlets 

- loosely coupled model  

- did not perform any scenario analysis 

- Spatial distribution of contaminant 

was not presented 

Narula and 

Gosain 

(2013) 

SWAT-

MODFLOW

-MT3DMS 

Upper Yamuna 

watershed 

(11,600 km2) 

Evaluate the temporal 

distribution of non-

point source nitrate 

loadings 

- loosely coupled model 

- accurate amount of nitrate leaching 

out of the soil is not simulated 

- Climate change scenarios assess the 

impact on stream flows 

Jia et al., 

(2015) 

WASP-

MODFLOW

-MT3D 

Chaobai river 

alluvial plain, 

China 

Concentration of four 

contaminants (NH3-N, 

CODMn, F, As) were 

simulated 

- surface water conc. of contaminants 

was not characterized 

- loosely coupled model 

- scenario analysis was performed to 

quantify the impact of groundwater 

level on nitrate contamination 
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Table 4.1. (continued).  

Wei et al., 

(2018) 

SWAT-

MODFLOW

-RT3D 

Sprague River 

watershed, 

Oregon (4000 

km2) 

Simulate nitrate fate 

and transport in the 

watershed system 

-  semi coupled model 

-  different types of agricultural 

loading was not considered in SWAT 

- No scenario analysis has been 

performed 

Chunn et al., 

(2019) 

SWAT-

MODFLOW 

Little Smoky 

River 

watershed, 

Alberta 

(11,494 km2) 

The coupled model 

was used to evaluate 

the potential impact of 

climate change and 

gw-sw interactions 

- semi coupled model 

- did not perform any scenario analysis 

considering anthropogenic influences 

from agriculture and domestic sectors  

-short-term future projection 

Wei and 

Bailey 

(2021) 

SWAT-

MODFLOW

-RT3D 

Lower 

Arkansas 

River Valley, 

Colorado (732 

km2) 

Evaluate nitrate and 

phosphorus 

remediation in an 

irrigated watershed 

using coupled model 

-  semi coupled model 

- nutrient loading from animal 

operations was not considered in 

SWAT 

- Did not perform climate change 

scenario analysis 

Aliyari et al., 

(2021) 

SWAT-

MODFLOW 

South Plate 

River Basin, 

Colorado 

(72,000 km2) 

Climate change 

impacts on future 

water resources and 

agricultural 

productivity 

- semi coupled model 

- assumptions that all current water 

management practices remain same 

throughout 21st century 

- climate change scenarios only assess 

the impact on stream flows 

This Study SWAT-

MODFLOW

-RT3D 

Northeast 

Cape Fear 

River 

Watershed 

(1665 km2) 

Examine the impact of 

climatic and 

anthropogenic factors 

of nitrate 

contamination using 

the integrated model 

- semi coupled model 

- use of statistically downscaled 

climate data 

-apply the model at watershed scale 

 

Now a days, proper water management is a major challenge world-wide due to numerous emerging 

stresses. Hydroclimatic changes due to global warming and severe anthropogenic influences create 

impact on the river streamflow and the winter recovery of glaciers (St. Jacques et al., 2010). Thus, 

climate modeling tools help to predict future changes due to external forcing of the climatic system 

and anthropic actions (Barros et al., 2015). Climate change impact assessment studies are divided 

into several steps those incorporate the use of water resources models (Pechlivanidis et al., 2011; 

Panagopoulos et al., 2014; Roy et al., 2015; Sarkar, 2015). One of these steps involve in the 

selection of climate change scenarios from a Global Circulation Model (GCM) or Regional 

Climate Model (RCM); process those data to be statistically downscaled; use it as input into the 

water resources models; and finally make a comparison between the simulation results and 

historical observations for the future climatic condition. The global volume of extracted water will 
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increase in future and Chunn et al., (2019) described this increasing trend is 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 

(Vörösmarty et al., 2000), alterations in gw-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 

streamflowôs (Aliyari et al., 2019). It is also a topic of discussion that what will be the impact on 

near-term or long-term future due to climate change. Chunn et al., (2019) developed a coupled 

SWAT-MODFLOW model to study gw-sw interaction under varying climate conditions from 

2010 to 2034. They reported no significant impact from climate change during this short 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 and large amounts 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 (NPS) from agricultural activities deteriorates both streams and aquiferôs water quality 

due to nutrients released from its associated pollutants. The exported nutrients from the excessive 

fertilizer application in the agricultural watershed changes the water quality status from 

oligotrophic to eutrophic conditions and stimulate major environmental problems (Cloren, 2001). 

To the date, nitrate has been the most common pollutant investigated in modeling studies (e.g., 

Conan et al., 2003; Narula and Gosain, 2013; Wei et al., 2019; Szymkiewicz et al., 2020). After 

satisfying the crop demand and denitrification capacity of soil, remaining nitrate from fertilizer 

application can dissolve and leach into the underlying alluvial aquifer, and then load to streams 

via groundwater discharge (Du et al., 2016; Zhang, 2016; Zimnicki et al., 2020). With the 

development of SWATïMODFLOW model (Bailey et al., 2016), and solute transport modules 

e.g., RT3D (Reactive Transport in Three Dimensions, Clement, 1998), this integrated tool helps 

to identify hot-spots of nitrogen pollution across the groundwater and surface water medium, 

providing a scientific basis for managing non-point source pollution in the watershed (Ehtiat et al., 

2016; Kamali and Niksokhan, 2017; Wei et al., 2019). 

In an agricultural watershed, groundwater plays a very important role for propagating dissolved 

nutrients from aquifer to the stream. Indeed, SWAT alone cannot simulate flow and nutrient 
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transport processes in groundwater (Bain et al., 2012). Therefore, a fully integrated SWAT-

MODFLOW model (Bailey et al., 2016) can be applied to capture the gw-sw interactions in the 

study watershed. To incorporate nutrient fate and transport, previous studies (Galbiati et al., 2006; 

Narual and Gosain, 2013) have linked MT3DMS with SWAT-MODFLOW. In this study, 

integrated SWAT-MODFLOW-RT3D model has been considered that can represent the hydro-

chemical processes due to nutrient movement and transformation, estimate groundwater and 

surface water nutrient concentrations, nutrient loading from aquifer to the stream and vice versa. 

The model is applied to the NECF watershed (1565 km2) within the Cape Fear River Basin for the 

period 1985-2017. After identifying sensitive model parameters, model calibration was performed 

to get a better comparison with the measured data by adjusting those for the study site. The model 

is again tested for climate forcing scenarios, RCP4.5 ranging the period of 1985-2099. The well-

known GCM (CCSM4) has been used here which 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 evapotranspiration), groundwater resources 

will equally be impacted not only through their interaction with surface water bodies (e.g., lakes 

and rivers), but also, through the recharge processes indirectly (Jyrkama and Sykes, 2007). 

Therefore, quantifying climate change impacts on groundwater requires assessment of future 

evolution of the hydrological variables that interact with the groundwater system (groundwater 

recharge, nutrient leaching, etc.). Predicting recharge and discharge conditions under future 

climatic change is essential for integrated water resources management 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 understanding of the climatic impact 

that a community may face in future.  

Objectives and research tasks: 

The overall goal of this study is to understand the relative contribution of nitrate contamination in 

groundwater and surface water due to the impact of climatic and anthropogenic stresses. For this 

purpose, the following five major objectives are formulated.  
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(1) Develop a fully integrated sw-gw model using SWAT and MODFLOW for an agricultural 

watershed. This objective will help us understand the benefit of coupling two models rather 

than using them individually. It can be accomplished by the following tasks: 

V Calibrate SWAT only and SWAT-MODFLOW models using observed streamflow 

and groundwater level data for calibration period 

V Compare monthly stream flows simulated by SWAT only and coupled SWAT-

MODFLOW models with observed data for testing period 

V Compare the observed groundwater levels with the simulated values from coupled 

SWAT-MODFLOW model for testing period 

(2) Characterization of the spatio-temporal patterns of gw-sw interactions for the calibrated 

SWAT-MODFLOW model. It will help to understand how the SWAT-MODFLOW model 

quantifies the sw-gw interactions at watershed scale. Also, how the amount of groundwater 

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 patterns of groundwater discharge to the stream network on 

seasonal basis for the duration of 1985-2017.  

V Perform water balance analysis to compute the contribution from different 

components in the hydrological cycle. 

(3) Compute nitrate fate and transport in the study area by developing a SWAT-MODFLOW-

RT3D model and use the model to calibrate and validate with respect to the historical water 

quality data. This objective will help to answer what are the transport pathways of nitrate 

in the stream-aquifer system during the historical period.  

(4) Examine the impact of climatic stresses by performing scenario analyses using the 

integrated SWAT-MODFLOW-RT3D model. This objective will address the question of 

how the seasonal interaction of streamflow impacts the relative contribution of nitrate in 

both groundwater and surface water under extreme climatic events. Also, how climate 

change can have major impact on the sw-gw interactions process, water balance system in 

the basin scale. This can be accomplished by the following tasks: 

V Seasonal interaction between monthly gw-sw exchange rates for the model 

simulation period due 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 SWAT-MODFLOW-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 non-point source loading at different 

implementation levels. 

V Perform sensitivity analysis for different types of anthropogenic loading coming 

from nitrogen inputs. 

4.2. Overview of combined 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. SWAT model 

The Soil and Water Assessment Tool (SWAT) is a basin-scale model that is widely used for 

understanding water quantity and applied in a watershed scale (Arnold et al., 1998; Gassman et al., 

2007; Neitsch et al., 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 

temporal resolutions. SWAT is a widely used watershed runoff model that can handle large 

watershed based on the division into multiple sub-basins and subsequently Hydrologic Response 

Units (HRUs). The HRUs represent percentages of the sub-watershed area and do not have a 

designated geographic location within a SWAT simulation. Mass balance equation for discharge, 

sediment, and nutrients are computed for HRUs within each sub-basin, where SWAT creates 

homogenous characteristics for land cover, soil properties, topology, and management. 

Additionally, SWAT can divide watershed into HRUs depending 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, climate 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 to groundwater aquifer. In case of groundwater flow and solute transport, 

SWAT is not capable of determining the spatial distribution of groundwater levels and 

groundwater interactions with surface water i.e., groundwater discharge and stream seepage. It is 

not capable to show the spatial distribution of aquifer parameters (e.g., hydraulic conductivity, 

porosity, specific yield and specific storage) (Kim et al., 2008; Wei et al., 2019), despite having 

its own groundwater module. 

SWAT model is capable of simulating nutrient transformation into 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 atmospheric fixation, plant residue, and 

fertilization, while outgoing components that represent nutrient loss from the soil includes surface 

runoff, plant uptake, leaching, lateral subsurface flow, and groundwater flow. The SWAT in-

stream water quality dynamics is computed using QUAL2E 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 non-point source pollution within basins.  

4.2.2. MODFLOW model 

MODFLOW is a physically based, three-dimensional finite difference ground water flow model 

(McDonald and Harbaugh, 1988) widely used for groundwater modeling studies. It is capable of 

simulating steady and transient flows in a saturated system where the aquifer layers are confined, 

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 layers. Groundwater flow equation is solved by MODFLOW based on 

the finite difference approach using the laterally and vertically discretized grid cells; the aquifer 

properties remain uniform within each grid cell. In addition, MODFLOW can simulate 

groundwater hydraulic head at the center of each cell, cell-based recharge, groundwater level etc. 

The model can adequately generate surface-subsurface interactive processes such as exchange rate 

between river and aquifer (Sophocleous et al., 1997) by using the river (RIV) and 
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evapotranspiration (EVT) package. MODFLOW can also simulate the effects of wells, drains, 

head-dependent boundaries etc. However, MODFLOW considers surface, sub-surface processes 

in a simplistic manner and quantification of surface water recharge rates can be inaccurate while 

considering MODFLOW model alone (Kim et al., 2008; Aliyari et al., 2019). To overcome the 

potential disadvantages of using single model, combination of SWAT and MODFLOW works as 

a coupled model to quantify the interactions between stream and itôs adjoining groundwater system 

(Kalbus et al., 2006; Bejranonda et al., 2007).  

4.2.3. Coupling of SWAT and MODFLOW models 

One of the most essential components of an efficient groundwater model (MODFLOW) is the 

accuracy of recharge rates based on input data. Many factors are liable for showing spatio-temporal 

variability of the groundwater recharge such as climatic conditions, soil properties, land use 

changes, and hydrological heterogeneity. Some of these factors are not considered in the estimation 

of recharge rates for groundwater models. 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 that cannot represent the distributed 

parameters such as hydraulic conductivity. To overcome this limitation, both models are coupled 

together in one interface to build an integrated gw-sw model. The linking of SWAT and 

MODFLOW model (i.e., SWATïMODFLOW) was first developed by Sophocleous et al., (1997), 

and further improved recently by Kim et al., (2008); Bailey et al., (2016). SWAT-MODFLOW 

model has been widely applied to watershed scale for simulation of gw-sw interactions over the 

last two decades with continuous 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 coupled with 

MODFLOW using the recently developed SWAT-MODFLOW modeling code (Bailey et al., 

2016). MODFLOW-NWT (Niswonger et al., 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 is adopted from (Bailey et al., 2016); with SWAT processes labeled in green, 

MODFLOW processes labeled in blue. The RT3D processes involved are labeled in red and will 

be discussed in next section.  
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Figure 4.1. Hydrological processes of SWAT, MODFLOW, and RT3D (Bailey et al., 2016) 

To integrate SWAT and MODFLOW, SWAT HRUs must be disaggregated first and then it is 

called DHRUs. These DHRUs split a given HRU into individual polygons, which allows it to be 

geo-located so that connection between SWAT and MODFLOW is facilitated (Park and Bailey, 

2017). After the disaggregation of HRUs, linkages are created between files with the help of 

SWAT-MODFLOW code to pass the information that how many HRUs, DHRUs, and 

MODFLOW grid cells exist in the project. At this stage, DHRUs 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 and a gw-sw interaction process 

is established for each sub-basin stream. The entire process of creating the linkage files and 

coupling the SWAT-MODFLOW model is explained in detail in the SWAT-MODFLOW tutorial 

(Park and Bailey, 2017). This coupled SWAT-MODFLOW model is widely used all over the 

world for watershed modeling to assess the impact of climate change on groundwater levels and 

streamflow. 

In this study, we have used QSWATMOD, a QGIS-based GUI plugin that create the linkages 

between the SWAT and MODFLOW model within a geographical information system (GIS) 

setting which was originally developed by Park et al., (2019). QSWATMOD again uses the 

SWAT-MODFLOW modeling code from Bailey et al., (2016) for simulating groundwater head, 

flow and gw-sw interactions.  Previously, Bailey et al., (2017) developed SWATMOD-Prep, a 
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python-based GUI that has some limitations. It did not create linkage between SWAT and existing 

MODFLOW model and could not display model output results or compare model results. Whereas, 

QSWATMOD allow users to visualize the model output results and make comparison with 

observed data. Moreover, it is user friendly because this tool is based on the free and open-source 

QGIS platform.  

4.2.4. RT3D (Reactive Transport in 3 Dimensions) model 

After setting up the MODFLOW model, the integration is required with RT3D which is a three-

dimensional model used to simulate multi-species, reactive transport in saturated porous media 

(Clement, 1998). RT3D can simulate the mass conservative advection-dispersion-reaction (ADR) 

mass balance equation for one of more solutes from groundwater reactive transport system (Bailey 

and Park, 2019). The ADR equations for solute transport of nitrate can be written as Eq. (4.1): 
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where  
3NOC is solute concentration of NO3 [M/L 3];  

ijD is the hydrodynamic dispersion coefficient [L2/T];  

, [ ]i jx L  is the distance along the respective Cartesian coordinate axis;iv is the groundwater velocity [L/T] 

for MODFLOW dynamics; fis porosity; sq is the volumetric flux of water representing sources and sinks; 

3NO
SC is the concentration of the source or sink water;  

3NOk is the first-order rate constant for denitrification 

[1/T]; 
3NOK is the Monod half saturation constant [M/L3] for NO3. RT3D was successfully used in the 

past for simulating chemical transport, chemical interaction with geology, pumped groundwater 

chemical fluxes etc. This reactive transport model simulates nitrate concentration in up flux at the 

surface (i.e., HRU cells at the surface). It also computes nitrate loading towards the stream whereas 

groundwater discharge into the stream is simulated by MODFLOW. Thus, RT3D uses cell-based 

groundwater hydraulic head, groundwater flow field computed by MODFLOW model for solute 

transportation purpose. RT3D has been included into the SWAT-MODFLOW modeling 

framework similar to Wei et al., (2019) because it is capable of doing multi-species transport for 

any given number of solutes. Nitrogen loading into the stream is simulated by RT3D and overland 

transport of nitrogen simulated by SWAT would be useful for identifying the relative contribution 
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of nitrate contamination into both groundwater and surface water resources. Testing of this 

integrated SWAT-MODFLOW-RT3D combination will be carried out for the study site in North 

Carolina.  

4.2.5. SWAT-MODFLOW -RT3D modeling framework 

Following the brief overview of individual SWAT, MODFLOW, and RT3D models, Fig. 4.2 

presents a schematic showing the entire data flow for the integrated model. Also, how the 

methodology is applied to evaluate the spatio-temporal dynamics of water balance and gw-sw 

interactions under climatic and anthropogenic stresses. The overall methodology is divided into 

three major parts: development of model and coupling strategies, calibration performance, and 

scenario analysis. At first, the SWAT and MODFLOW models were individually constructed with 

input data and then run as a coupled SWAT-MODFLOW model for the historical period of record 

(1985-2017). At the start of model run process, the first 6 years were considered as warm-up period 

to allow the water cycle to reach equilibrium so that an initial state is ensured (Daggupati et al., 

2015). It is to be noted that, SWAT model needs to have the full HRU coverage so that the 

computed recharge and nitrate leaching will be transferred properly to the underlying MODFLOW 

grid cells. After a successful coupled model run, it has been calibrated for streamflow, hydraulic 

heads for three observations well locations; performance is evaluated for the spatio-temporal 

pattern of the water balance and the gw-sw interactions. Next, the computation of groundwater 

flow by MODFLOW is done; RT3D sub-routine is called inside the MODFLOW model which 

also receives nitrate concentration in each HRU from the SWAT model, simultaneously. At this 

stage, RT3D simulates nitrate concentration for each MODFLOW grid cell and N mass loading 

to/from the stream. Before running the integrated SWAT-MODFLOW-RT3D model, an important 

step was to reconstruct nitrate concentration data as there were so many missing information in 

the observation.  
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Figure 4.2. Schematic of integrated modeling framework and applied methodology for the 

modified SWAT model with additional point and non-point source loadings  
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In the meantime, modification of SWAT model was also performed to incorporate additional point 

and non-point loading coming from anthropogenic 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 step is to examine the impact of both climatic and 

anthropogenic stresses, perform sensitivity analyses after calibrating the coupled model for nitrate. 

Here, the CMIP5 GCM is used to quantify future climate projections and in this regard climate 

hypotheses have been formulated from historical observations. Fig 4.2 shows a schematic that 

summarizes the applied methodology for evaluating the spatio-temporal dynamics of water budget 

and gw-sw interactions under scenarios of climate change and anthropogenic changes. 

4.3. Model development for the NECF watershed 

4.3.1. Study area 

The study region is the lower Cape Fear River Basin known as Northeast Cape Fear (NECF) River 

watershed. The watershed is associated with United States Geological Surveyôs hydrologic unit 

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 

km2. The mainstem of the Cape Fear River is joined by two major tributaries: Black and Northeast 

Cape Fear rivers. The watershed is mainly driven by groundwater system; two aquifers lie within 

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

the watershed falls within Duplin County, with 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 are spread with hog waste, which contains 

large quantities of both organic and inorganic nitrogen and phosphorus (Mallin et al.,1998). In 

addition, heavy deposition of organic nutrients and low DO levels characterize wetlands in the 

watershed. The floodplain alluvium 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 et al., 2001). The most 

dominant land use types in the watershed is agricultural land with a coverage of row crops (42%), 

forested wetland (20%), range-brush (13%), evergreen forested land (12%), and water body (0.3%). 
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In the NECF watershed, most common farming practice is the hog farming 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 often applied to croplands or hayfields. The dominant type crop is 

corn, wheat, cotton, soybeans, sorghum etc. Fig. 4.3 shows the study area map with a 30-m DEM 

of the region. The average annual rainfall for Duplin County is approximately 53 inches with 

precipitation 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. The selected stream gauging station within our area of interest is also 

found from the following Fig 4.3. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

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 et al., 2013) for the study area. 

DEM was then imported and used to delineate the watershed into 23 sub-basins (Fig. 4.4) and 

stream network was created (primarily NECF River). The direction and accumulation of surface 

water flow based on the low-elevation points are calculated within each sub-basin. For this study, 
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the main outlet of the watershed is located at the south-centered point of the modeled region; 

considering the boundaries and hydrologic parameters of the entire basin are delineated.  

(a) (b) 

(c)  (d)  

 

Figure 4.4. NECF r iver watershed; (a) displaying the delineated sub-basins, (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 were defined within the area. 

From different soil classes, major soil types are found namely Norfolk 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 being dominated over 

the watershed. After defining soil and land use classification data, we choose multiple slope for 

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 23 sub-basins 

(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 resolution of 4km grid PRISM cells. 

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

Type Dataset Resolution Time span and 

time step 

References 

Climate PRISM climate group (daily 

precipitation, max & min 

temperature) 

4km 

PRISM 

cells 

1985-2017, 

daily 
http://www.prism.oregon

state.edu/ 

DEM National Map System, US 

Geological Survey (USGS-

DEM 2018) 

30m × 30 m N/A https://viewer.nationalma

p.gov/advanced-viewer/ 

Soil type 

map 

US Digital General Soil 

Map (STATSGO) from 

National Resources 

Conservation Service 

(NRCS 2018) 

1/250,000 N/A https://datagateway.nrcs.

usda.gov/ 

Land-use 

map 

National Agricultural 

Statistics Service (NASS 

2018) and National Land 

Cover Database (NLCD 

2011) 

30m × 30 m 

and  

30m × 30 m 

N/A https://nassgeodata.gmu.e

du/CropScape/ 

and  

https://viewer.nationalma

p.gov/advanced-viewer/ 

Streamflow US Geological Survey for 

station ID: USGS 02108000 

Northeast Cape Fear River 

near Chinquapin, NC 

1 in study 

area 

1985-2017, 

daily observed 

streamflow 

https://waterdata.usgs.go

v/nwis/inventory/?site_n

o=02108000 

 

4.3.3. MODFLOW model development 

The MODFLOW model was constructed using MODELMUSE interface (Winston, 2009). Similar 

to the Guzman et al., (2015) and Bailey et al., (2016), the MODFLOW-NWT was used here which 

incorporates the time-varying recharge from SWAT model. MODFLOW model employs spatial 

and temporal discretization, defining initial and boundary conditions, importing aquifer properties. 

The total MODFLOW model area was 2,920 km2, with a length of 63.6 km (i.e., 212 columns) in 

the x-direction and 45.9 km (i.e., 153 rows) in the y-direction which is shown in Fig. 4.5(a). Model 

was discretized at coarser resolution for the coupling purpose with SWAT model, with each grid 

cell having dimension of 300m Ĭ300m. The óactiveô MODFLOW grid cells are presented with red 

https://nassgeodata.gmu.edu/CropScape/
https://nassgeodata.gmu.edu/CropScape/


100 

 

color scheme and óinactiveô cells are blue color scheme found in Fig. 4.5(b). The model is built for 

three layers and heterogenous hydraulic conductivity is considered within these layers. Hydraulic 

conductivity estimates are based on the known lithology depending on the hydrostratigraphic 

formations in the study area. Input data for MODFLOW can be found from Table 4.3. Hydraulic 

properties of the hydrogeologic units were specified using the Upstream Weighting (UPW) 

Package of MODFLOW-NWT (Niswonger et al., 2011). In the UPW Package, each layer may be 

specified as either confined or convertible.  

(a) 

 

(b)  

(c)  

 

 

Figure 4.5. NECF r iver 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 model: constant/specified 

heads (CHD), rivers (RIV), and recharge (RCH). The CHD data used here was obtained from the 
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hydraulic heads of nearby observation wells. The interpolated map with water table elevation is 

shown in Fig. 4.5(c) from where the CHD data were collected. Both RIV and RCH data were taken 

from the corresponding SWAT model to keep the consistency while coupling the two models 

together. Simulated time periods from the MODFLOW-NWT model are sub-divided into ómodel 

stress periodsô. Stress periods are again sub-divided into ótime stepsô during the model simulation. 

The ótransient-stateô stress period was considered for the whole simulation period. 

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

Type Dataset Resolution Time span 

and time 

steps 

References 

DEM National Map System, 

US Geological Survey 

(USGS-DEM 2018) 

30m × 30 m N/A https://viewer.nationalmap.gov/

advanced-viewer/ 

Bedrock 

properties 

Specific Storage 300m × 

300m 

N/A Campbell and Coes, 2010 

Bedrock 

properties 

Hydraulic 

Conductivity 

300m × 

300m 

N/A NC Geological Survey, 1998 

https://mrdata.usgs.gov/geology

/state/state.php?state=NC 

Boundary 

conditions 

Constant/Specified 

head 

N/A 1985-2017 Interpolated values from 

observation wells  
Boundary 

conditions 

Rivers 1,350 grid 

cells 

1985-2017 SWAT model output 

Boundary 

conditions 

Recharge Sub-basin 

scale 

1985-2017 SWAT model output 

Streamflow US Geological Survey 

for station ID: USGS 

02108000 Northeast 

Cape Fear River near 

Chinquapin, NC 

1 in study 

area 

1985-2017, 

daily 

(monthly 

calibration) 

https://waterdata.usgs.gov/nwis

/inventory/?site_no=02108000 

Observation 

wells 

Water well records 4 in study 

area 

1990-2017, 

Discrete data 

for different 

wells 

USGS and North Carolina 

Department of Environmental 

Quality (NCDEQ) 

https://deq.nc.gov/science-data 
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4.3.4. Nitrate data for the NECF watershed 

Surface water nitrate concentrations: In-stream water quality data are obtained from the North 

Carolina Department of Environmental Quality (NCDEQ) online inventory 

https://www.waterqualitydata.us/ , within the Division of Water Resources Ambient Monitoring 

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, one water quality station is selected (21NC01WQ-

B9290000) having available data for the period between 1985-1996 and it is located near the outlet 

of the watershed. As there were so many missing information for the selected station, it becomes 

critical to reconstruct the water quality time series using surrogate variables such as streamflow.  

These reconstructed concentration values are then combined with the daily stream flow rates at 

USGS gage 0210782005 to compute monthly nitrate loads. Initially, the program LOAD Estimator 

(LOADEST) (Runkel and Cohn, 2004) was used. LOADEST model has some limitations as it can 

produce biased estimates when the relationship between load and explanatory variables are not 

well correlated. Due to this limitation, nitrate data was reconstructed again using WRTDS model 

(Hirsch et al., 2010), which uses weighted regressions on time, discharge, and season (WRTDS) 

to describe long-term trends in calculating both concentration and flux. The simulated nitrate 

loading from both LOADEST and WRTDS model are compared with observed loads and the time 

series plot can be found from Fig 4.6. WTRDS model can capture 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 (R2 = 0.952, NSE = 0.951) show 

better performance with observed loads rather than LOADEST model (R2 = 0.858, NSE = 0.805). 

Therefore, the reconstructed nitrate loading data exported from WRTDS model is used as observed 

loads for nitrate calibration purpose. 

https://www.waterqualitydata.us/
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Figure 4.6. Simulated vs. measured nitrate loads comparison among different load 

estimation methods 

Groundwater nitrate concentrations: Available groundwater nitrate data in the NECF watershed 

and nearby counties in recent years are collected primarily from USGS online inventory 

(https://waterdata.usgs.gov/nwis) and these locations are shown in the Fig 4.7(a). Beside this, some 

groundwater nitrate data is available for the years (2015-2016) collected from a field campaign 

which was conducted by NCDEQ back in 2016. These data are available online 

(https://deq.nc.gov/about/divisions/water-resources/gw-resources), showing well status (active 

and inactive) within the groundwater quality database from NC Division of Water Resources 

(NCDWR) and are presented in Fig 4.7(b). There are 2 active observation wells with a total of 15 

measurements of groundwater nitrate concentration available for the model testing within the 

watershed boundary.  
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(a) (b) 

 

Figure 4.7. (a) Selected monitoring wells (highlighted as stars) from initial assessment based 

on combined data availability from USGS and NCDWR, (b) NCDWR monitoring wells for 

groundwater levels and quality (both active and inactive). 

The average groundwater nitrate concentration for the model testing locations and surrounding 

counties can be found from Table 4.4.   

Table 4.4. Average groundwater nitrate concentration collected from monitoring wells 

Station Name County Collection Date Avg. gw nitrate Concentration (mg/L) 

344922077484705  Duplin 2003-2016 0.0443 

345051000000000 Duplin 2003-2016 0.036125 

343635000000000 Sampson 1999,2016 2.832 

345809000000000 Jones 2002-2013 0.0538 

352439000000000 Wayne 1997,1998,2016,2019 3.2425 

352905000000000 Wayne 1994-2014 0.04773 

 

 

 

0 35,000 70,00017,500 Meters

/



105 

 

4.3.5. Climate change forecasts using 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 climate forecaster. CCSM4 showed best performance in some previous studies 

(Yin et al., 2013; Maenza et al., 2017; and Lovino et al., 2018) for the climatological analyses in 

Argentina and South America regarding regional climate. From the application perspective, this 

climate model is found to have lower uncertainty when compared to other models in quantifying 

the gw-sw interactions and water balance at watershed scale (Guevara-Ochoa et al., 2020). CCSM4 

is developed by the National Center for Atmospheric Research (NCAR). It has an atmospheric 

resolution of 1.25 deg × 0.94 deg (Lat × Long) and r6i1p1 ensemble is used as described here 

(https://climate.northwestknowledge.net/MACA/GCMs.php).   

The CCSM4 model data 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 contiguous United States 

(Abatzoglou and Brown, 2012). This downscaled method collects outputs from 20 GCMs of the 

Coupled Model Inter-Comparison Project 5 (CMIP5) at 4 to 6 km at original resolution for 

emission scenarios and historical GCM forcings period (1950-2005). The Representative 

Concentration Pathways (RCPs) RCP 4.5 and RCP 8.5 represent the greenhouse gas and CO2 

emission concentration potential towards the end of the century (2006-2100).  The future climatic 

projection includes the maximum temperature, minimum temperature and rainfall at a daily scale 

for the period (1985ï2099); these data are downloaded from the MACA dataset to the closest grid 

cell of the selected weather stations within the NCEF watershed. The advantages of using MACA 

method are it considers any non-climatic factors from historical dataset during downscaling, thus 

representing a sample distribution of real-time observations. Climate models are built on the basis 

physical principles that dictates our overall climate system. 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 anthropogenic emission 

scenarios. Usually, there is a band of uncertainty associated with these forecasts that grow with 

time. Thus, ensembles of different models are used to develop a range of different scenarios and 

help to understand the model driven uncertainties (Collins et al., 2013). The study purpose is to 

https://climate.northwestknowledge.net/MACA/GCMs.php
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assess the impact of climate change at watershed scale using the provided small-scale data set 

downloaded from online (https://climate.northwestknowledge.net/MACA/index.php). The data 

generated with MACA method have been used in a recent study by Aliyari et al., (2019). 

 

4.4. Baseline model results 

4.4.1 SWAT calibration and validation for streamflow 

Within the SWAT platform, the model was run successfully for a simulation duration of 33 years 

on a monthly basis. Model outputs can be generated on a daily time-step or annual basis too. 

Calibration guidelines of the model is well described in the Soil and Water Assessment Tool for 

Calibration and Uncertainty Procedure (SWAT-CUP 2012) software documentation (Abbaspour, 

2015). In this study, the Sequential Uncertainty Fitting program (SUFI2) is used, which is an 

efficient algorithm for evaluating SWAT model performance and uncertainty during model 

calibration and validation period (Abbaspour et al., 2007; Yang et al. 2008) using stochastic 

approach. SWAT-CUP was used to calibrate the SWAT model against observed monthly 

streamflow with several repetitions of 500 simulations under three iterations. The calibration starts 

with a set of targeted parameters having large range defined by physically meaningful values as 

shown in 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 literature review from a similar hydrological 

setting. Those parameter values narrow down after each iteration, until the best parameter ranges 

are obtained. The sensitivity analysis showed that six parameters were highly sensitive to river 

discharge found from the Table 4.5.  

 

 

 

 

 

 

https://climate.northwestknowledge.net/MACA/index.php


107 

 

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

Parameter Definition Value Range Calibration  

Value 

Sensitivity 

Minimum  Maximum  

CN2 Curve Number -0.2 0.2 0.0281 Medium 

ALPHA_BF Baseflow recession constant 

(days) 

0 1.0 0.466 High 

GW_DELAY Groundwater delay (days) 1 500 494.394 Low 

GWQMN Threshold groundwater depth 

for returning flow (mm) 

0.01 5000 2687.831 Medium 

GW_REVAP Groundwater órevapô 

coefficient 

0.02 0.25 0.0905 High 

SURLAG Surface runoff lag co-efficient 0.001 15 3.701 Medium 

SOL_K Soil saturated hydraulic 

conductivity (mm/hr) 

-0.5 2.0 1.7972 High 

SOL_AWC Available soil water capacity 

(mm H2O/mm soil) 

-0.2 0.4 0.057 Medium 

CH_N(2) Main channel Manningôs n 0.01 0.3 0.3012 Medium 

CNCOEF Plant ET curve number 

coefficient 

0.5 2.0 1.48 Low 

CH_K(2) Main channel hydraulic 

conductivity (mm/hr) 

0.01 500 475.931 Low 

RCHRG_DP Deep aquifer percolation 

fraction 

0 1.0 0.3184 Low 

SLSUBSN Average slope length 10 150 13.4524 High 

ESCO Soil evaporation compensation 

depth 

0.3 1.0 0.5897 Low 

CANMX Maximum canopy storage 

(mm H
2
O) 

0 100 53.965 Medium 

OV_N Manningôs ónô value for 

overland flow 

0.01 0.6 0.1913 Medium 

CH_N(1) Manningôs ónô value for 

tributary channels 

0.01 30 12.924 Low 

CH_K(1) Effective hydraulic 

conductivity in tributary 

channel (mm/hr) 

0 300 50.022 High 

SOL_Z Fraction change in soil depth -0.5 1.0 0.858 Medium 

SOL_BD Fraction change in soil 

moisture bulk density 

-0.5 0.5 0.3356 High 
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A six-year warm-up period (1985-1990) was chosen to establish model initialization, which was 

then calibrated for the period of 1991-2010 and validated for the period of 2011-2017 for 

streamflow. For SWAT model set-up, the warm-up period is usually recommended as (3-10) years 

to allow model for reaching equilibrium. When the simulated value for the streamflow closely 

matches observed streamflow at the watershed outlet, the SWAT model is considered to be well 

calibrated. Fig. 4.8 graphically compares the observed and simulated streamflow at the stream 

gage location shown previously in Fig. 4.3. These results show that, the model successfully 

predicted streamflow as there is good agreement between observed and simulated values for both 

the calibration period (Fig. 4.8(a)) and the validation period (Fig. 4.8(b)). For the model validation, 

the calibrated values from third iteration are utilized for running another 200 simulations for the 

years 2011-2017.  

 

(a) 

(b)  

Figure 4.8. Observed and simulated monthly streamflow during (a) calibration period 

(1991-2010), and (b) validation period (2011-2017) at the outlet streamgage 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 determination (R2), 

the Nash-Sutcliffe Efficiency (NSE), percentage of BIAS (PBIAS) etc. From multiple objective 

functions in SWAT-CUP, we selected the NSE as the main objective function which is widely 

used in many hydrological studies. R2 usually ranging from 0 to 1, values of R2 normally greater 

than 0.5 are acceptable (Santhi et al., 2001; Van Liew and Garbrecht, 2003). The model is 

considered to be near perfect 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., 2005). p-factor and r-

factor are also important consideration extracted from the summary results of SWAT-CUP. p-

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. The r-factor determines the 

ranges of simulated uncertainty and smaller r-factor value close to 1 is acceptable. Some other 

statistics such as Kling-Gupta efficiency (KGE), and ratio of the standard deviation of observations 

to root mean square error (RSR) are also presented here which are important for model evaluation. 

Calibration and validation statistics for the outlet location are shown in Table 4.6. The SWAT 

model is considered to be well-calibrated as these summary statistics were compared to the 

performance evaluation criteria adapted from these studies (Thiemig et al., 2013; Moraisi et al., 

2015; Kouchi et al., 2017) where all those statistical parameters fall within good to satisfactory 

ranges.  

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

watershed 

 

Station P-factor R-factor R2 

NS 

(Nash-

Sutcliff)  

Percentage 

of BIAS 

(%) 

Kling -Gupta 

Efficiency 

(KGE) 

Ratio of standard 

deviation of 

observations to 

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 model-computed and measured heads. The MODFLOW 

model was calibrated using measured groundwater level data from 4 wells available from USGS 

and NCDEQ that have time series data (locations shown in Fig. 4.5) and are presented in Table 

4.7 in the next section. The initial runs at the starting of the project setup were carried out under 

steady-state (SS) 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)  

Figure 4.9. (a) Contour map of the hydraulic head (m) 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 Fig. 4.9(a) where higher heads are found 

near the upstream regions of the study area. Spatial distribution map of depth to water table is 

presented in Fig. 4.9(b) where the MODFLOW hydraulic head at the end of simulation was 

subtracted from the ground surface elevation (DEM). In Fig. 4.9(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 hydraulic 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 results. Throughout 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/day which is within the range found from the 

mentioned literature in Table 4.3, whereas specific storage and specific yield values were 1.50 × 

10-6 m-1 and 0.2, respectively. Incorporation of drainage package, adjustment of riverbed thickness 

and conductance of the river cells was carried out during the calibration process.  

4.4.3 SWAT-MODFLOW calibration for streamflow 

Using the calibrated component models, a coupled SWAT-MODFLOW model was constructed 

within QSWATMOD interface as described in Bailey et al., 2016. The calibrated SWAT model 

results were used to couple with the calibrated MODFLOW model. To check the accuracy of the 

coupled SWAT-MODFLOW model, the simulated streamflow results are compared with the 

observed streamflow at the outlet gauge station. The simulated streamflow of the coupled model 

had similar accuracy to the SWAT model itself, with the R2 and NSE statistic at the outlet for this 

run of SWAT-MODFLOW were found 0.83 and 0.80, respectively (Fig. 4.10). The simulated peak 

flows are underestimated for couple of months, this might be due to the limited ability of the 

coupled model to take groundwater discharge into account and also from the mistiming of the 

return flows to attribute surface runoff properly. But again, considering the evaluation criteria 

defined by Moraisi et al., (2015), comparison results for streamflow fall within ógood and 

satisfactoryô range for both R2 and NSE statistic.  

 

 

 

 

 

 

Figure 4.10. Comparison of the monthly simulated vs. observed streamflow for the 

watershed outlet    

warm-up validation calibration 
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Table 4.7 shows the simulated vs. observed average groundwater level on decadal basis at the 

Calypso and Rose Hill station shown earlier in Fig. 4.5. The results show that the difference 

between the simulated and measured groundwater levels are acceptable 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 because of having 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 in hydraulic conductivity; localized calibration of riverbed 

conductance, 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 resources vulnerability at 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 

1985-1990 1991-2000 2001-2010 2011-2017 

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 in water budget scheme  

Temporal patterns of gw-sw interaction: The average groundwater discharge rates (m3/s) for the 

modeling area are shown in Fig. 4.11 on both monthly and yearly basis during the 1991-2017 time 

period. Each month from each of the 29 years are used to calculate the monthly rates. A decrease 

in groundwater discharge rate is found during the spring months (e.g., April: 3.83 m3/s) followed 

by an increase in discharge rates throughout the mid-summer months. During the fall months 

discharge rates reach higher values (e.g., October: 4.57 m3/s), although the highest values are found 
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during the winter months (e.g., February: 5.174 m3/s). The complex dynamics due to increase in 

both temperature and precipitation influences the groundwater discharge rates from the watershed 

area. Groundwater discharge is positively correlated with precipitation. Perhaps, there is a time lag 

of about six months exist in the area to reflect the changes in groundwater discharge due to changes 

in precipitation.  

The annual average groundwater discharge rate varies from 3.61 m3/s (2002) to 5.82 m3/s (2016) 

with an average of 4.46 m3/s and a standard deviation of 0.519 m3/s. Although the amount of 

groundwater discharge is varying from year to year, over the entire period the change is minimal 

with a slight upward trend of approximately 0.016 m3/s per year.  

(a) (b) 

Figure 4.11. Average groundwater discharge rate (m3/s) by (a) month and (b) year for the 

time period of 1991-2017 at NECF watershed  

 

Temporal patterns of groundwater discharge, streamflow, and water balance: For the entire period 

of simulation (1991-2017) after the model warm-up, the coupled model predicted the monthly 

water balance in the study watershed. Fig. 4.12 shows the contribution from surface runoff, lateral 

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

to aquifer, and groundwater volume from SWAT modelôs output; all these represent the principal 

water balance components in the form of water depth (in mm). The monthly surface runoff follows 

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

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

to the streams as identified by Fig. 4.12(a). Water yield to the river presents numerical values of 

lateral flow (19.165 mm), followed by surface runoff (9.865 mm), and groundwater return flow 
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(7.484 mm). The basin monthly average groundwater discharge to streams from the MODFLOW 

drain cells is approximately 6.258 mm. During the late summer to early fall months, contribution 

from surface runoff is dominant over groundwater return flow due to the higher-than-average 

precipitation during that period. Higher rainfall is expected to infiltrate less when the soils are 

already partially or over-saturated and hence the contribution from surface runoff and, lateral flow 

is higher in the volume of water entering the streams. Thus, water balance is playing an important 

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

principal components.  

 
(a) 

(b) 

 

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 1991-2017 at NECF 

watershed  

The annual average for the major water balance components within the area of interest are 

summarized in the Fig 4.12(b). Over the period the estimated values are: annual average lateral 

flow (230 mm), surface runoff (118.387 mm), groundwater flows from aquifer to the streams 
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(89.81 mm), groundwater discharge to the streams from MODFLOW drain cells (75.1 mm), and 

deep percolation from stream to aquifer (23.219 mm). MODFLOW drain cells enable subsurface 

drainage from aquifer to the streams in areas where groundwater levels are exceeding the surface 

water table elevations. About 17.4%, and 14.6% of the total water yield on annual basis are coming 

from groundwater return flows and MODFLOW drain cells, respectively.  

 

Seasonal changes in recharge: Spatial distribution of groundwater recharge assessment is 

important for maintaining a balance between groundwater abstraction and recharge; eventually 

computing the contribution of groundwater towards the stream. Understanding the groundwater 

recharge is related to the identification of the sources and factors controlling the recharge. These 

sources of recharge can come from both natural and artificial events. The major natural sources 

are the contributions coming from precipitation, surface water bodies, and adjacent aquifers. 

Artificial sources are human-driven activities involving irrigation in the agricultural fields, canals, 

septic systems etc. Beside all these, groundwater recharge is influenced by any changes in climate, 

land use types, soil properties, geology, topography, and depth to water table (Sanford, 2002; 

Walker et al., 2018). 

Fig. 4.13 presents the seasonal groundwater recharge distribution, with the top-left figure showing 

the annual average recharge for the period of 1991-2017 that is calculated from the daily recharge 

values passed from SWAT to MODFLOW. Most of the watershed receives annual groundwater 

recharge that varied between (0-400) mm. These values are in the range reported by Giese et al., 

(1992) for the surficial aquifer system of NC. The figure shows higher recharge rate in the upland 

forested areas and near the watershed outlet, with low recharge rate along the main river corridor. 

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 slope etc. Zomlot et al., (2015) 

investigated the controlling factors for spatial distribution of groundwater recharge and identified 

positively and negatively correlated factors. Positive factors include precipitation, sandy soil, 

waterbodies such as lakes and rivers. Negative factors include clayey soil, vegetation cover, high 

slope and built-up areas. They found soil texture to be one of the second most important parameters 

responsible for the variation of recharge besides precipitation. Similar behavior for the spatial 

variation of recharge is captured based on the soil types from this study;  
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(a) Annual Average (b) Dec-Feb 

(c) Mar-May (d) Jun-Aug 

(e) Sep-Nov  

Figure 4.13. (a) Annual average recharge (mm) for the entire duration (1991 - 2017), 

variation in annual average recharge (mm) for four seasons involving the months (b) Dec ï 

Feb, (c) Mar ï May, (d) Jun ï Aug, and (e) Sep ï Nov. 
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i.e., higher recharge occurs in areas with having course-textured soil (Autriville soil) and lower 

recharge areas are mainly from poorly drained soil (Rains soil) from Fig. 4.4. The maximum 

portion of the spatial recharge occurs during fall months (Sep-Nov), and winter moths (Dec-Feb); 

in these months recharge varies from 41.64 mm to 553 mm. Due to the groundwater delay, there 

is a shift in the occurrence of maximum recharge is observed. During spring, recharge is lower 

than the other seasons comparatively. The annual average recharge is about 9% of the total 

precipitation.  Irrespective of any seasonality, the maximum monthly recharge occurs in the lower 

elevation areas. Spatial pattern appears to be controlled by the basin slope because rechange rates 

are close to zero near the river corridor. 

 

Groundwater-surface water exchange: A key output of the SWAT-MODFLOW model is the 

detailed gw-sw interaction for each MODFLOW river cell in the watershed. Here, the positive 

values indicate recharge into the groundwater system, and negative values indicate discharge from 

groundwater towards the stream. The magnitude of the simulated discharge varied spatially in the 

study area for nearly every MODFLOW river cell. In Fig. 4.14(a), positive values reached into a 

maximum of 6200 m3/s per grid cell, whereas negative values reached into 6400 m3/s per grid cell 

for annual basis. This is the indication of significant interaction occurring between the groundwater 

and surface water systems. This spatial variability is influenced by many factors, heterogeneity of 

hydraulic conductivity might be one of them. Although the gw-sw exchange 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. Fig. 4.14(b-e) 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 months of June, whereas relatively lower recharge is observed 

during December and March. In addition, several tributaries from different sub-basins show 

highest discharge rates throughout the season. Further analysis will be carried out to show the 

overall fluctuation during these seasons due to climate change.  
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(a) Annual average (b) March  

(c) June (d) September 

(e) December  

 

Figure 4.14. (a) Annual average gw-sw exchange rates for the period (1991- 2017), 

deviation of monthly gw-sw exchange rates from the average annual rates for the months of 

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

Model calibration was performed using the automated parameter estimation optimization 

technique SUFI2 algorithm under SWAT-CUP software tool as described by Abbaspour et al., 

(2015). A list of parameters described in Table 4.8 are considered as the most relevant for 

calibration of in-stream nitrate loading at the outlet of the watershed area. These set of parameters 

are taken along with the previously listed streamflow calibration parameters. A total of 1300 

simulations under five iterations are carried out to achieve satisfactory statistical results. In all 

cases, NSE was chosen as the calibration objective function. Here, the reconstructed in-stream 

nitrate loading from WRTDS model is used as the observed data for model calibration purpose.  

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

Parameter Definition Value Range Calibration 

Value Minimum  Maximum 

N_UPDIS.bsn Nitrogen uptake distribution parameter 0 30 10.12 

RCN.bsn Concentration of Nitrogen in rainfall 

(mg N/L) 

0 3 2.239 

LAT_ORGN.gw Organic N in the base flow (mg/L) 0 30 13.903 

NPERCO.bsn Nitrate percolation coefficient 0 0.3 0.098 

ERORGN.hru Organic N enrichment for loading with 

sediment 

0 4 3.457 

CMN.bsn Rate factor for humus mineralization of 

active organic nutrients 

0.001 0.003 0.0026 

CDN.bsn Coefficient allows to control the rate of 

denitrification 

0 3 1.91 

SDNCO.bsn Denitrification threshold water content 0 1 0.463 

FIXCO.bsn Nitrogen fixation coefficient 0 1 0.235 

RCN_SUB_BSN.

bsn 

Concentration of nitrate in precipitation 

(ppm) 

0 2 0.4907 

BC3_BSN.bsn Rate constant for hydrolysis of organic 

nitrogen to ammonia (1/day) 

0.02 0.4 0.177 

SOLN_CON.hru Soluble nitrogen concentration in 

runoff, after urban BMP is applied 

(ppm) 

0 10 0.0818 

 

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

nitrogen mass balance. Using six years (1991-1996) of simulation at the watershed outlet, the 



120 

 

overall nitrogen balance has been evaluated by looking at the inorganic nitrogen applied as 

fertilizer (as NH4
+ and NO3

-), denitrification, volatilization of ammonia, mineralization, plant 

uptake, and initial and final soil nitrate levels. Several trial runs were conducted to assess the 

impact of each component in the nitrogen cycle as illustrated in Table 4.9. Some previously 

published values are also presented hereby for comparison to show how the final selected set of 

nitrogen balance components (i.e., marked with blue color) stand out with meaningful results with 

respect to the summary statistics. It is noted that the range 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 some other studies reported in Table 4.9.  

Table 4.9. List of studies investigated for nitrogen budget analysis and different trial sets 

have been executed for the adjustment of nitrogen budget parameters (selected set for this 

study indicated in blue) 

Nitrogen 

Budget (kg 

N/ha/yr) 

Gabriel 

et al., 

(2016) 

Epelde 

et al., 

(2015) 

Zettam 

et al., 

(2020) 

Moriasi 

et al., 

(2015) 

Nahal 

et al., 

(2017) 

Hu et 

al., 

(2007) 

This 

study 

(trial 1 ) 

This 

study 

(trial 2)  

This 

study 

(trial 3 ) 

This study 

(trial 4 

adjusted 

values) 

Study area Nahunt

a 

Waters

hed, NC 

Spain Africa Minnesot

a, USA 
Georgia

, USA 
East-

central 

Illinois, 

USA 

NECF 

watershe

d, NC 

NECF 

watershe

d, NC 

NECF 

watershe

d, NC 

NECF 

watershed, 

NC 

Fertilizer 

applied 
14.26 343 107.652 200 170 95 158.939 118.189 100.319 149.042 

Plant uptake 162.39 136 272.763 140 41% of 

the 

fertilize

r 

applied 

144 35.372 133.136 138.628 88.89 

Denitrificatio

n 
38.02 69 Not 

mention

ed 

26.5 5% at 

the 

watersh

ed 

23 162.222 74.017 49.787 122.346 

Atmospheric 

deposition 

2.59 7 0.0 0.0 0.0 10 0.0 0.0 0.0 0.0 

Summary 

statistics 
NSE: 

0.15, 

R2: 

0.32 

R2: 

0.86, 

NSE: 

0.77 

R2: 

0.63. 

NSE:0.4

8 

NSE: 

0.74, 

PBIAS: -

4 

R2: 

0.56, 

NSE: 

0.53 

R2: 0.72, 

NS: 0.20 
R2: 0.68, 

NSE: 

0.67 

R2: 0.61, 

NSE: 

0.56 

R2: 0.62, 

NSE: 

0.58 

R2: 0.70, 

NSE: 0.69 

 

Karimi and Obenour (2021) reviewed the atmospheric deposition data for North Carolina and 

identified that the median total 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 such as fertilizer 

applied. Additional tests 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 are minimal. 

Table 4.10 provides the nitrogen mass balance components for all transport pathways showing 

average basin-wide loadings. The main N input is estimated 224.562 kg N /ha/yr coming from N  

Table 4.10. Simulation parameters of NECF watershed under the baseline (1991-2017) 

scenario; the average values of the entire basin for the nitrogen mass balance parameters are 

presented.  

Parameter Definition Value (kg 

N/ha/yr ) 

ORGANIC N Organic N loading to stream in watershed (kg N/ha) 2.580 

NO3 YIELD (SQ) Nitrate loading to stream in surface runoff in 

watershed (kg N/ha) 

0.158 

NO3 YIELD (LAT)  Nitrate loading to stream by lateral flow in 

watershed (kg N /ha) 

0.184 

NO3 LEACHED Nitrate percolation past bottom of soil profile in 

watershed (kg N/ha) 

0.430 

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

NO3 YIELD (GWQ) Nitrogen loading to groundwater in watershed (kg 

N/ha) 

0.136 

N FERTILIZER APPLIED Average annual amount of N (mineral and organic) 

applied in watershed (kg N/ha) 

149.042 

DENITRIFICATION Average annual amount of N lost from nitrate pool 

due to denitrification in watershed (kg N/ha) 

122.346 

HUMUS MIN ON ACTIVE 

ORG N 

Average annual amount of N moving from active 

organic to nitrate pool in watershed (kg N/ha) 

35.322 

MIN FROM FRESH ORG N Average annual amount of N moving from fresh 

organic (residue) to nitrate and active organic pools 

in watershed (kg N/ha) 

39.72 

INITIAL NO 3 IN SOIL Initial average amount of N in the nitrate pool in 

watershed soil (kg N/ha) 

78.131 

FINAL NO3 IN SOIL Final average amount of N in the nitrate pool in 

watershed soil (kg N/ha) 

5.362 

fertilizer application followed by contribution from surface runoff, lateral flow, mineralization 

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 
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losses through nitrogen leaching into the aquifer. Thus, a net value of 12.896 N kg/ha/yr is obtained 

after performing the nitrogen mass balance for the period of 1991-2017. The nitrate calibration 

results for óSWAT onlyô model are presented later on section 4.4.7 where it is compared with the 

coupled model performance. This model is further verified by comparing simulated and observed 

groundwater nitrate concentration, and in-stream nitrate loadings. 

4.4.6 Groundwater nitrate concentrations 

Some research conducted in different counties from NC show that nitrate concentration in both 

groundwater and surface water can exceed water-quality 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 concentrations in groundwater (Naylor et al., 2018). Gilliam et al., (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 averaged groundwater nitrate concentration (mg/L) for the NECF watershed is shown in 

the Fig. 4.15(a), with nitrate values ranging from 0 to 1.6 mg/L. This temporally averaged 

groundwater nitrate concentration shows higher concentration along the river corridor, some part 

of the northeast 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 (c) compares the simulated and observed nitrate concentration at two groundwater 

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 limited to the time 

period of 2003-2016. In general, the coupled model showed better performance to capture the 

simulated long-term trend in nitrate concentration. An acceptable match between simulated and 

observed values are found depending on the limited observations when comparing 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 nitrate concertation  
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Figure 4.15. (a) Average cell-wise spatially distributed groundwater nitrate concentration 

with monitoring wellôs locations; (b) and (c) are the predicted concentration at those wells. 
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than the natural background 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., higher concentration due to the 

fertilizer application during crop growing season, and lower concentration during winter months 

due to the denitrification). Wei at el., (2021) addressed this limitation of the coupled SWAT-

MODFLOW-RT3D model that a future version of the model should include chemical reaction 

parameter in the riparian zone to capture the seasonality in groundwater nitrate concentrations. 

4.4.7 Nitrate in-stream loading and concentration 

Monthly time-series plots of simulated vs. observed nitrate in-stream loading at the watershed 

outlet location are shown in Fig. 4.16 for the period of 1991-1996. The model is calibrated for this 

period depending on the surface water data availability discussed earlier on Section 4.3.4. Model 

results illustrate that the simulated nitrate loading tend to follow the inter-annual variation of 

observations and hydrographs (both for peak and base loading) for the outlet of the watershed quite 

well. The óSWAT onlyô model overestimates mass loading in most time instances, whereas the 

coupled model is able to track the temporal variability and magnitude close to the observation 

points reasonably better.  

 

Figure 4.16. Monthly time series nitrate in-stream loading comparison among observed, 

simulated SWAT only, and simulated SWAT-MODFLOW -RT3D model  

The overestimation tendency of the nitrate loading from SWAT model alone may be due to the 

lack of physically based groundwater and solute transport module which enables to capture the 

complexity of nitrate attenuation pathways in the groundwater.  
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Table 4.11 shows a statistical comparison of the model performance for in-stream nitrate loading. 

There is a significant improvement found in the performance statistics of the coupled SWAT-

MODFLOW-RT3D model (NSE=0.69, R2=0.70, PBIAS=0.2) when compared to the óSWAT onlyô 

model (NSE=0.40, R2=0.41, PBIAS=-6.0). Again, this statistical comparison is conducted based 

on the limited data availability from the selected monitoring locations. The biasness of the results 

can further be improved by assessing long-term monitoring time-series water quality data.  

Table 4.11. Statistical performance evaluation between óSWAT onlyô and coupled SWAT-

MODFLOW -RT3D model at the watershed outlet 

Model P-factor R-factor R2 NSE (Nash-

Sutcliff)  

Percentage of 

BIAS (%)  

SWAT model 0.75 9.04 0.41 0.40 -6.0 

SWAT-MODFLOW-

RT3D 

0.83 3.12 0.70 0.69 0.2 

 

To better understand, which of the SWAT subbasins contributing more to the nitrate mass loading, 

the following Fig 4.17 is self-explanatory. These are the groundwater loadings (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 the 1991-2017 time period 

for the NECF watershed is presented here. All 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 dark blue color presenting positive values with mass loading from aquifer to the streams. 

Due to the changes in topography, land cover, soil classification, meteorological changes, in-

stream nitrate mass loading i.e., discharge from aquifer to streams varies among different sub-

basins. The spatial variability in the sub-basin loading plot helps to identify areas where mass 

loading is substantially high.  
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Figure 4.17. Nitrate mass loading from aquifer to the subbasins over the period of 1991-

2017 

4.5. Analysis of climatic influences  

Typically, atmospheric deposition in the form of precipitation and changes in temperature play an 

important role for changing streamflow, gw-sw exchange, recharge, groundwater levels, mass 

concentration of nitrate in groundwater, and in-stream nitrate loading of the watershed. To 

encompass a better understanding of the predicted future climate changes, it is necessary to 

examine how the historical trends in these parametersô changes. 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 total annual precipitation and annual average maximum/minimum 

temperature is shown in Fig. 4.18. To better understand the climate scenarios and make a 

comparison with historical data, óclimate normalô lines have been plotted. The óclimate normalô 

represents average annual observed values for the period of 1991-2017 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. However, the trends are 

statistically significant for temperature, although slopes were very small (e.g., 0.02 ↔C/year). 

During the wet season for some recorded years such as 1996, 1999, 2006, 2010 the monthly 

average precipitation was higher than 10 mm from the normal with peak of about 20 mm in 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 m3/s; 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 monthly in-stream nitrate loading. The historical 

minimum values of monthly average precipitation correlate to low values in monthly streamflow 

and in-stream nitrate loading.  

From the annual balance of historical gw-sw interaction change, simulated groundwater discharge 

is 86.98 mm compared to the total water yield of 418.68 mm. Therefore, groundwater discharge 

makes up about 21% of the streamflow. Thus, the monthly average precipitation likely contributes 

to higher streamflow when compared to river seepage to the aquifer. As expected, hydraulic heads 

increase in most of the places as the total aquifer recharge increases. Besides this, the declining 

trend of nitrate concentration in the groundwater is observed as a result of increasing recharge 

likely due to dilution effects.  

The extreme seasons (i.e., hot and cool days) based on the monthly average maximum and 

minimum temperature are compared to the monthly streamflow. Under hot climatic conditions, 

the monthly streamflow values are found to be decreased significantly; even though the monthly 

in-stream nitrate loading is not as well correlated. Under the most extreme climate conditions, 

some water balance components such as surface runoff, recharge to water table, and lateral flow 

through soil can be impacted and eventually lead to some extreme changes in temporal behavior 

of streamflow and nitrate loading.  

For the future climate changes, one widely used GCM model named CCSM4 has been selected as 

detailed on Section 4.3.5. Under the RCP4.5 emission scenarios, the NECF watershedôs 

temperature will rise by 2.5 to 3↔C by 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 understand the future changes in both monthly streamflow and in-stream 

loading. An increase in overall precipitation is expected to contribute more towards both 

streamflow and in-stream nitrate loading in the watershed.  

GCM model forecasts indicate that in long-term future, positive trends in precipitation and 

temperature are expected for the NECF river watershed. This will create impact on streamflow, 

and nitrate concentration level both in surface water and groundwater. We examined correlations  



128 

 

(a) 

(b) 

 
(c) 

 
 

Figure 4.18. Historical and projected (a) total annual precipitation, annual average (b) 

maximum temperature, and (c) minimum temperature for the CCSM4 climate model 

under RCP4.5 scenario. 

of historical precipitation and temperature data with nitrate concentration and formulated the 

following climate driven hypotheses for nitrate contamination in both groundwater and surface 

water: 
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- We expect nitrate in-stream loading to show a slightly increasing trend in the future. This 

is because GCM model driven future climate with increasing precipitation will lead to 

higher streamflow since precipitation is well correlated with streamflow (Pearsonôs R = 

0.52). This would also explain the increased nitrate loadings to the stream as mass loading 

is again correlated (Pearsonôs R = 0.51) to the streamflow. With increasing temperature, 

both streamflow and in-stream nitrate loading are expected to decrease because they show 

negative correlation (Pearsonôs R = -0.17 and -0.22, respectively) from historical 

observations.  

- Although nitrate concentration in surface water showed negative correlation from historical 

observations for precipitation, the Pearsonôs correlation coefficient value was non-

significant. With increasing temperature, surface water nitrate concentration is expected to 

decrease significantly (Pearsonôs R = -0.80). Overall, from these complex dynamics it is 

hard to predict the ultimate ónet effectô on surface water nitrate concentration due to the 

changes in both temperature and precipitation. 

- Climate change could play a significant role mainly through the changes in groundwater 

recharge, leading to modify groundwater levels.  

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

This higher precipitation also leads to higher recharge, which will dilute nitrate concentrations in 

groundwater. From historical observations it is found that, with increasing temperature the 

groundwater nitrate concentration tends to decrease (Pearsonôs R = -0.19). With increasing 

precipitation, however, historical groundwater nitrate concentration didnôt show significant 

correlation. 

 

4.5.1 Effect of climate change on water balance 

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

different seasons is presented in the water balance Table 4.12. When analyzing each component 

from the water balance table, temperature for the RCP 4.5 shows an increasing tendency for all 

months of the year; whereas precipitation shows increase for most of the months except fall 

seasonal months. On an annual average basis analyses, the evapotranspiration (ET) for RCP 4.5 

scenario shows a declination of 1.57% that represent an average decrease of 1.13 mm with respect 
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to the baseline. The annual average surface runoff (SurQ) with future projection shows a decrease 

of 18%, which represents 1.77 mm with respect to the baseline scenario. The annual 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 that of precipitation, 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 mm. Regarding the net recharge, positive 

anomalies occur during the summer months which is consistent with the increase in rainfall for 

that particular period. The positive anomalies of precipitation are somewhat influencing to increase 

the amount of recharge and groundwater discharge (GWQ) from the water balance component. 

The average groundwater discharge (GWQ) shows an increase of 50.39% representing an average 

of 11.25 mm under RCP 4.5 scenario.  

 

Table 4.12. Monthly average anomaly of the water balance (RCP4.5 ï 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 

(mm) 

TMP 

(↔C) 

ET 

(mm) 

SurQ 

(mm) 

LatQ 

(mm) 

RCH 

(mm) 

GWQ 

(mm) 

RCP 4.5 

Spring 

March  9.699 1.773 2.382 2.748 3.667 18.519 4.549 

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 

Summer 

June 10.245 1.693 -2.904 -1.957 -2.132 1.276 3.002 

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 

Fall 

September -6.576 1.540 -0.725 -8.923 -2.811 15.971 4.319 

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 

Winter  

December 5.762 1.298 2.027 0.631 -2.161 8.284 3.873 

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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4.5.2 Effect of climate change on streamflow, groundwater discharge, 

groundwater storage 

The monthly average stream discharge (m3/s) was analyzed for both the historical baseline period 

(1991-2017) and projected period (2018-2099) under RCP4.5 emission scenario which is 

presented in Fig 4.19 (a). From the historical period, the highest stream discharge occurs during 

September, 1999 due to the excessive rainfall from Hurricane Floyd. Stream discharge (m3/s) is 

also found to attain peak values during the reported consecutive wet year periods (2014-2017) for 

North Carolina.  

(a) 

(b)  

 

Figure 4.19. Historical and projected (a) monthly average stream discharge (m3/s), (b) total 

streamflow discharge (m3/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 23.389 m3/s. The 

monthly average stream discharge (m3/s) shows an overall increase of 5.43% in future with respect 

to the baseline scenario, representing an average of 24.66 m3/s for RCP 4.5 scenario. The total 

annual average stream discharge from the watershed outlet is shown in Fig 4.19(b) under both 

historical baseline period and RCP4.5 scenario. These results are refined to decadal stream 

discharges from 1991 through the end of the 21st century.  A notable inter-decadal stream discharge 

variation is observed; a sharp decrease in the 2021-2030s follows a flat to dramatic increase during 

the 2060s. The stream discharge is projected to reach its minimum level at the starting of the 

projected period to some extent near the end of the century. However, the sudden increase during 

2060s will surpass both the historical (1991-2017) and projected (2018-2099) 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 through the 21st century under RCP4.5 scenario will work as stressors on the basinôs 

water balance and it is well reflected in Fig 4.20 (a), (b). Based on this figure, lateral flow, recharge 

to water table, groundwater discharge will increase by approximately 2%, 55%, and 36%, 

respectively, by the year 2099 across the basin. The total increase in groundwater storage (RECH 

+ SWGW + GWCON -GWQ -DRN -GWET) reduces from 7.11 mm to 4.95 mm in the units of 

depth, a decrease of approximately 30% due to the major effect from increasing temperature. 

Besides temperature increment, increase in groundwater discharge from aquifer to the streams, 

groundwater discharge through MODFLOW drain cells, and groundwater ET from shallow water 

table are the direct drivers for overall decrease in groundwater storage volume with time. All these 

factors contribute to the total water yield into the stream. The total water yield (SURQ + LATQ + 

GWQ ï SWGW + DRN) increases from 418.68 mm to 494.98 mm in the units of depth, an increase 

of about 15% to the entire basin.  
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(a) (b)  

Figure 4.20. Water budget scheme to show the change in groundwater storage for the 

entire basin during (a) the historical period; (b) the end of the century. All units are 

presented here in mm/yr.  

 

4.5.3 Effect of climate change on spatio-temporal interactions 

As a part of the key output from coupled model, the Fig. 4.21 shows the average monthly 

comparison of the gw-sw 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 towards the aquifer. For the study area, the discharge from aquifer 

to the stream will increase significantly for all months till the end of simulation. 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 RCP 4.5 for the projected period.  
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Figure 4.21. Comparison of monthly average exchange between groundwater and surface 

water for NECF watershed. Negative values represent discharge of the aquifer towards the 

stream, positive values represent recharge of the stream to the aquifer.  

 

Fig. 4.22(a) shows the simulated annual average gw-sw exchange 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 from aquifer to the streams in most cases. Fig. 4.22(bïe) 

shows the spatial variation of gw-sw interaction in the river cells for different months from spring, 

summer, fall, and winter seasons. The results for the starting month from each season are presented 

here where the spatial variation is notably high. The 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 two. Heath (1994) also explained similar behavior for 

groundwater discharge during spring months for NC and most of the eastern United States. It is 

typical for groundwater aquifer to discharge into the streams during dry months, so that streams 

can maintain baseflow level despite of having no rain. For the month of June, recharge indicating 

volume entering from stream to the aquifer will take place for majority of those river cells. The 

increase in groundwater levels via recharge will cause gw-sw exchanges to be reversed in some 

MODFLOW river cells; hereby, increasing the total number of cells that discharge from 

groundwater into the stream under RCP 4.5 scenario. These anomalies occur mostly in the sub-

basins from the north-east and south-west part of the watershed.  
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(a)  

(b)  (c)  
 
 
 
 
 
 
 
 
 
 
 
 

 

(d)  (e)  

 

Figure 4.22. (a) Annual average gw-sw exchange rates for the period (2018- 2099); (b), (c), 

(d), and (e) represents spatial variation of the gw-sw interactions in the river cells for 

different months of the year under RCP 4.5 scenario.  
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4.5.4 Effect of extreme climate 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/dry years, and 

hot/cool years affect streamflow, groundwater discharge, groundwater 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 outlier 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 as a hot year and 

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. Fig. 4.23(a) shows the dry, normal, and 

wet year normalized values for different parameters. Since precipitation is well correlated with 

streamflow and streamflow is positively correlated with in-stream nitrate loading, we see higher 

in-stream nitrate loading during a wet year and lower loading during a dry year. Since areal 

recharge is positively correlated 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 value during a normal 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 increasing nitrate 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 levels. Fig. 4.23(b) 

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 discharge, and in-stream nitrate 

loadings to be lower as they are well correlated. As noted 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 leaching and 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; streamflow and in-stream 

nitrate loading follows the precipitation trend. The insights learned from the behavior of the 



137 

 

quantities we have analyzed will be helpful for water managers in their decision-making process 

when similar problems arise in future due to extreme climatic changes. From future projections 

under RCP 4.5 emission scenario, extreme droughts could 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 the flood years than the drought years.  

(a) 

(b) 

Figure 4.23. For baseline, comparison among different parameterôs normalized values such 

as temperature, precipitation, streamflow (m3/s), groundwater discharge (m3/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 of anthropogenic stresses 

In this section we study the influence of anthropogenic factors by examining nitrogen loading from 

various agricultural practices. Some scenario analyses have performed in this perspective to better 

understand the impact of anthropogenic stresses. Those are: 1) comparison between 

anthropogenically stressed model especially coming from animal farming operations with the 

default case; 2) sensitivity check among different point and non-point source loading which is 

incorporated with default model. Later, we can discuss about how the water management practices 

can be aimed for areas with elevated nitrate levels in surface, sub-surface medium if any.  

4.6.1 Point and non-point source loading of nitrogen 

The basic SWAT model was preliminary run without point and non-point sources which contribute 

to the estimated nitrogen loads from the watershed significantly. In North Carolina coastal plain 

aquifer system, Animal feeding operations (AFOs) are recognized as major contributors for N and 

P to the streams (Glasgow and Burkholder, 2000; Mallin and Cahoon, 2003; Burkholder et al., 

2006; Rothenberger et al., 2009). Animal waste effluents from these lagoons and swine barns is 

applied to the nearby fields following the instructions with the permitted facilityôs Certified 

Animal Waste Management Plan. Extra caution is taken by applying the 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 operations, dry litter 

from poultry CAFOs are commonly applied to cropland at the adjacent individual facilities as a 

source of nutrients (Crouse and Shaffer, 2011).  

Use of conventional fertilizers for crop production are the primary source of nutrients at the 

agricultural fields. This study uses agricultural sprayfieldïlevel PAN data collected from 

Christenson et al., (2015); where PANCrop (lb) value is the representative for additional nitrogen 

loading. Fig 4.24 identifies the locations of all point and non-point sources into the modified 

SWAT model for estimating the nitrogen loads coming from anthropogenic sources.  
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Figure 4.24. Point and non-point sources of nitrogen loading added to the modified SWAT 

model within NECF watershed. 

 

Here, the areal coverage from different land types play an important role 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 contribute to the majority of nutrient 

loads in North Carolina watersheds. Studies have found that 60% of nitrogen could retain in 

wetlands through physical and biological processes (Reddy et al., 1999; Saunders and Kalff, 2001). 

Table 4.13 describes the list of permitted animal facilities considered here as point sources and 

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 related statistics for 

estimation of manure volume, total nitrogen production annually. 

Livestock Type Regulated Activity Manure Volume 

Gallons/Animal/Year 

Total Nitrogen lbs/1,000 

Gallons 

Swine State COC Swine - Gilts 120 3.6 

Swine State COC Swine ï Farrow to Feeder 3,861 3.6 

Swine State COC Swine ï Farrow to Finish 10,478 3.6 

Swine State COC Swine ï Farrow to wean 3,203 2.4 

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

Swine State COC Swine ï Wean to Feeder 191 3.6 

Swine State COC Swine ï Wean to Finish 776 3.6 

Livestock Type Regulated Activity Manure in 

Tons/Animal/Year 

Total Nitrogen 

lbs/Ton/Year 

Cattle State COC Cattle ï Beef Stocker Calf 1.5 13 

Cattle State COC Cattle ï Beef Feeder 2.2 13 

Cattle State COC Cattle ï Beef Brood Cow 3.0 13 

Livestock Type Regulated Activity Manure in Tons/1,000 

Birds/Year 

Total Nitrogen 

lbs/Ton/Year 

Animal Individual 

State 

Animals Other 24 48 

 

Total nitrogen numbers can be converted to first year PAN by multiplying the total nitrogen by an 

availability coefficient for a specific waste application method; these coefficients range from 0.4 

- 0.6 (Crouse et al., 2014). Manure production for animal types (poultry, cattle and swine) was 

derived from N.C. State Universityôs Nutrient Management guidance which can be found on their 

website: http://nutrients.soil.ncsu.edu/. This same method was used in DWRôs 2015 report except 

the addition of a plant availability coefficient. 

Total plant available nutrient can be formulated as Eq. (4.2) to (4.4): 

( ) (# / ) ( / )

( / )

TotalPlantAvailableNutrients PAN ofAnimalsYear WasteWeightorVolume Animal

TotalNutrients WasteWeightorVolume AvailabilityCoefficient

= ³

³ ³
             (4.2) 

The availability coefficient varies for different livestock types. For cattle assumptions:  

( ) (# ) # ( #/1) 0.5)PAN lb Sum ofAnimals AccumulatedManure NManureWeight= ³ ³ ³              (4.3) 

For swine assumptions: 

( ) (# ) # ( #/1000) 0.55)PAN lb Sum ofAnimals AccumulatedManure NManureWeight= ³ ³ ³      (4.4) 

According to Crouse et al., (2014), Duplin, Sampson, and Bladen counties from North Carolina 

receive highest amount of nutrients from land application of animal wastes; these counties also 

receive very 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 nitrogen in the study area.  

In the sub-sequent sections, a comparison is made between the estimates of land-applied nutrients 

from Animal Operations (i.e., point sources) with the land-applied nutrients coming from the 

spreading of animal waste into the agricultural sprayfields (i.e., non-point sources). The nutrient 
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contributions from the point sources were estimated substantially lower than nonpoint sources. 

Harden et al., (2003) stated that variations in swine barn density, percentage of wetlands, and total 

acres available for applying swine-waste manures had an important influence on watersheds where 

CAFO effects on water quality were either evident or mitigated. Stone et al., (1995) mentioned 

that a stream with intensive swine and poultry operations can have several times higher nutrient 

concentrations during both stormflow and baseflow period than an adjacent area with no animal 

operations. In this regard, sensitivity analysis is carried out to identify which of these sources are 

impactful for carrying more nitrate loads in the streams.  

 

4.6.2 Impact of anthropogenic stresses in groundwater nitrate concentrations 

This section elaborates how the changes in different anthropogenic stresses from the modified 

SWAT model create impact on the groundwater nitrate concentrations of the coupled model for 

33-year simulation period. Fig. 4.25(a) shows the spatial distribution of annual average 

groundwater nitrate concentration values for the baseline period ranging from 0 to 1.6 mg/L which 

is discussed earlier. To find the effect of additional anthropogenic stresses, both point and 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 and run simulation for the 

coupled model. Spatial distribution of cell-wise differences in nitrate loads between the baseline 

and each of these anthropogenic incremental stresses are plotted in Fig 4.25(b) through (d). As the 

magnitude of the differences in nitrate concentration is very small, later these values are converted 

from mg/L to ug/L.  Net increase in nitrate concentration occurs in approximately 3.5% of the total 

grid cells due to increase of the point source loading coming from the cattle manure; loading 

increase is concentrated in certain areas along the river corridor within the study area. Higher 

groundwater nitrate concentration is generally observed in areas having higher spatially varying 

recharge rate; whereas recharge rate is well correlated with soil texture as discussed in Section 

4.4.4. For the baseline scenario from Fig. 4.25, groundwater nitrate concentration varies between 

0.06 ï 0.09 mg/L in areas having higher recharge rate due to the presence of coarse-grained 

(Autriville) type of soil. For the swine manure, net increase in nitrate concentration through 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 increase occurs due to addition of non-point source loading 



142 

 

from agricultural sprayfield having an area coverage of approximately 50.67% of the total grid 

cells, values ranging between 0 to 21 ug/L. The profound impact in groundwater nitrate 

concentration occurs due to the increase of mass loading from agricultural sprayfield, which has 

the highest spatial extent as identified from the plots. Overall, groundwater nitrate concentration 

is influenced by 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 capture the regional impact.  

(a)      (b)      

(c)     (d)    

 

Figure 4.25. (a) Annual average cell-wise spatially distributed groundwater nitrate 

concentration (baseline); net increase in annual average nitrate concentration from the 

baseline scenario due to the nitrogen loading of (b) swine, (c) agricultural sprayfield, and (d) 

cattle.  
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