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ABSTRACT 

 

This dissertation explores the integration of hydrological modeling, the effects of sea level rise, 

and socio-economic factors influencing watershed management in North Carolina, primarily 

utilizing the Soil and Water Assessment Tool Plus (SWAT+) with four independent publication 

chapters. The first chapter assesses the effectiveness of various satellite precipitation products and 

autocalibration techniques on river flow prediction, highlighting the superior performance of the 

Global Precipitation Measurement Integrated Multi-satellitE Retrievals (GPM IMERG) dataset 

when combined with the Generalized Likelihood Uncertainty Estimation (GLUE) technique. The 

second study investigates the effects of sea level rise on nitrate dynamics within the Tar-Pamlico 

coastal watershed, with adjustments made to SWAT+ parameters to simulate changes in nitrogen 

processes and their impacts on ecosystem health. This reveals increased nitrate loads under sea 



level rise scenarios. The third chapter merges econometric and engineering frameworks to evaluate 

the efficacy of agricultural best management practices (BMPs) as influenced by farmers' 

behavioral responses. It reveals that despite potential incentives, significant reductions in nitrate 

loading are not achieved, underscoring the limitations of current models and the importance of 

comprehensive socio-hydrological frameworks. Collectively, this dissertation enhances our 

understanding of hydrological processes and their interactions with environmental changes and 

human factors, offering crucial insights for effective watershed management and policy 

development. 
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Highlights 

• Cn2, revap_co, flo_min, revap_min, and awc are the most sensitive parameters. 

• Flow simulation is influenced more by rainfall forcing than autocalibration method. 

• GPM IMERG rainfall with the GLUE technique showed the highest performance. 

 

Abstract 

Accurate flow prediction is a primary goal of hydrological modeling studies, which can be affected 

by the use of varying rainfall datasets, autocalibration methods, and performance indices. The 

combined effect of three satellite precipitation products (SPPs) —  Fifth generation of European 

ReAnalysis (ERA-5), Gridded meteorological data (gridMET), Global Precipitation Measurement 

Integrated Multi-satellitE Retrievals (GPM IMERG) — and three autocalibration techniques — 

Dynamically Dimensioned Search (DDS), Generalized Likelihood Uncertainty Estimation 

(GLUE), Latin Hypercube Sampling (LHS) — on Soil Water Assessment Tool Plus (SWAT+) 

river flow prediction is measured using three evaluation metrics — Nash Sutcliffe Efficiency 

(NSE), Kling Gupta Efficiency (KGE) and coefficient of determination (R2) — for two watersheds 

in North Carolina (Cape Fear, Tar-Pamlico) using the SWAT+ model. Our findings are: (1) Five 

parameters in the SWAT+ model, cn2, revap_co, flo_min, revap_min, and awc are the most 

sensitive among others and over chosen watersheds. (2) Rainfall products are found to have a 

greater role in streamflow variation compared to calibration techniques. (3) GPM IMERG 

outperforms other SPPs over assessments, followed by ERA-5 and gridMET. (4) NSE is more 

sensitive to SPPs and calibration techniques than the KGE. (5) SWAT+ underperforms in the 

prediction of baseflow for the groundwater-driven watershed. Overall, our findings suggest that 

the GPM IMERG rainfall dataset, combined with the GLUE optimization technique and KGE 
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performance index, provides the most effective approach for optimal flow simulations. The results 

from this study will help hydrological modelers choose an optimal combination of rainfall dataset, 

autocalibration technique, and performance index depending on watershed characteristics.  

 

Keywords 

Hydrological Modeling; SWAT+; Rainfall Datasets; Autocalibration Techniques; Performance 

Indices 

 

Graphical Abstract 
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1. Introduction 

Hydrological models are developed and used to support policies at the watershed and regional 

scales (Brauman et al., 2022; Aryal et al., 2022). These models are designed using a variety of 

mathematical equations (e.g., continuity equation, Darcy’s law, and Manning’s equation) to 

simulate the complex interactions of hydrological processes (Grimaldi et al., 2021; Herman et al., 

2020 ; Ahmed et al., 2020). Policymakers use models’ results to evaluate the effectiveness of 

proposed policies, improve effectiveness of policies, and mitigate unintended side effects when 

implemented (Maviza & Ahmed, 2021; Pandi et al., 2021; Nguyen et al., 2022; Tran et al., 2021a, 

2021b, 2022c; Nuong et al., 2022). These models serve as valuable tools for showing how water 

quality and quantity may change within a watershed due to alterations in land cover management 

practices (Brauman et al., 2022; Tran, 2022d; Smigaj et al., 2023). However, the accuracy of these 

multi-parameterized models has been questioned for informed decision-making (Garibaldi et al., 

2019; Grimaldi et al., 2021).  

In recent decades, the rapid growth in computational power has enabled the development 

of more complex models that use a higher number of parameters to accurately represent water 

movement in a watershed (Adeyeri et al., 2020). However, there are often limited numbers of 

observations available to assist with model calibration, raising challenges for the accuracy of 

model predictions (Gupta & Govindaraju, 2019). This mismatch between observed data and multi-

parameter simulations increases modeling uncertainty (Beven & Freer, 2001; Wellen et al., 2015). 

Another type of uncertainty in environmental system models comes from input datasets (Bosshard 

et al., 2013). These datasets include rainfall, land cover, elevation, and soil information (Chaubey 

et al., 2005; Cho et al., 2009). Uncertainty in the rainfall dataset comes from low spatiotemporal 
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resolution and assumptions made to average rainfall over the spatial scale used in the model (Fraga 

et al., 2019; Junqueira et al., 2022).  

In recent years, many studies have examined the use of satellite-based rainfall data sets as 

an alternative to in-situ data, such as Sharifi et al. (2019), Tran et al. (2023b), or Le et al. (2020) 

evaluating the performance of common satellite-based precipitation products (SSPs) in Austria 

and Vietnam, respectively. Specifically, Tran et al. (2023b) and Le et al. (2020) conducted 

experiments that showcased that Global Precipitation Measurement (GPM) Integrated Multi-

satellitE Retrievals (IMERG) (Hou et al., 2014) achieved the highest performance across different 

assessments. However, Tran et al. (2023b) mentioned that SPPs tend to underestimate the total 

actual amount of rainfall and have issues with rainfall estimates in coastal and arid regions. Thus, 

one of the main objectives of this study is to evaluate some commonly used precipitation datasets, 

namely the Fifth Generation of European ReAnalysis (ERA-5) (Muñoz-sabater et al., 2021), 

IMERG (Hou et al., 2014) and the Gridded Surface Meteorological (gridMET) (Abatzoglou, 2013) 

to optimize flow simulations in a coastal region.  

The Soil and Water Assessment Tool (SWAT), developed by the United States Department 

of Agriculture (USDA) and Texas A&M AgriLife, is a comprehensive hydrological model 

designed to predict the impacts of land use, land management, and climate change on sediment 

transport (Betrie et al., 2011), water quality (Oeurng et al., 2016), and nutrient cycling (Kansara et 

al., 2021) in river basins. This model has been widely used in previous studies throughout the 

world: Mekong River Basin (Mohammed et al., 2018b, 2018a; Mondal et al., 2022), Vietnam River 

Basins (Le et al., 2020; Tran et al., 2022a, 2022b, 2023c), Nepal (Kumar et al., 2017), and United 

States (Jha et al., 2006; Sehgal et al., 2018; Tapas et al., 2022a, 2022b, Tran et al., 2022e). In recent 

years, the new version of SWAT, known as SWAT plus (SWAT+), has been released with new 
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features regarding spatial process interactions and visualization (Bieger et al., 2017; Wu et al., 

2023). This version allows users to better model the transport and retention of nutrients and 

sediment in the watershed.  

Hydrological models depend on various simplifications, making it extremely challenging 

to obtain accurate simulations with the initial model setup (Gupta & Govindaraju, 2019; Vieux, 

2001). To address this issue and improve the correlation between simulated and observed flow, 

hydrological modelers perform calibration. Although manual calibration by adjusting individual 

parameters is possible, the high number of parameter combinations makes this approach 

impractical (Efstratiadis & Koutsoyiannis, 2010; Sunmin, 2021). Consequently, extensive study 

has been devoted to developing more accurate hydrological models using automatic optimization 

techniques (Getirana, 2010; Yen et al., 2019). Arsenault et al. (2014) compared ten stochastic 

calibration methods and determined that Dynamically Dimensioned Search (DDS) (Tolson & 

Shoemaker, 2007) outperforms most other techniques, especially with increased model 

complexity. The Generalized Likelihood Uncertainty Estimation (GLUE) is a widely utilized 

method among hydrological modelers due to its simplicity (Blasone et al., 2008). Latin Hypercube 

Sampling (LHS) (Stein, 1987) is another popular method in uncertainty analysis, as it prevents 

repeated sampling (Yue et al., 2023). However, there is still a lack of comprehensive understanding 

regarding the application of these calibration methods when using satellite-based precipitation 

products (SPPs) in the context of enhancing flow simulations at the basin scale. 

The performance of hydrological models can be assessed using visual interpretations or 

statistical indices (Jain & Sudheer, 2008; Wealands et al., 2005). Visual analysis of simulated 

streamflow can give useful insights into model behavior (Wealands et al., 2005) but needs expert 

analysis, and is impractical from an automatic calibration point of view (Jain & Sudheer, 2008). 
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However, performance indices do not require expert opinions and can be optimized using 

automated calibration techniques (Idrissou et al., 2020; Jain & Sudheer, 2008; Ritter & Munoz-

Carpena, 2013). Several performance indices are available to measure the agreement between the 

observed data and simulated data. Nash Sutcliffe Efficiency (NSE; Nash & Sutcliffe, 1970) is the 

most widely used performance index for many hydrological models (Tran et al., 2023a, 2023b; Du 

et al., 2022); however, it is advisable to assess hydrological models using additional performance 

indices along with NSE (Jain & Sudheer, 2008; Ritter & Munoz-Carpena, 2013; Tran et al., 

2023d). Other popular performance indices with hydrological modelers are Kling Gupta Efficiency 

(KGE) (Gupta et al., 2009) and coefficient of determination (R2) (Adeyeri et al., 2020; Idrissou et 

al., 2020; Jain & Sudheer, 2008; Chang et al., 2023). NSE, KGE, and R2 are popular as they can 

be compared with their ideal value of one. All these indices have shortcomings and strengths. For 

example, NSE does not distinguish between different kinds of errors (Jain & Sudheer, 2008), KGE 

corrects bias factors from NSE (Gupta et al., 2009), and R2 is not able to measure non-linear 

relationships among different parameters (Barrett, 1974; Waseem et al., 2017).  

The optimal flow prediction and parameter set can vary based on the rainfall dataset, 

autocalibration techniques, and evaluation metric used. However, there are few studies that provide 

a comprehensive examination of the relationship between these factors. This study aims to 

examine the combined effects of these factors on SWAT+ flow simulations. We will perform this 

analysis on two major watersheds of North Carolina. We will use three different sources of rainfall 

data (ERA-5, gridMET, GPM IMERG), three automatic calibration methods (DDS, LHS, and 

GLUE), and three evaluation metrics (NSE, KGE, R2).  The objectives of this study are (1) to 

explore which combinations of three rainfall datasets and three optimization techniques yield 

better results for flow simulations; (2) to identify how performance indices vary based on the 
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chosen rainfall dataset and optimization technique; and (3) to compare parameter sensitivity and 

uncertainty analysis for the two watersheds and three rainfall datasets. Our findings will assist 

hydrological modelers in choosing the most suitable combination of rainfall datasets, optimization 

techniques, and performance index for stream and river flow simulation. 

 

2. Materials and Methods  

2.1. Study area 

This study was conducted in (1) the Tar-Pamlico watershed and (2) the Cape Fear watershed in 

North Carolina (Figure 1.1). The Cape Fear is the largest river basin in the state (NCDEQ, n.d.-a), 

while the Tar-Pamlico is the fourth largest (NCDEQ, n.d.-b). These watersheds are two of only 

four river basins located entirely within North Carolina. The Cape Fear basin discharges into the 

Atlantic Ocean, while the Tar-Pamlico River flows into the Pamlico Sound. Both watersheds boast 

diverse ecosystems with a variety of habitats (NCDEQ, n.d.-b, n.d.-a). The Tar-Pamlico watershed 

contains a larger proportion of agricultural land and wetlands, whereas the Cape Fear watershed 

has a higher percentage of forested land, pastureland, and urban areas. The Cape Fear watershed 

also has a higher elevation range compared to the Tar-Pamlico watershed. The major 

characteristics of both watersheds are summarized in Table 1.1. 
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Figure 1.1 The location of (A) Cape Fear and (B) Tar-Pamlico watersheds. 
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Table 1.1 Characteristics of the Tar-Pamlico and Cape Fear watersheds (sources: (NCDEQ, n.d.- 

b, a, 2023).  

Characteristics Tar-Pamlico Cape-Fear 

Location North Carolina, USA North Carolina, USA 

Area (mi2) 6,400 9,164 

Counties 15  26 

Population 470,000+ 2,070,000+ 

Land use distribution (%) 

(i) Agriculture 

(ii) Forest land 

(iii) Wetlands 

(iv) Pasture land 

(v) Rangeland 

(vi) Urban areas 

 

27.9 

33.9 

31.9 

3.5 

1.3 

1.4 

 

18.9 

52 

17.9 

6.4 

0 

4.7 

 

2.2. SWAT+ model 

SWAT is a semi-distributed hydrological model developed in the early 1990s and is one of the 

most widely used tools for water quality and quantity simulation (Arnold et al., 1998; Gassman et 

al., 2022; Guo & Su, 2019; Tran et al., 2024). Technological advancements since the original 

model was developed have made more detailed hydrological modeling possible, and complexity 

has been added to the model (Bieger et al., 2017; Efstratiadis & Koutsoyiannis, 2010; Tumsa et 

al., 2022). SWAT+ is an advanced version of SWAT with respect to data management, data 

analysis, data visualization, and process interaction at a watershed and sub-watershed level 
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(SWAT+, 2020). SWAT+ is capable of implementing landscape units as well as flow and pollutant 

routing over the landscape (SWAT+, 2020). Although the basic equations for calculating flow in 

SWAT+ have not been changed, significant changes have been made in the code and the 

formatting of the input files (SWAT+, 2020; White et al., 2022). SWAT+ is also more appealing 

for spatial and temporal data analysis and data visualization (Bieger et al., 2017). In this study, 

version 2.2.0 of SWAT+ (released Feb 2023) was used. 

2.3. Datasets 

2.3.1. Model set up 

We obtained both watershed boundary shapefiles using the United States Geological survey 

(USGS) StreamStats website (Ries et al., 2017). We used QSWAT+ (Dile et al., 2019) to create 

streams, sub-basins, and Hydrological Response Units (HRU) using the Digital Elevation Model 

(DEM), land cover, and soil files. SWAT+ divides the watershed into sub-watersheds, sub-

watersheds into landscape units, and landscape units into HRUs. An HRU is the smallest spatial 

unit in SWAT+, with at least one HRU per sub-basin, incorporating unique land cover, soil, and 

slope data for their creation (SWAT+, 2020). We used Digital Elevation Model (DEM) data from 

the United States Geological Survey (USGS), land-use land cover data from the National Land 

Cover Database (NLCD), and soil data from Soil Survey Geographic Database (SSURGO) at 90 

m resolution (Table 1.2) within QSWAT+ (Dile et al., 2019) for initial model setup. We simulated 

both watersheds with a two-year warm-up period to initiate and stabilize several hydrological 

processes (Oo et al., 2020).  
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Table 1.2. Data used for HRU creation (TP: Tar-Pamlico watershed, CF: Cape Fear Watershed). 

Product Spatial 

resolution 

Year Source 

DEM 90 m 2011:TP; 2011: CF USGS 

Land-use land cover 90 m 2008:TP; 2010: CF NLCD 

Soil 90 m 2015 SSURGO 

 

2.3.2. Description of SPPs 

2.3.2.1. ERA-5 

ERA-5 is the latest climate reanalysis product from the European Centre for Medium-Range 

Weather Forecasts (ECMWF) and stands as their fifth-generation reanalysis. It provides hourly 

data encompassing atmospheric, land-surface, and sea-state parameters, complete with uncertainty 

estimates (C3S, 2017; Hersbach et al., 2020; Muñoz-sabater et al., 2021). The ERA-5 analysis is 

produced at hourly intervals using an advanced 4Dvar integration approach. This dataset can be 

found in the Climate Data Store (CDS), structured on regular latitude-longitude grids with a 

resolution of 0.25° × 0.25°. For our study, we obtained the daily ERA-5 precipitation data by 

aggregating it from the hourly dataset. The ERA-5 data used in our study is available from the 

ECMWF website (https://cds.climate.copernicus.eu/). 

2.3.2.2. gridMET  

gridMET is a 0.04° resolution daily meteorological dataset providing climate data such as 

temperature, precipitation, wind, humidity, and radiation for the contiguous United States 

(CONUS). It combines the spatial characteristics of gridded climate data from the Parameter-

elevation Regressions on Independent Slopes Model (PRISM) with the favorable temporal features 
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(and additional variables) of the regional reanalysis of North American Land Data Assimilation 

System Phase 2 (NLDAS-2) through climatically aided interpolation (Abatzoglou, 2013; 

Abatzoglou & Ficklin, 2017). The gridMET data used in this study can be accessed from the 

Climatology Lab website (https://www.climatologylab.org/gridmet.html). 

2.3.2.3. IMERG  

IMERG is a multi-satellite precipitation dataset that provides global precipitation data with high 

temporal and spatial resolution. It is a product of NASA’s GPM mission, which aims to provide 

accurate and comprehensive precipitation measurements for the entire globe (Li et al., 2021). The 

GPM IMERG dataset combines data from various sources, including passive microwave sensors, 

infrared sensors, and radar, to provide precipitation estimates with a spatial resolution of 0.1o and 

a temporal resolution of 30 minutes (Hou et al., 2014). The IMERG product used in this study can 

be obtained from the NASA website (https://gpm.nasa.gov/data). 

 

Table 1.3. Description of SPP data sets. 

Product Temporal 

coverage 

Spatial 

resolution 

Spatial 

coverage 

Temporal 

resolution 

References 

ERA-5 1940 – 

present 

0.25o 90°S – 

90°N 

24h Hersbach et al. 

(2020) 

gridMET 1979 – 

present 

0.04o 25°N – 

50°N 

24h Abatzoglou. 

(2013) 

 

IMERG 2000 – 2021 0.1o 60°N – 

60°S 

1/2h Hou et al. (2014) 

https://gpm.nasa.gov/data
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2.3.3. In-situ data 

For calibration of the SWAT+ model, we used daily observed flow data from USGS. We used the 

USGS station at the Tar River in Greenville, NC (USGS station id: 02084000) for Tar-Pamlico 

watershed calibration. The data available at this station is from Oct 1st, 2001, to the present, with 

data missing from Oct 2006 to Sept 2007 and Oct 2016 to Aug 2019. We used the USGS station 

at Kelly, NC (USGS station id: 02105769) for calibration of the model for the Cape Fear 

watershed. The USGS station in Greenville, NC, has some tidal influence and occasionally shows 

negative flow values. It is important to note that only a small fraction of the readings—specifically, 

50 out of 5022, which is less than 1%—exhibited negative flows.  As SWAT+ cannot handle 

backflow (SWAT+, 2020), we converted negative flow values to zeros to ensure the negative flows 

are captured as low flows and should simulate as low as possible, ideally zero, considering one-

dimensional flow limitations. The USGS station for the Cape Fear River calibration does not have 

any tidal influence. Considering the missing observed flow data and available weather data period, 

we simulated the Tar-Pamlico watershed from Jan 2001 to Sept 2016 and the Cape Fear watershed 

from Jan 2003 to Dec 2018 with two years as a warm-up period.  

2.4. Autocalibration techniques 

Calibration is an important step in hydrological modeling in which users try to match simulated 

data with observed data by changing multiple parameters in the model (Sunmin, 2021; Tolson & 

Shoemaker, 2007). We used LHS (Stein, 1987), DDS (Tolson & Shoemaker, 2007), and GLUE 

(Blasone et al., 2008) automatic calibration approaches. LHS is a powerful method of selecting 

parameter values for a given number of simulations. It divides n number of parameters in m equal 

ranges so that each region is targeted. This method tests the combination of parameters in fewer 

simulations relative to random sampling. We performed a sensitivity analysis using LHS with 
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2,100 simulations considering the 17 most widely used flow parameters (Table 1.4). We selected 

diverse parameters from the aquifer, soil, channel, HRU, and basin level to comprehensively model 

flow (Bailey et al., 2020; Nguyen et al., 2022; Srinivasan et al., 2010; Tan & Yang, 2020). In our 

preliminary analysis using the GPM IMERG rainfall dataset, we conducted 2,100 simulations and 

found that the sensitive parameters were consistently identified for both the Tar-Pamlico and Cape 

Fear watersheds. 

The DDS algorithm is a heuristic-artificial intelligence technique to find the best option 

amongst given options – the algorithm  searches for a globally optimal solution at the start and 

narrows to the optimal local solution towards the end of user-specified iterations (Tolson & 

Shoemaker, 2007). For the DDS method, we performed parallel processing with 175 iterations on 

12 threads with a total of 2,100 simulations. GLUE is a simple and flexible algorithm widely used 

by environmental system modelers (Beven & Binley, 1992; Tolson & Shoemaker, 2007). In the 

GLUE method, numerous parameter combinations are randomly selected. Each combination is 

assigned a likelihood — representing its chance of appearing in multiple model sets — based on 

the principle of equifinality, which acknowledges that multiple parameter sets can similarly well 

simulate system behavior despite the differences in the parameter values themselves. (Blasone et 

al., 2008; Mirzaei et al., 2015). For GLUE and LHS methods, we also used a parallel processing 

approach with a total of 2,100 simulations. 
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Table 1.4. SWAT+ flow parameters selected for sensitivity analysis and optimization. 

Parameter Resolution Description 

alpha Aquifer Baseflow recession factor 

awc Soil Available water capacity of the soil layer 

bf_max Aquifer 

Maximum baseflow rate when the whole area is adding up to 

the baseflow 

canmx HRU The upper limit of canopy storage 

chk Channel Channel base conductivity 

cn2 HRU SCS curve number for soil moisture condition-2 

cn3_swf HRU Curve number condition III for soil moisture factor 

epco HRU Plant uptake compensation factor 

esco HRU Soil evaporation compensation factor 

flo_min Aquifer 

The minimum depth from the surface to the water table 

required for groundwater flow to occur 

k Soil Hydraulic conductivity 

ovn HRU Manning’s coefficient for overland flow 

perco HRU Percolation coefficient 

revap_co Aquifer Groundwater revap coefficient 

revap_min Aquifer Threshold depth of shallow aquifer for revap to occur 

surlag Basin The coefficient for surface runoff lag 

evlai Basin Leaf area index at zero evaporation from water bodies 
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2.5. Performance metrics 

The goodness-of-fit of model output is measured using performance indicators (Jain & Sudheer, 

2008; Wealands et al., 2005). We used the three most widely used performance indicators: NSE 

(Nash & Sutcliffe, 1970), KGE (Gupta et al., 2009), and R2 (Barrett, 1974; Ozer, 1985). All of 

them have an ideal value of one for comparison, and each measures different aspects of goodness-

of-fit (Ritter & Muñoz-Carpena, 2013). NSE indicates the variation between observed and residual 

data variance (Nash & Sutcliffe, 1970). KGE is a comprehensive score considering the ratios of 

means and dispersion, along with the correlation of observed and simulated datasets (Gupta et al., 

2009). The R2 explains how well the simulated variable explains the observed variable’s variation 

(Ozer, 1985). Most hydrological models use NSE for testing model performance; however, NSE 

can be biased depending on data repetition, magnitude, and the number of measurements (Jain & 

Sudheer, 2008; Ritter & Muñoz-Carpena, 2013). Thus, it is advised to assess the model goodness-

of-fit using multiple performance indices (Jain & Sudheer, 2008). In this study, we compared 

model results using three performance indices. We optimized the model for NSE and found the 

maximum value from all 2,100 simulations using each autocalibration technique. The formula for 

calculating NSE, KGE, and R2 are shown in Table 1.5. 
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Table 1.5. Model performance indicators used in this study (𝑄𝑜𝑏𝑠 is observed streamflow, 𝑄𝑠𝑖𝑚 is 

simulated streamflow, i is ith simulation, and 𝑄̅ is the mean value, and n is the total number of 

values). 

Performanc

e indicator 

Metric equation 

 NSE 
NSE = 1 −  

∑ (Qobs − Qsim)2n
i=1

∑ (Qobs − Qobs
̅̅ ̅̅ ̅̅ )2n

i=1

 

 KGE KGE

=  1 − √(CC − 1)2 + (
Qsim

d

Qobs
d

− 1)

2

+ (
Qsim
̅̅ ̅̅ ̅̅

Qobs
̅̅ ̅̅ ̅̅

− 1)

2

 

R2 
R2 =

[∑ (Qobs,i − Qobs
̅̅ ̅̅ ̅̅ )(Qsim,i − Q𝑠𝑖𝑚

̅̅ ̅̅ ̅̅ )i ]
2

∑ (Q𝑜𝑏𝑠,i − Qobs
̅̅ ̅̅ ̅̅ )

2
i ∑ (Qsim,i − Qsim

̅̅ ̅̅ ̅̅ )
2

i

 

 

 

2.6. R-SWAT  

Over the last decade, there has been a significant development in autocalibration tools and 

platforms for hydrological models. The current SWAT+ calibration tools are SWAT+ Toolbox 

(Celray, 2022; Gassman et al., 2007), SWATplusR (Schuerz, 2022), SWATplus-CUP (WWEE, 

2023), R-SWAT (Nguyen et al., 2022), and IPEAT+ (Yen et al., 2019). SWAT+ toolbox is coded 

in the C language and is not available for the Linux and Mac operating systems. There is no explicit 

SWAT+ toolbox user portal functional for researchers to discuss modeling challenges. 

SWATplusR is a package in R that allows users to identify reasonable parameter ranges along with 

parallel processing. SWATplusR currently does not have a graphical user interface and could be 
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challenging to use for those with no experience using R software. SWATplusCUP has a graphical 

user interface and can be used by beginners. SWATplusCUP premium features, such as parallel 

processing, are not open source. IPEAT+ in the current version does not provide uncertainty 

analysis or a graphical user interface (Nguyen et al., 2022; Yen et al., 2019).  

R-SWAT has a graphical user interface within R and provides an open-source parallel 

processing option for SWAT+. R-SWAT was developed using the Shiny-R-package (Nguyen et 

al., 2022) and has a user group for researchers to discuss questions. These advantages are why R-

SWAT was used in this study. Parameters can be altered in 3 ways in SWAT+: (1) absolute value 

change, (2) change the value by relative percentage, and (3) change the value by a specified 

amount. For instance, if the original parameter value in SWAT+ is x, then the new value of a 

parameter (x’) after assigning change (C) under different change types will be absolute value 

change (x’ = x + c), percentage change (x’ = x + c*x), replace (x’ = c) (Nguyen et al., 2022). The 

calibration (CAL) file included with SWAT+ shows the absolute minimum and maximum range 

of the parameters in the model. We used the replace parameter change option for the basin-wide 

parameters and a few aquifer-level parameters based on previous literature (Table 1.6). We justify 

using replace options for aquifer-level parameters due to SWAT+ defaulting to assigning uniform 

values for all aquifers in a given watershed; thus, we have no loss of resolution at the aquifer level. 

For parameters with a narrow range (range 0 to 1), we used absolute value change, and for the 

parameters with a wide range, we used the relative change option (Table 1.6). This allowed us to 

target for large number of parameter combinations with limited simulations.  
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Table 1.6. Type of change and range of parameters used for calibration. 

Parameter Type of change Min Max Units 

alpha.aqu replace 0.01 0.5 Days 

awc.sol absolute 0.01 0.3 mm_H20/mm 

bf_max.aqu absolute 0 1 mm 

canmx.hru relative -0.25 0.25 mm/H20 

chk.rte relative -0.25 0.25 mm/hr 

cn2.hru relative -0.3 0.2 Null 

cn3_swf.hru absolute 0 0.5 Null 

epco.hru absolute 0 0.5 Null 

esco.hru absolute 0 0.5 Null 

flo_min.aqu relative -0.25 0.5 m 

k.sol relative -0.25 0.25 mm/hr 

ovn.hru absolute 0 10 Null 

perco.hru absolute 0 0.5 fraction 

revap_co.aqu absolute 0 0.1 Null 

revap_min.aqu relative -0.25 0.25 m 

surlag.bsn replace 0.05 24 Days 

evlai.bsn replace 0 10 Null 

 

Both watersheds were automatically calibrated using three different methods (LHS, DDS, 

GLUE) with three rainfall datasets (ERA-5, gridMET, GPM IMERG) in R-SWAT. Based on the 

literature review and watershed characteristics, we selected the 17 most widely used flow 
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parameters (Table 1.6) for sensitivity analysis and model optimization. We analyzed models with 

three performance indices (NSE, KGE, R2) and visual interpretation to explore the goodness-of-

fit of SWAT+ simulated flow for different scenarios. 

Sensitivity analysis was conducted utilizing the Latin Hypercube Sampling (LHS) in 

parallel mode through R-SWAT. A total of 2,100 simulations were performed using 17 calibration 

parameters (Table 1.6). An α value of 0.05 was used to determine whether a parameter was 

considered sensitive - a parameter with a p-value less than 0.05 was indicated as sensitive. These 

sensitive parameters were confirmed with a high t-statistic (t-stat) value. 

 

3. Results  

3.1. Sensitivity analysis 

Key parameters affected by the different rainfall datasets were identified using  sensitivity analysis 

for the Tar-Pamlico and Cape Fear watersheds. For Tar-Pamlico watershed for (a) ERA-5 rainfall 

data we found sensitive parameters are cn2, revap_co, flo_min, revap_min, awc, alpha, perco, and 

epco; (b) gridMET dataset the sensitive parameters are cn2, revap_co, flo_min, revap_min, awc, 

epco and cn3_swf; (c) GPM IMERG dataset we found sensitive parameters are cn2, revap_co, 

flo_min, revap_min, awc, alpha, and esco (Figure 1.2).  

In the case of the Cape Fear river basin (a) ERA-5 rainfall data we found sensitive 

parameters are cn2, revap_co, flo_min, revap_min, awc, alpha, perco, and epco; (b) gridMET 

dataset the sensitive parameters are cn2, revap_co, flo_min, revap_min, awc, alpha, perco, epco 

and cn3_swf; (c) GPM IMERG dataset we found sensitive parameters are cn2, revap_co, flo_min, 

revap_min, awc, alpha, perco, and cn3_swf (Figure 1.2). 
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Five common sensitive parameters were identified, including cn2, revap_co, flo_min, 

revap_min, and awc, for different rainfall datasets for Cape Fear and Tar-Pamlico watersheds 

(Figure 1.2). Flow was sensitive to the alpha parameter (representing baseflow) for all rainfall 

datasets and both watersheds, with the exception of the Tar-Pamlico watershed model utilizing the 

gridMET rainfall dataset. The percolation coefficient (perco) parameter was found to be sensitive 

under all rainfall datasets in the Cape Fear watershed and the ERA-5 dataset for the Tar-Pamlico 

watershed. For gridMET, flow simulations for both watersheds were found to be sensitive to epco 

(plant uptake compensation factor) and cn3_swf (soil water factor for cn3 parameter). In this work, 

the chosen watersheds showed their unique characteristics due to complex interactions between 

land and water processes, especially under tidal influences which significantly impact the baseflow 

and peaks. Our findings can serve as a reference for using these chosen parameters, tested across 

various SPPs and calibration techniques. Additionally, they highlight the challenges and 

considerations necessary when modeling coastal watershed dynamics. 
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Figure 1.2 Parameter sensitivity analysis (a: CF_ERA-5, b: CF_gridMET, c: CF_GPM IMERG, 

d: TP_ERA-5, e:TP_gridMET, f:TP_GPM IMERG; * indicates t_stat<20; # indicates t_stat>10). 
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3.2. Analysis of simulated streamflow  

We tested nine different simulated flow scenarios with the combination of three rainfall datasets 

and three autocalibration techniques using SWAT+ for each watershed. One method of assessing 

model accuracy is visually comparing the simulated and observed flow. As shown in Figure 1.3 

for the Tar-Pamlico watershed, the high observed flow in 2011 (above 250 m3s-1) occurred around 

late August and early September (Figure 1.3). This increased flow was due to Hurricane Irene - a 

category one hurricane - hitting eastern North Carolina. The high flows were measured at USGS 

Greenville station from August 28th, 2011, to September 5th, 2011, with the highest observed daily 

flow on August 31st, 2011, of 345 m3s-1 (Figure 1.3). We simulated the flow for Tar-Pamlico from 

2001 to 2016, but to get more insights into SWAT+ peak flow and baseflow predictions, we have 

shown the predictions for the year 2011 in Figure 1.3 for the Tar-Pamlico watershed. This section 

helps us understand the combined effects of rainfall datasets and optimization techniques on 

simulated storm flows. SWAT+ fell short of capturing peak flow duration for all scenarios by three 

days. The calibrations using the GPM IMERG rainfall product did the best job predicting the 

magnitude of peak flow, whereas gridMET did the worst. Simulated flows using all three rainfall 

products under all optimization techniques underestimated the time to peak flow and subsequent 

baseflow recession times. 

SWAT+ model performed well in predicting flow magnitude with GPM IMERG rainfall 

dataset followed by ERA-5 and gridMET dataset. For GPM IMERG data, the GLUE optimization 

technique (358 m3s-1) performed better than LHS (426 m3s-1) and DDS (309 m3s-1) for simulating 

the peak flow during Hurricane Irene. For ERA-5 data, LHS (311 m3s-1) and GLUE (372 m3s-1) 

optimization procedures performed better than DDS (595 m3s-1), for simulating the peak flow. For 

gridMET data, the LHS (243 m3s-1) optimization method performed much better than both GLUE 
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(974 m3s-1) and DDS (1013 m3s-1) for simulating the peak flow during Hurricane Irene, as DDS 

and GLUE provided unreasonably high flows. 

Similar data is shown in Figure 1.4 for the Cape Fear basin. The results in the Cape Fear 

basin for each calibration method and rainfall dataset were similar to the results in the Tar-Pamlico 

basin. Figures 1.3 and 1.4 include periods of baseflow and storm flow simulation using different 

rainfall data sets. We found that the combinations of the ERA-5 dataset with LHS or GLUE, 

gridMET dataset with LHS, and GPM IMERG dataset with either GLUE or LHS give better 

baseflow magnitude prediction results. In the Cape Fear watershed, we observed high baseflows 

(greater than 40 m3 s-1). LHS performed better than DDS and GLUE in most cases, implying that 

the LHS technique should be used over DDS and GLUE for groundwater-driven watersheds 

(Figure 1.4).  
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Figure 1.3 Tar-Pamlico flow simulation for 2011 under different scenarios (a: ERA-5, b: 

gridMET, c: GPM IMERG). 
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Figure 1.4 Cape Fear flow simulation for 2011 under different scenarios (a: ERA-5, b: gridMET, 

c: GPM IMERG). 
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3.3. SWAT+ calibration results evaluation 

In this study, we systematically calibrated flow parameters to maximize the Nash-Sutcliffe 

Efficiency (NSE) utilizing three distinct rainfall datasets and three optimization techniques within 

two different watersheds.  KGE and R2 were evaluated based on all 2,100 simulations for a 

watershed with a specific set of rainfall data. Figure 1.5 depicts the maximum value of the 

particular performance metric amongst all simulations for the given scenario. 

GPM IMERG data produced optimal flow for both watersheds under LHS and GLUE 

methods. For the Tar-Pamlico watershed, we found the best KGE (0.424) and R2 (0.501) for the 

ERA-5 dataset with the LHS method and the best NSE (0.323) with the GLUE method. The 

gridMET dataset gave the best KGE (0.188) and R2 (0.439) with the LHS method and the best 

NSE (0.059) with the GLUE method. The GPM IMERG rainfall data produced the best KGE 

(0.619) with the LHS method and the best NSE (0.412) and R2 (0.498) with the GLUE method 

(Figure 1.5).  

For the Cape Fear River basin, we found the best NSE (0.449), KGE (0.522), and R2 (0.559) 

for ERA-5 data with the LHS method. The gridMET dataset gave the best NSE (0.341) and R2 

(0.498) with the GLUE method and the best KGE (0.426) with the LHS method. For the GPM 

IMERG dataset, we found the best NSE (0.498) and KGE (0.676) with the GLUE method and the 

best R2 (0.532) with the LHS method (Figure 1.5). 

The ERA-5 and GPM IMERG datasets performed better than the gridMET rainfall dataset 

when evaluated using KGE and NSE indices (Figure 1.5). On the other hand, R2 performed better 

than NSE and KGE for the gridMET dataset (Figure 1.5). We found the worst performance index 

values for gridMET rainfall data when optimized with the DDS technique (NSE, KGE, R2 — Tar-

Pamlico: -0.236, 0.057, 0.212 —Cape Fear: 0.029, 0.148, 0.304).  
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We found that KGE varied less among different scenarios than NSE (Figure 1.5). In most 

cases, we found higher performance indices for ERA-5 and GMP IMERG rainfall datasets with 

the GLUE optimization technique (Figure 1.5). We found comparatively better results for the 

gridMET dataset with the LHS optimization technique (NSE, KGE, R2 — Tar-Pamlico: 0.041, 

0.188, 0.439 — Cape Fear: 0.314, 0.426, 0.489). NSE gave lower values than KGE and R2 under 

all scenarios (Figure 1.5). Maximum values of KGE and R2 varied based on the rainfall dataset 

and optimization technique. We found R2 to give consistently higher values than KGE and NSE 

for the gridMET rainfall dataset (Figure 1.5). Overall, our findings suggest that the GPM IMERG 

rainfall dataset, combined with the GLUE optimization technique and KGE performance index, 

provides the most effective approach for optimal flow simulations (Figure 1.5).  
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Figure 1.5 Performance indices for different SPP and optimization technique scenarios (TP: Tar-

Pamlico, CF: Cape Fear). 

3.4. Parameter uncertainty analysis 

We conducted a parameter uncertainty analysis to assess the variability and reliability of the 

parameters used in predicting streamflow. This analysis encompassed the nine scenarios, involving 

three rainfall datasets and three optimization techniques, applied across both watersheds, as 

depicted in Figure 1.6. We compared the optimal values variation of the sensitive parameters under 
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the best NSE for a given scenario. Figure 1.6 shows the box plot of the five common sensitive 

parameters (cn2, revap_co, awc, flo_min, and revap_min) for both watersheds. We used relative 

change (cn2, flo_min, revap_min) and absolute value change (awc, revap_co) for these parameters 

(Table 1.6).  

We assumed that the uncertainty in the prediction of these parameters is only from the 

rainfall dataset and optimization technique used, as we kept all other data (soil map, land cover, 

observed data, and other SWAT+ input data) constant while building the model. We found the 

largest variation in the flo_min (Tar-Pamlico: 0.03 to 0.48; Cape Fear: -0.11 to 0.49) and 

revap_min (Tar-Pamlico: -0.25 to 0.21; Cape Fear: -0.22 to 0.18) parameters between both 

watersheds, which implies those are more uncertain than the other three parameters. We found 

comparatively less variation amongst other sensitive parameters for awc (Tar-Pamlico: 0.01 to 

0.29; Cape Fear: 0.01to 0.26), cn2 (Tar-Pamlico: -0.29 to 0; Cape Fear: -0.29 to -0.06), and 

revap_co (Tar-Pamlico: 0 to 0.09; Cape Fear: 0 to 0.08).  
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Figure 1.6 Variation of the common sensitive flow parameters for model combinations and both 

watersheds: Tar-Pamlico (TP), Cape Fear (CF). 

 

4. Discussion 

4.1. Sensitivity analysis under different rainfall datasets 

In the analysis of both Tar-Pamlico and Cape Fear watersheds under each of the three distinct 

rainfall datasets, five common sensitive parameters consistently emerged: cn2, revap_co, flo_min, 

revap_min, and awc. This uniformity underscores the significant reliance of flow on these factors 

that control surface runoff and infiltration partitioning, evapotranspiration, and groundwater 

discharge to streams. The consistent appearance of these parameters across different scenarios 

emphasizes their critical role in influencing and regulating watershed responses to different rainfall 
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inputs, reinforcing their importance in SWAT+ modeling and understanding of watershed 

biogeochemical processes. Our results align with previous literature where they found these 

parameters sensitive for streamflow simulation (Wagner et al., 2022; Reza & Salmani 2023; Yen 

et al., 2019) 

The high sensitivity of alpha parameter for most scenarios showed the significance of 

groundwater flow response to recharge changes in flow simulation for ERA-5 and GPM IMERG 

rainfall datasets and its dependency on the watershed under the gridMET rainfall dataset. In 

SWAT+, the perco parameter plays a critical role in streamflow simulation, demonstrating 

sensitivity across most scenarios. This parameter is derived using the Green-Ampt equation for 

infiltration, as detailed by Rawls et al. (1983), which significantly influences the model's 

hydrological response. This parameter represents the groundwater infiltration rate as a function of 

soil hydraulic properties, such as soil texture, structure, and pore size distribution, as well as soil 

water content and other factors that affect the soil’s ability to transmit water (SWAT+, 2020).  

The epco parameter specifically addresses simulation of plant water uptake in SWAT+. It 

is a dimensionless factor that adjusts the plant’s root water uptake to account for the reduction in 

potential evapotranspiration (PET) due to water stress. Sensitivity to the epco parameter can be 

anticipated in regions with high evapotranspiration rates, such as the Cape Fear and Tar-Pamlico 

watersheds. These two watersheds exhibit a humid subtropical climate, resulting in high 

precipitation rates that produce elevated evapotranspiration rates, making the epco parameter 

critical in evapotranspiration as it adjusts plant root water uptake under water stress conditions.  

The newly added parameter, cn3_swf, in SWAT+ enables the simulation of infiltration and 

ponding on land surfaces before runoff commences following a dry period (Wagner et al., 2022). 

Studies by Eini et al. (2023), Tumsa et al. (2022), Wagner et al. (2022), and White et al. (2022) 
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introduced a general view of cn3_swf parameter which accounts for soil water content to adjust 

the daily curve number. However, we are lacking complete documentation about the use of 

cn3_swf for SWAT+’s calibration. We found that Cape Fear River’s flow is sensitive to cn3_swf 

under gridMET and GPM IMERG rainfall datasets which could be explained due to its 

characteristics as having humid subtropical climate, resulting in a high amount of rainfall recorded 

annually.  

In addition, this watershed’s soils are highly porous with permeable sediments that could 

increase the total amount of rainfall recharging to groundwater. Besides, the Tar-Pamlico 

watershed exhibited high sensitivity to esco (soil evaporation compensation factor) with the GPM 

IMERG dataset, contributing to SWAT+’s capability to capture the watershed’s characteristics as 

a humid subtropical climatic region with GPM IMERG.  

Many SWAT and a few SWAT+ studies mentioned the impacts of watershed 

characteristics on the performance of rainfall products (Pulighe et al., 2021; Cho et al., 2009). In 

this study, we also found that the sensitivity of calibration parameters is related to the 

characteristics of the watershed. Our findings aligned with the studies of Fereidoon et al. (2019) 

and Guo & Su. (2019) in Tar-Pamlico and Cape Fear, in which curve number (cn2) was found to 

be the most sensitive parameter with all chosen rainfall datasets and watershed characteristics. In 

addition, our results aligned with previous works (Migliaccio & Chaubey, 2008; G. Wang et al., 

2014; Zhao et al., 2018) that identified revap_co, flo_min, revap_min, awc, alpha, perco, epco, 

cn3_swf, and esco as significant parameters affecting river flow.  

4.2. Flow simulation, rainfall dataset and optimization technique 

In this study, we analyzed the performance of three rainfall datasets and three optimization 

techniques on streamflow prediction. We found GPM IMERG rainfall dataset when used with 
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GLUE optimization technique generally yields better results for flow simulations. Our findings 

partially address the research gaps identified by Yuan et al. (2019), who called for an evaluation 

of the compatibility between the GPM IERG dataset and the GLUE optimization technique for 

optimal flow simulations. Mousavi et al., 2023 reported high values of KGE (0.88) for IMERG-

Terra model when used with the GLUE optimization technique. 

We have found that the selection of a rainfall dataset can play a vital role in flow 

simulations. This observation aligns with previous literature on SWAT modeling, where multiple 

rainfall datasets were used to assess their impact on optimal flow simulations (Cho et al., 2009; 

Dos et al., 2022). We found a couple of different combinations for optimal flow simulations based 

on the specific modeling objective. As mentioned earlier, for achieving optimal overall and peak 

flow simulation, the combination of GPM IMERG rainfall data with the GLUE optimization 

technique has proven to be more effective. For optimal base flow simulation, the combinations of 

the ERA-5 rainfall dataset with either DDS or LHS optimization techniques, or the GPM IMERG 

rainfall dataset with either GLUE or LHS optimization techniques have been found to work better.  

The GPM IMERG rainfall dataset showed the best simulation in terms of peak flow 

magnitude compared to other rainfall datasets. Our results align with previous literature, wherein 

Tran et al. (2023) indicated that GPM IMERG outperformed five other different satellite 

precipitation products for flood peak simulations over eleven Vietnam River Basins using SWAT 

model. This product was rated highly in this assessment due to its design utilizing multiple 

microwave and infrared sensors, and post-calibration using gauge-based products (Hou et al., 

2014).  

In general, SWAT+ performance varied greatly for peak flow magnitude simulation, with 

the GPM IMERG rainfall dataset and GLUE optimization technique combination yielding the best 
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results. SWAT+ underperformed in capturing peak flow duration across various scenarios. Both 

SWAT and SWAT+ are designed primarily for long-term continuous predictions and have 

limitations when it comes to capturing instantaneous peak flows (Yu et al., 2018). When simulating 

flows with all three rainfall products and optimization methods, we consistently experienced an 

issue of timing peak flow and the subsequent baseflow recession occurring too early. This 

underscores the significant influence of the curve number (cn2) on hydrograph dynamics during 

events equivalent to hurricane intensity (Caviedes-Voullième et al., 2012; Lyon et al., 2004). The 

accuracy of streamflow simulations displayed notable differences depending on the rainfall 

datasets used. This reinforces the observation that in humid climates, SWAT+ flow simulations 

exhibit sensitivity to the specific rainfall data (Tan & Yang, 2020). 

  The Cape Fear watershed is predominantly characterized by sandy soils, conducive to 

infiltration, is considered as groundwater-driven watershed (Ewen et al., 2011; Valley, 1988), 

leading to pronounced baseflows sourced from a combination of deep, confined, and shallow 

aquifers (Ewen et al., 2011; Valley, 1988). However, for the crucial output of baseflow, SWAT+ 

underperformed in this specific watershed. The model did not accurately predict the magnitude of 

baseflow. This could be explained by the model’s simplified groundwater flow equations. These 

equations potentially underperform to fully capture the intricacies of baseflow in a watershed that's 

so heavily influenced by groundwater, as indicated by Bailey et al. (2020).  

Our findings indicate that there’s no single combination of rainfall dataset and optimization 

technique is universally superior to other which aligns with previous literature (Dos Santos et al,. 

2022; Mararakanye et al., 2020). The combination should be selected based on data availability, 

computational power availability, watershed location, and watershed characteristics. GPM 

IMERG (Hou et al., 2014) and ERA-5 (Muñoz-sabater et al., 2021) data are available worldwide, 
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whereas gridMET data is available only for the contiguous United States (Abatzoglou, 2013). 

There are not regional limitations for choosing optimization techniques; all of them can be 

accessed worldwide through various open-source applications. We compared these techniques 

using an equal number of simulations to demonstrate how they perform with similar computational 

power. 

4.3. Effects of rainfall dataset and optimization technique on performance indices  

Performance metrics (NSE, KGE, and R2) are formed differently to measure the goodness-of-fit 

of the simulation and could be biased based on data magnitude, outliers, repetition, and other 

factors (Ritter & Muñoz-Carpena, 2013). In this study, ERA-5 and GPM IMERG datasets 

performed better than the gridMET rainfall dataset when evaluated using KGE and NSE indices 

(Figure 1.5). The worst performance index values for gridMET rainfall data was indicated when 

using with the DDS technique (NSE, KGE, R2 — Tar-Pamlico: -0.236, 0.057, 0.212 — Cape Fear: 

0.029, 0.148, 0.304). Our findings contrast with findings from Tolson and Shoemaker (2007), 

which determined that DDS was superior in efficiency compared to GLUE. For DDS, our 

experiment was performed with 175 iterations across 12 threads, yielding a total of 2,100 

simulations. We hypothesize that the chosen 175 iterations or the 12-thread configuration might 

not be adequate to encompass the extensive variety of parameter combinations when employing 

the DDS’s second parallel approach, as mentioned by Nguyen et al. (2022). The method, which 

involves parallel processing by assigning parameter values to subsequent cores, remains an area 

where further validation is needed (Nguyen et al., 2022).  

Our findings, as shown in Figure 1.5, revealed that KGE exhibited more consistent 

variations across different scenarios, while NSE values showed abrupt fluctuations when assessing 

the performance of three rainfall datasets and three optimization techniques in both watersheds. 
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The robust performance of KGE, especially when compared to NSE, can be attributed to its 

complex assessment of hydrological model outputs. Specifically, KGE incorporates three different 

components: correlation (r), variability (alpha), and bias (beta) (Knoben et al., 2019). In contrast, 

NSE is calculated using the mean squared error between the simulated and observed flows 

(Moriasi et al., 2007). KGE showed a better performance in identifying model deficiencies and 

improvements (Pool et al., 2018). This more thorough assessment typically translates to 

hydrological simulations that are both more precise and dependable (Gupta et al., 2009; Moriasi 

et al., 2007). It is worth noting that had we adjusted the model specifically for KGE and R2, similar 

to our optimization for NSE, their performance metrics likely would have been higher.  

4.4. SWAT+ parameter uncertainty  

In this study, we performed experiments with the assumption that the only sources of uncertainty 

in predicting these parameters stemmed from the rainfall dataset and the optimization techniques 

used. Thus, scenarios are performed with the same set of input (e.g., soil map, land cover, and 

observed data) during the modeling process. Our analysis revealed considerable variations, 

especially in the flo_min parameters for both Tar-Pamlico (ranging from 0.03 to 0.48) and Cape 

Fear (-0.11 to 0.49) as well as in the revap_min parameters for Tar-Pamlico (-0.25 to 0.21) and 

Cape Fear (-0.22 to 0.18). The observed variations suggest higher uncertainties in these parameters 

compared to the other three that were sensitive in all scenarios, emphasizing the need for cautious 

consideration and potential refinement. 

The optimization methods for SWAT+ that we examined were successful in 

parameterizing cn2 parameter across various HRUs. In SWAT+, groundwater flow parameters, 

namely revap_co, and revap_min, are delineated at the aquifer level, allowing for a precise 

parameterization (SWAT+, 2020). The minimal variation observed in the awc parameter 
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highlights SWAT+'s effectiveness in accurately modeling both the flow movement through 

landscapes and its absorption by vegetation. It has implications for predictions related to runoff 

and evapotranspiration. The minor discrepancy in the cn2 values across the two watersheds might 

be attributed to similarities in either land slope or land cover across these regions. Supporting this, 

Chordia et al. (2022) identified a lesser degree of variation in cn2 in comparison to eight other 

different parameters over four watersheds. In conclusion, SWAT+ parameterizes key components, 

such as cn2, the groundwater revap coefficient, and the threshold depth of shallow aquifers where 

revap takes place, underscoring its effectiveness in SWAT+ modeling.  

This study's limitation lies in its use of a broad calibration approach across two watersheds 

without extensively detailing model inputs or fine-tuning parameters for localized hydrological 

processes, which could impact the precision of flow predictions in specific scenarios. Additionally, 

its focus on comparative analysis restricts the ability to fully optimize the model for any single 

dataset or calibration technique. 

 

5. Conclusion 

The aim of this study was to comprehensively investigate how the selection of rainfall datasets and 

autocalibration techniques affect hydrological model flow simulations. We implemented our 

experiments on two major watersheds located in North Carolina and evaluated them using three 

performance indices. We found five common sensitive flow parameters — cn2, revap_co, flo_min, 

revap_min, awc — under all scenarios, with cn2 being the most sensitive parameter. The newly 

added SWAT+ parameter cn3_swf was found to be sensitive in the groundwater-driven watershed. 

The sensitivity of the cn3_swf parameter in the groundwater-driven watershed emphasizes the 

interconnectedness of surface and subsurface hydrological processes within SWAT+, even when 
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groundwater dynamics predominate. Significant variation in the simulated flow under different 

scenarios of the rainfall dataset and optimization techniques was observed. In most cases, we found 

overall better flow predictions for ERA-5 and GMP IMERG rainfall datasets with the GLUE 

optimization technique. We found comparatively better results for the gridMET dataset with the 

LHS optimization technique. 

Autocalibration techniques play an essential role in simulating SWAT+ baseflow 

accurately compared to storm flows. The rainfall dataset plays a crucial role in both storm flows 

and baseflow predictions. Overall, SWAT+ does better in capturing baseflow magnitude than peak 

flow magnitude. GPM IMERG rainfall dataset did a better job than ERA-5 and gridMET in 

predicting peak flow magnitude. We suggest the combination of the ERA-5 dataset with DDS or 

LHS, the gridMET dataset with LHS, and the GPM IMERG dataset with either GLUE or LHS to 

improve baseflow predictions. SWAT+ fell short in predicting baseflow magnitude in the 

groundwater-driven watershed. SWAT+ has limited capacity to predict extreme runoff events. We 

were not able to adequately simulate the peak runoff duration caused by Hurricane Irene (North 

Carolina, Aug 27, 2011) with SWAT+ using any combination of rainfall datasets and optimization 

techniques. However, GPM IMERG did a better job in capturing peak runoff magnitude with the 

GLUE method than any other combination. 

We found some common trends in performance indices among different scenarios, with 

NSE giving lower values than KGE and R2 in all cases. Depending on the rainfall dataset and 

optimization technique used, either KGE or R2 produced the highest values. We found R2 to 

provide consistently higher values than KGE and NSE for the gridMET rainfall dataset. Overall, 

we found the GPM IMERG data along with the GLUE optimization technique and KGE 

performance index for optimal flow modeling. This study will be helpful for hydrological 
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modelers to wisely select the rainfall dataset, calibration method, and performance index 

combination to predict the more accurate simulated flow. Future studies should explore the effect 

of the different number of iterations on flow prediction under different rainfall datasets. A better 

technique for estimating minimum aquifer storage to allow return flow is needed in groundwater-

driven watersheds in SWAT+.  
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Abstract: 

This study addresses the urgent need to understand the impacts of climate change on coastal 

ecosystems by using the SWAT+ model to assess how sea level rise (SLR) affects nitrate export 
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in a coastal watershed. Our framework for incorporating SLR in the SWAT+ model includes: (1) 

reclassifying current land uses to water for areas with elevations below 0.3 meters based on 

projections for mid-century; (2) creating new SLR-influenced land use, SLR-influenced crop 

database, and hydrological response units for areas with elevations below 2.4 meters; and (3) 

adjusting SWAT+ parameters for the SLR-influenced areas to simulate the effects of saltwater 

intrusion on processes such as plant yield and denitrification rates. 

We demonstrate this approach in the Tar-Pamlico River basin, a coastal watershed in eastern North 

Carolina. We calibrated the model for nitrate load at Washington, achieving a Nash-Sutcliffe 

Efficiency (NSE) of 0.61. Our findings show SLR significantly alters nitrate delivery to the estuary 

through enhanced nitrate mobility throughout the year. We observed an increase in mean annual 

nitrate loads from 155,000 kg N under baseline conditions to 157,000 kg N under SLR scenarios, 

a change confirmed by a statistically significant paired t-test (p = 2.16×10−10). This pioneering 

framework sets the stage for more sophisticated and accurate modeling of SLR impacts in diverse 

hydrological scenarios, offering a vital tool for hydrological modelers. 

 

Study region: 

Tar-Pamlico River basin, Eastern North Carolina, United States. 

 

Keywords:  

SWAT+; Water quality; Nitrate; Coastal Watershed; Sea Level Rise.  
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Highlights: 

1. The study enhances the SWAT+ model to assess how sea level rise impacts nitrate 

dynamics in the Tar-Pamlico River basin, NC, USA. 

 

2. The research alters SWAT+ hydrological parameters and inputs to model the primary and 

secondary impacts of sea level rise by integrating new SLR-influenced land use, HRUs, 

and crop databases. 

 

3. Results show a significant increase in nitrate loads due to sea level rise, emphasizing the 

importance of integrating climate change into water quality planning. 

 

Graphical Abstract: 
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1. Introduction  

Water quality is an important aspect of water resources management (Abbaspour et al., 2007). 

Since the 20th century, elevated nitrate levels in water bodies have posed significant threats to 

coastal watersheds (Pringle 2001; Vilmin et al., 2018). While the invention of nitrogen-based 

fertilizers was tremendously advantageous for mass food production, it poses a significant risk to 

our coastal ecosystems (Galloway et al., 2013; Fixen & West, 2002). To be specific, high nitrate 

levels in water can create an excessive growth of algae and certain aquatic plants. These algal 

blooms can hinder sunlight from reaching the bottom of rivers, streams, lakes, or estuaries; leading 

to the inhibition of benthic aquatic plant growth (Wurtsbaugh et al., 2019). Eventually, as these 

plants and algae die, they are broken down by microbes that consume oxygen (Jewell & McCarty, 

1971; Cui et al., 2021), leading to the creation of low-oxygen zones where few organisms can 

survive (Gerloff & Krombholz, 1966; Seibel, 2011). Addressing elevated nitrate levels in coastal 

watersheds—a global issue—costs billions annually, particularly straining developing countries 

and threatening economic stability and aquatic ecosystem health (Sekhon, 1995; Bernhardt et al., 

2005; Craswell 2021; Rasiah et al., 2005; Mathewson et al., 2020). This raises global concern and 

should be a major part of a country’s plan for conserving or restoring healthy aquatic ecosystems. 

In this study, ecosystem health is defined as the ability of a coastal watershed to sustain biological 

productivity (Sherman 1994), maintain ecological processes (O’Brien et al., 2016), support 

biodiversity (Qian et al., 2023), and meet societal needs (Christensen et al., 1996). Nitrate loading 

to the estuary was used as an indicator of ecosystem health. 

Nitrogen gas (N2) makes up the majority of Earth’s atmosphere, representing 78 percent of 

its total composition (Hart 1978). Although nitrogen is abundant in the atmosphere, it needs to be 

converted to ammonia/ammonium (NH3
+/NH4

+) through fixation before plants and animals can 
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use it (Postgate 1998). Bacteria that fix nitrogen are essential as they transform atmospheric 

nitrogen gas into forms like ammonium (NH4
+) or ammonia (NH3) (Postgate 1998). Animals 

obtain nitrogen through eating plants (Temperton et al., 2007), integrating it into the broader food 

web (Meunier et al., 2016). When plants and animals die, the organic nitrogen they contain is 

broken down by microbes, turning it back into NH4
+ (mineralization) and eventually nitrate (NO3

-

) via nitrification (Abatenh et al., 2018; Gupta et al., 2017). In addition, denitrifying microbes 

assist in converting nitrate back into nitrogen gas or nitrous oxide (N2O) (Vilar-Sanz et al., 2013).  

Climate change and anthropogenic activities greatly affect the nitrogen cycle (Aryal et al., 

2022; Bennett et al., 2014; Vitousek et al., 1997), altering the rates of nitrogen fixation (Galloway, 

1998), mineralization, and denitrification (Zhu et al., 2015). The alterations in the nitrogen cycle 

and nutrient availability impact coastal watersheds, especially where nitrogen is the primary 

limiting nutrient, leading to challenges for the health of aquatic ecosystems (Rabalais, 2002). The 

nitrogen cycle, carbon cycle, and climate are anticipated to be further altered due to human effects 

on the planet (Bernal et al., 2012). Sea levels are rising due to multiple influences of rising 

temperatures. (Karl et al., 2009; Cazenave & Cozannet, 2014). Coastal communities are more 

susceptible to the effects of climate change (Oliver-Smith, 2009). Specifically, SLR can cause 

flooding in low-lying areas, saltwater intrusion, and pose significant threats to aquatic ecosystems 

(Knighton et al., 1991). Sea level rise can alter nitrogen dynamics in watersheds by influencing 

both the release of ammonium from sediments and the microbial processes of nitrification and 

denitrification, impacting nitrogen uptake by plants and overall nutrient retention. Increased 

salinity due to SLR can enhance the bioavailability of ammonium, altering plant-microbe 

interactions and the nitrogen cycle (Ardón et al., 2013; Kirwan & Megonigal, 2013; Waldron et 

al., 1997). For farmers in coastal regions, saltwater intrusion is a pronounced concern due to its 
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threat to crop growth. The boundary between saltwater and freshwater shifts as the inflow and 

outflow rates vary, with an increase in saltwater causing this interface to move further upstream 

(Michael et al., 2005). This progression leads to saltwater intrusion, resulting in elevated soil 

salinity, which disturbs the equilibrium of the agroecosystem, including crop growth and nitrogen 

cycle. This increased salinity, in turn, inhibits the activities of nitrogen-fixing bacteria and 

interferes with the conversion of organic nitrogen compounds into forms that plants can easily 

assimilate (Etesami & Adl, 2021; Kirova & Kocheva, 2021). Consequently, this disruption in the 

nitrogen cycle ultimately reduces nutrient availability for crops (specifically for soybean, which is 

a major crop type in the Tar-Pamlico basin), thereby affecting their overall health and yield. 

Additionally, high soil salinity can reduce growth or kill crops despite abundant nitrogen 

availability (Van et al., 1999), leading to an accumulation of unused nitrogen in soils where 

fertilizers are applied. SLR compromises the fertility of the soil in coastal agricultural watersheds 

by disrupting nutrient dynamics (Weissman & Tully, 2020). The effects of SLR are not limited to 

agriculture, as a higher SLR rate could lead to the drowning of wetlands, reducing their nitrogen 

removal potential (Kirwan & Megonigal, 2013). It also would increase the flood frequency, in 

which urban areas tend to have higher runoff, resulting from the increase of anthropogenic 

nutrients (Macías-Tapia et al., 2021).  

Hydrological models are frequently used to assess the potential impacts of climate change 

and other anthropogenic influences on nitrogen transport and retention in watersheds (Hattermann 

et al., 2006). The Soil and Water Assessment Tool (SWAT) is one of the most widely used models 

for this purpose. Developed in the early 1990s, it is a semi-distributed hydrological model 

extensively used for water quality (Abbaspour et al., 2007) and quantity analyses (Zhang et al., 

2011). SWAT has proven effective in modeling nitrate loads in diverse watersheds, with 



Chapter 2 

66 

 

applications in places such as the Vamanapuram River Basin, India (Saravanan et al., 2023), 

Brittany, France (Conan et al., 2023), the Lower Seyhan Plain, Turkey (Donmez et al., 2020), and 

the Des Moines River, United States (Schilling and Wolter 2009). In recent years, the release of 

SWAT+, an enhanced version of SWAT, has gathered attention for its advancements in 

understanding interactions within watersheds and sub-watersheds, as well as its improved data 

management, analysis, and visualization capabilities (SWAT+, 2020). However, there is a gap in 

examining the integration of SLR with the SWAT+ model, possibly due to the model’s limited 

ability to manage the bidirectional flow (Bieger et al., 2017).  

In this study, our primary objective is to develop a method for simulating the effects of 

SLR on nitrogen processing within coastal watersheds using the SWAT+ model. We achieved this 

by identifying key parameters and input changes in the model, which enabled simulation of 

changes in nitrate transport and retention based on current literature. Additionally, we investigated 

how SLR influences nitrate loads in the downstream boundaries of a watershed. The Tar-Pamlico 

River Basin, located in eastern North Carolina, is used as a case study, given its historical 

challenges with both SLR and elevated nitrate levels over recent decades (Helmers et al., 2022; 

Ury et al., 2021). Through this work, we aim to improve the traditional coastal hydrological 

modeling framework by partially integrating the complex interactions and changes that arise from 

shifting nitrogen cycle due to SLR.  

 

1.1 Objectives 

The objectives of this study are to: 1) Develop and optimize a nitrate model for the Tar-Pamlico 

watershed using the SWAT+ hydrological model. 2) Conduct a literature search on the effects of 
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salinity on watershed processes, with a focus on agricultural land use. 3) Develop a novel approach 

to incorporating SLR-influenced land use, plant database, and HRUs in SWAT+. 4) Investigate 

the effects of SLR on ecosystem health, specifically focusing on changes in nitrate load to the 

Pamlico Estuary under baseline and SLR scenarios. 

 

2. Materials and methods 

2.1 Study area 

This study focuses on the Tar-Pamlico River basin, a coastal watershed in North Carolina, 

USA (Figure 2.1). As the fourth-largest watershed in the state, the Tar-Pamlico River basin stands 

out as one of just four entirely contained within North Carolina, alongside the Cape Fear, Neuse, 

and White Oak River basins (NCDEQ, 2023). With its waters ultimately flowing into the Pamlico 

Sound, this watershed has a rich diversity of ecosystems and varied habitats (North Carolina 

Department of Environmental Quality (NCDEQ, 2023). The Tar-Pamlico covers an expansive 

6,400 square miles and spans 15 counties. It is home to a population exceeding 470,000 residents. 

The Tar-Pamlico watershed is divided into five major sub-watersheds, including the Upper Tar 

River, Fishing Creek, Lower Tar River, Pamlico River, and Pamlico Sound. The land use within 

this watershed is divided among agriculture (27.9%), forests (33.9%), wetlands (31.9%), 

pastureland (3.5%), rangeland (1.3%), and urban areas (1.4%) (Claggett et al., 2015). The 

freshwater streams and rivers within the basin originate in the Piedmont region in north-central 

North Carolina. These waterways flow southeastward and, upon nearing tidal zones, transform 

into the expansive (Figure 2.1), tidally influenced estuary (Keith, 2014), enhancing its ecological 

complexity and economic productivity (NC DEQ, 2009, 1994).  
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Figure 2.1 (a) Location of the Tar-Pamlico River basin within the United States, (b) Digital 

elevation model and geographical characteristics of the Tar-Pamlico watershed, (c) Hydrological 

monitoring station in Washington used for model calibration, (d) Tar-Pamlico’s coastal region 

where we incorporated the effects of SLR 

 

2.2. SWAT+ model setup 

In this study, we implemented the SWAT+ model (SWAT+ IO Document, 2020) to simulate 

hydrological processes throughout the river basin. This tool excels at assessing dynamics within 

both watersheds and sub-watersheds. SWAT+ enables the evaluation of how various hydrological 

parameters influence watershed dynamics, affecting water quality, agricultural yields, and nitrogen 
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cycle processes (SWAT+ IO Document, 2020). It allows for detailed simulation of environmental 

interactions, aiding the creation of policies and strategies especially aimed at mitigating issues 

related to water quality, water availability, and flood risks (SWAT+ IO Document, 2020).  

For setting up the SWAT+ model, a variety of data sources were used to accurately depict 

watershed characteristics. We obtained watershed boundary data from the United States 

Geological Survey (USGS) StreamStats service and incorporated elevation, land use, and soil type 

data from the USGS for 2011, the National Land Cover Database (NLCD) for 2008, and the Soil 

Survey Geographic Database (SSURGO) for 2015, all at a 90m resolution. These inputs were 

processed using QSWAT+ to delineate drainage networks, sub-basins, and Hydrological Response 

Units (HRUs), crucial for modeling the intricate hydrological behaviors within the watershed. We 

used weather data from the Global Precipitation Measurement Integrated Multi-satellite 

Retrievals. Additionally, we assimilated agricultural data, including crop types and fertilizer 

application rates, from reports by the North Carolina Department of Environmental Quality 

(NCDEQ) and the North Carolina Department of Agriculture & Consumer Services (NCDEQ, 

2014; NCGAR, 2022), specifically pertaining to the Tar-Pamlico watershed. This information 

proved essential for more accurate simulations of agricultural runoff and nutrient transport. 

We also integrated wastewater treatment data for the 22 discharges (Appendix 1) within the 

Tar-Pamlico watershed from the National Pollutant Discharge Elimination System (NPDES) and 

atmospheric deposition data from the National Atmospheric Deposition Program (NADP, 2023). 

Observed flow data were collected from USGS monitoring stations in Greenville and Washington. 

Due to incomplete data at the Washington station post-September 2006, we extrapolated the flow 

data from Greenville using a linear regression model. This model showed a strong correlation (R² 

= 0.90), indicating that approximately 90% of the discharge variability at Washington could be 
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reliably predicted from Greenville’s data. We used this relationship to compensate for missing 

flow data at Washington. Nitrate concentration data was obtained from NCDEQ (site 

21NC01WQ). 

To calculate monthly nitrate load, we first calculated the average daily discharge at 

Washington for each month. Then, we calculated the average nitrate concentration for each month 

from the available nitrate concentration data. We multiplied the average discharge for a specific 

month by the average nitrate concentration for the same month and then multiplied it by the total 

number of days in that month (Preston et al., 1989). In 2003, there were 357 daily observations, 

indicating a high-frequency data collection effort at this location (site 21NC01WQ) in Washington, 

NC. However, this frequency declined sharply over the years. By 2005, the frequency of data 

collection had decreased, with only 144 daily observations. This trend continued, and by 2010, 

only 40 daily observations were recorded. Eventually, the data collection frequency shifted to a 

monthly scale, with only about 10 to 13 observations per year from 2011 onwards. This reduction 

in data collection frequency over time introduces additional challenges in accurately estimating 

nitrate loads and concentrations, as fewer data points are available to capture the variability and 

trends (Birgand et al., 2011). 

2.3. SWAT+ model optimization 

We calibrated the model for nitrate load with observed data from Washington, NC (Figure 2.1). 

We utilized the SWATrunR package (Schuerz 2019) to calibrate the model. Our calibration efforts 

targeted 23 parameters identified as crucial for accurately representing hydrological and nitrogen 

processes, based on sensitivity analysis and literature reviews outlined in Appendix 1. For 

parameter adjustment, we employed three methods: absolute change (x' = x + y), percent change 

(x' = y * x / 100), and absolute value (x' = y), where x is the default value, x' the new value, and y 
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the calibrated parameter value (SWAT+ IO Document, 2020). The choice of method was 

influenced by each parameter's resolution and initial range; for instance, basin-level parameters 

predominantly used absolute value adjustments. The decision between absolute and percentage 

changes depended on the magnitude of the parameter’s range—absolute changes were preferred 

for narrow ranges, while percentage changes were favored for wider ranges. This approach allowed 

for a broad range of parameter adjustments during model calibration, ensuring flexibility across 

varying resolutions and initial ranges. The detailed optimization table, which includes the 

parameter name, type of change, parameter description, and its default and calibrated values, is 

mentioned in Appendix 1. We also soft-calibrated the model for yield and denitrification rate for 

selected HRUs representing corn, cotton, soybean, and general agricultural crops (Etheridge et al., 

2014). In this study, the general agricultural crop type was used for all other crops (e.g. tobacco, 

sweet potatoes, etc.), and in SWAT+, we simulated that using agricultural_land_row (agrr) crop 

type. The finalized values of parameter calibration and change type are discussed in Appendix 1.  

2.4. SLR incorporation:  

We aimed to design a framework to simulate the partial effects of SLR in the SWAT+ model with 

a focus on the nitrogen cycle. We achieved this by systematically adjusting inputs and parameters 

to reflect the dynamic impacts of SLR. While acknowledging that our base model, SWAT+, 

primarily functions as a unidirectional rainfall-runoff model and does not typically account for 

backflow (SWAT+ IO Document, 2020), we focus on altering expected land uses, enhancing the 

model's capability to simulate critical land processes, such as altered denitrification rates and the 

reduction of crop yields under SLR conditions.  

We utilized mid-century SLR projections from the National Oceanic and Atmospheric 

Administration (NOAA, 2022), which forecasts an increase of approximately 0.3 m by 2050. 
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Based on NOAA's projections, we reclassified all landcover with elevations less than 0.3 m to 

water landcover. To account for the effects of saltwater intrusion, we consider any areas with 

elevation less than 2.4 m to fall within the risk zone of saltwater intrusion (NOAA, 2022).  For 

areas with elevations under 2.4 m, we used GIS to process the land use changes by developing a 

new category labeled as saltwater-intruded land use for the respective land uses. 

After incorporating these new land use types, we added the saltwater-influenced crops to the 

SWAT+ plant database (Appendix 1). Subsequently, using the updated land cover map and the 

revised SWAT+ database, we generated new Hydrological Response Units (HRUs) for areas 

extending up to 2.4 m above the current mean sea level. For the baseline simulation, we retained 

the same parameters for the saltwater-intruded crops as their corresponding conventional crops. 

We confirmed that SWAT+ produced consistent outputs for these new saltwater-intruded crops as 

for their parent crops when no parameters were altered. The creation of these new saltwater-

intruded HRUs allowed us to modify SWAT+ parameters to simulate the impacts of SLR on the 

nitrogen cycle. 

We changed multiple SWAT+ parameters in our initial efforts to simulate the effects of SLR. 

We conducted a literature review to identify processes and their corresponding SWAT+ 

parameters potentially affected by saltwater intrusion, such as soil pH (Al-Busaidi & Cookson, 

2003) and electrical conductivity (Rhoades & Corwin, 1990). Based on our findings, we adjusted 

electrical conductivity (ec.sol) and pH (ph.sol) parameters in the model to account for SLR. 

However, despite significant alterations to these parameters, we observed no impact on the 

simulated denitrification rate and crop yields. This suggests that these parameters are not directly 

linked to the outputs we expected them to alter and additional factors within the SWAT+ model 

would need to be considered to reflect the effects of SLR. 
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To address this challenge, we opted for an indirect approach to incorporating SLR effects. We 

introduced new soil nutrient layers in our model to better simulate denitrification rates and plant 

yield (SWAT+ IO Document, 2020) under SLR. The parameters that were altered were the 

coefficient for adjusting concentrations based on depth (exp_co) and the fraction of active soil 

humus (fr_hum_act). In preliminary analysis we found increasing the exp_co parameter decreased 

denitrification and decreasing fr_hum_act decreased denitrification. Increasing the exp_co 

parameter likely reduces denitrification by limiting the depth at which there are high 

concentrations of nitrate, while decreasing fr_hum_act reduces denitrification by lowering the 

proportion of active humus that supports microbial activity essential for the denitrification process. 

We developed two new soil nutrient layers: one for saltwater-intruded agricultural crops and 

another for the rest of the saltwater-intruded land use. The soil nutrient layers were applied at the 

HRU resolution for the respective land use (SWAT+ IO Document, 2020). The expected decrease 

in denitrification was simulated along with an excessive decrease in yield, thus we adopted a 

multiparameter approach to further fine-tune denitrification and plant yield by altering other HRU-

specific parameters such as curve number (cn2), plant uptake compensation factor (epco), soil 

evaporation compensation factor (esco), available water capacity (awc), plant ET curve number 

coefficient (latq_co), and potential maximum leaf area index (lai_pot). We used SWATrunR 

(Schuerz et al., 2022) to alter these parameters specifically for saltwater affected HRUs (up to an 

elevation of 2.4 m) to adjust plant yield and denitrification rate per literature under SLR scenarios, 

which is further discussed in section 3.2. The values of these parameters under freshwater 

conditions and saltwater-influenced conditions are discussed in section 3.2. This innovative 

framework is intended to serve as a pioneering step for hydrological modelers, setting the stage 

for more sophisticated and accurate modeling of SLR impacts.  
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3. Results and Discussion 

3.1 Model optimization 

In this study, we simulated monthly nitrate load at the Washington, NC station from 2001 to 2019 

with 2 years of warm up period. We calibrated the model from 2003 to 2011 and validated it from 

2012 to 2019 (Figure 2.2). During the calibration period, the model showed a good level of 

accuracy within the coastal Tar-Pamlico watershed, achieving Nash-Sutcliffe Efficiency (NSE) of 

0.61, Coefficient of Determination (R²) of 0.61, and Kling-Gupta Efficiency (KGE) of 0.77. These 

metrics suggest a strong agreement between observed and simulated data, indicating that the model 

is well-calibrated and capable of simulating the dynamics governing nitrate transport and retention. 

We found lower performance indices values for the validation period; the model's performance 

metrics declined to a NSE of 0.33, a R² of 0.33, and a KGE of 0.39, indicating moderate accuracy. 

This decline likely resulted from uncertainties associated with the change in nitrate concentration 

sampling frequency post-2010 (Birgand et al., 2011). Despite the lower metrics, the model still 

demonstrated its capacity to provide reasonable nitrate load predictions under varying conditions 

(Upadhyay et al., 2022).  
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Figure 2.2: Monthly nitrate load optimization results 

 

3.2. Modeling the effects of SLR on nitrogen processes 

As mentioned in Section 2.5, simulating the ramifications of SLR on watershed processes, with a 

particular focus on the adjustment of plant yield and denitrification were not as straightforward as 

expected. Saltwater intrusion disrupts normal plant physiological processes, impeding nutrient 

uptake and causing osmotic stress in plants, which is reflected in the reduced yields observed 

(Okon, 2019; Safdar et al., 2019). Sea level rise can decrease denitrification rates by increasing 

waterlogged conditions, reducing oxygen availability, and inhibiting microbial activity (Hamonts 

et al., 2013; Mazhar et al., 2022). SLR reduces potential leaf area (by around 30%) by flooding 

coastal areas, increasing soil salinity and altering vegetation, leading to sparse foliage (Bond-

Lamberty et al., 2023), which we adjusted using the potential maximum leaf area index (lai_pot) 

parameter in SWAT+. We used previous literature to inform changes made to model parameters 

(Table 2.1). Even though SWAT+ may not be capable of simulating backflow, the hydrological 
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parameter changes discussed in this section should enable the model to more accurately simulate 

processes in response to SLR when viewed at the monthly or annual scale.  It is highly unlikely to 

be accurate at the daily time scale. This SLR-calibrated SWAT+ model offers valuable insights 

into the intricate interplay between SLR and watershed processes governing nitrate export. 
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Table 2.1: Parameters altered simulate plant yield and denitrification changes under SLR 

Parameter Potential Parameter 

Range 

(Unit) 

Resolution Type of 

Change 

Description Default 

value 

Freshwater 

landuse 

calibration 

SLR calibration 

range 

SLR-

incorporated 

landuse 

awc 0.01, 1.0 

(mm H2O mm-1) 

sol Absolute 

Change 

The difference in soil water 

content between field capacity and 

permanent wilting point 

0.14 0.081 -0.3, 0.08 -0.021 

esco 0.0, 1.0 

(-) 

hru Absolute 

Change 

Soil evaporation compensation 

factor which allows modification 

of depth distribution to meet soil 

evaporative demand, considering 

capillary action, crusting, and 

cracks. 

0.95 -0.069 -0.3, 0.3 0.038 

epco 0.0, 1.0 

(-) 

hru Absolute 

Change 

Plant uptake compensation factor 

which allows adjustment of water 

uptake depth distribution in 

0.5 -0.114 -0.3, 0.3 -0.042 
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response to plant transpiration 

demand and soil water availability. 

latq_co 0.0, 1.0 

(-) 

hru Absolute 

Change 

Coefficient for the Plant ET curve 

number 

0.01 0.101 -0.3, 0.3 0.279 

cn2 35.0, 95.0 

(-) 

hru Percent 

Change 

Curve number for Condition II 

runoff potential. 

 12.283 13, 20 17.834 

Lai_pot 0.5, 10 

(m2 m-2) 

Plt Absolute 

Value 

Potential maximum leaf area index 

Corn 

Cotton 

Soybean 

General agricultural crop 

 

6 

4 

5 

3 

 

5 

2.5 

2.027 

3 

  

3.5 

1.75 

1.419 

2.1 

 



Chapter 2 

79 

 

3.2.1. Simulated effects on crop yields: 

In this study, we simulated the impacts of SLR on the yields of four distinct crop types—general 

agricultural, corn, cotton, and soybean—quantified in kilograms per hectare (kg/ha). Figure 2.3 

represents an average of a particular crop’s average annual yield for SLR-influenced HRUs. 

Following the adjustments made to the parameters in Table 2.1, our model simulated a reduction 

in yields for all crops in the ranges found in the literature (Gibson et al., 2021). In our results, 

general agriculture yields decreased the most by 36%, from 4,700 to 3,000 kg/ha, followed by 

cotton at 36%, from 2,900 to 1,900 kg/ha, soybean at 33%, from 2,700 to 1,800 kg/ha, and corn at 

23%, from 8,900 to 6,800 kg/ha. As expected due to calibration, these findings are consistent with 

previous literature on the impacts of salinization on crop yields (Gibson et al., 2021). 

 

 

Figure 2.3: Simulated effects of SLR on annual average crop yields 
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3.2.2. Simulated effects on denitrification rate  

Changes made to the SLR-influenced land uses were also aimed at simulating the effects of 

increased salinity and soil water levels associated with SLR on denitrification. The results of these 

changes show a significant decline in denitrification across all crop types (Figure 2.4), with 

reductions ranging from 59% in corn to 72% in soybeans, matching with previous literature 

(Hofstra & Bouwman, 2005; Qian et al., 1997).  The decrease in soil nitrate processing capabilities 

under SLR conditions, attributed to increased soil salinity inhibiting microbial activity essential 

for nitrogen cycling, could further complicate microbial community structures and potentially 

reduce denitrification efficiency (Mazhar et al., 2022; Spivak et al., 2019). 

 

Figure 2.4: Impacts of SLR on annual average denitrification [AGRR: General agricultural crop; 

COTS: Cotton; SOYB: Soybean] 
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3.3. Nitrate load to the estuary 

We conducted a comprehensive comparison of the monthly nitrate load at the Pamlico Estuary, 

contrasting conditions under both baseline and SLR scenarios. We compared the model results for 

both SLR and baseline scenarios from January 2003 to December 2019 (Figure 2.5). This analysis 

aimed to quantify the variations in nitrate loads across different months, providing a clearer 

understanding of how rising sea levels could affect nutrient export in this coastal environment. 

Both datasets exhibit significant variability and peaks over time, but the SLR scenario generally 

shows a trend of increased nitrate loads compared to the baseline, especially noticeable in the later 

years depicted (Figure 2.5). 

 

Figure 2.5 Simulated Nitrate Load For SLR and Baseline Scenarios 

 

The results reveal notable variations in the seasonal nitrate loads when comparing the 

baseline with the SLR scenarios (Table 2.2). Winter and spring exhibited higher nitrate loads 
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compared to summer and fall. This pattern is likely influenced by increased precipitation during 

the colder months (Sayemuzzaman & Jha, 2014), which enhances runoff (Moraglia et al., 2022) 

and nitrate leaching (Oh & Sankarasubramanian, 2012), whereas the growing vegetation in warmer 

months can assimilate more nutrients (Tian et al., 2014), thereby reducing nitrate levels. The data 

also showed that nitrate loads consistently increase across all seasons under SLR conditions, with 

the most substantial increases during winter and spring (Table 2.2). This observation suggests that 

SLR modifies nitrate availability and transport, particularly during peak precipitation periods 

(Stuart et al., 2011). The elevation of the sea level can alter the water table (Hay et al., 1990) and 

increase the inundation of low-lying coastal areas (Mohd et al.,2018), resulting in greater surface 

runoff (Wang et al., 2011) and potentially higher flows during heavy rains (Rotzoll & Fletcher, 

2013). These changes facilitate the more rapid movement of nitrate from terrestrial sources into 

estuarine and marine environments, underscoring the impact of SLR on nitrate loss (Munksgaard 

et al., 2019; Voss et al., 2015; Wang et al., 2017). 

Table 2.2 Average seasonal nitrate load from Tar-Pamlico River Basin 

Season Nitrate Load Baseline 

(kg NO3-N) 

Nitrate Load SLR 

(kg NO3-N) 

Percentage Change 

(%) 

Winter 266,000 267,900 0.73% 

Spring 183,500 186,000 1.37% 

Summer 93,000 94,500 1.60% 

Fall 78,400 79,800 1.80% 

 

The percentage change in nitrate loads from the Tar-Pamlico basin into the Pamlico estuary 

indicates a higher relative increase in nitrate loads during the fall (1.80%) and summer (1.60%) 
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compared to spring (1.37%) and winter (0.73%), under SLR scenarios (Table 2.2). This heightened 

increase in nitrate loads during summer and fall under SLR scenarios can be attributed to several 

interrelated factors (Herbert et al., 2015). Saltwater intrusion due to SLR increases soil salinity 

(Bayabil et al., 2021), disrupting nitrogen cycling (Nelson & Zavaleta, 2012), and diminishing the 

nitrate uptake by crops in these growing seasons (He et al., 2018), while simultaneously altering 

hydrological dynamics that increase nitrate mobility (Donner & Kucharik, 2003). The disruption 

of microbial denitrification processes by increased salinity may result in more residual nitrates that 

leach into waterways (Arce et al., 2013). Additionally, seasonal agricultural practices, potentially 

misaligned with changing environmental conditions, may further contribute to nitrate runoff 

(Conrad & Marinos, 2024). 

Statistical comparison of the nitrate load from the Tar-Pamlico basin under baseline and SLR 

conditions was conducted using a paired t-test (Table 2.3). The test compared two sets of model 

output: the mean annual nitrate loads under the baseline condition (mean = 155,200 kg N) and 

under the SLR condition (mean = 157,100 kg N), with each set comprising 204 observations (Table 

2.3). The Pearson Correlation coefficient of 0.9995 indicates a very high degree of linear 

correlation between the paired samples, which is expected since the measurements under both 

scenarios pertain to the same time points (Cohen et al., 2009). 
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Table 2.3 Statistical summary of paired t-test analysis for monthly nitrate loads under baseline 

and SLR conditions 

Statistical Measure Value 

Mean Nitrate Load (Baseline) 155,200 kg NO3-N 

Mean Nitrate Load (SLR) 157,100 kg NO3-N 

Pearson Correlation Coefficient 0.9995 

Degrees of Freedom (df) 203 

t-Statistic -6.6869 

p-Value (Two-tailed) 2.16×10−10 

 

The paired t-test, yielded a t-statistic of -6.6869, reflecting a significant difference between 

the means. The negative t-statistic suggests that the nitrate load under SLR conditions is higher 

than under baseline conditions. The two-tailed p-value of approximately 2.16×10−10 indicates that 

this difference is highly statistically significant, far below the conventional alpha level of 0.05. 

The outcome of this t-test provides strong evidence to reject the null hypothesis, which suggested 

no mean difference between the nitrate loads under the two conditions. Therefore, we can infer 

with high confidence that SLR has a statistically significant effect on simulated nitrate loads in the 

Pamlico Estuary. Overall, the interaction between abiotic factors like precipitation and SLR and 

biotic factors such as microbial activity underscores the complex nature of nitrate dynamics in 

coastal watersheds (Bouwman et al., 2013). Understanding these interactions is crucial for 

developing effective management strategies to mitigate the impacts of nutrient loading and protect 

aquatic ecosystems in the context of ongoing climate change (Hamilton et al., 2016). 
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4. Conclusion 

This study presents a novel methodology to simulate the impacts of SLR on nitrate cycling and its 

effect on ecosystem health, specifically on nitrate export in the Tar-Pamlico River basin, using the 

SWAT+ model. We attempted to innovatively integrate adjustments for the effects of SLR on 

hydrological parameters and inputs, significantly enhancing the model's ability to project changes 

in nitrate loads due to these environmental changes. 

To simulate the effects of SLR in the SWAT+ model, we adjusted parameters related to land 

use, crop databases, and HRUs to incorporate both primary impacts like land inundation and 

secondary impacts such as saltwater intrusion. Specifically, land uses at elevations below 0.3 

meters were reclassified to water, and SWAT+ parameters were adjusted for areas below 2.4 

meters to model the effects of increased soil salinity on crop yield and denitrification rates. The 

findings reveal that SLR significantly influences nitrate loads, with an observed increase in nitrate 

transport to the Pamlico Estuary, particularly during wetter seasons. The introduction of SLR into 

the SWAT+ model facilitated a detailed analysis of how altered hydrological dynamics and 

increased salinity affect agricultural productivity and ecosystem health. 

This study acknowledges the limitations of SWAT+, particularly its inability to simulate 

backflow, and recognizes that our approach to modeling land processes under SLR conditions may 

not be definitive. However, this research represents a crucial first step toward integrating SLR 

impacts into the SWAT+ framework, providing a foundation for further refinement and 

development by hydrological modelers. 

Appendix 1: https://github.com/EtheridgeLab/Tar_Pam_SWAT/blob/main/Appendix1.docx 
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Abstract 

In this paper, we propose a concise framework that integrates stakeholder insights, specifically 

from farmers, into hydrological modeling (Soil and Water Assessment Tool Plus, SWAT+), to 

enhance the efficacy of potential watershed management policies. By incorporating farmers' 

behavioral responses to policy changes within the SWAT+ model, we bridge the gap between 

econometric and hydrological modeling. This interdisciplinary approach captures the dynamic 

interactions between stakeholders and ecosystem health, offering a novel perspective on 

environmental management. Our methodology includes surveys to gauge farmers' reactions to 

policy changes and quantify the adoption of agricultural best management practices, forecasting 

the impact of policy changes on land management and subsequent impacts on ecosystem health. 

This integration facilitates a more realistic representation of socio-environmental systems, 

underscoring the importance of aligning policy interventions with the practical realities faced by 

those directly affecting and interacting with the ecosystems. Through this framework, we propose 

a pathway towards more effective and sustainable environmental policies, emphasizing the critical 
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role of incorporating stakeholder perspectives into model development and decision-making 

processes. 

Keywords 

Socio-hydrological modeling, Stakeholder engagement, Behavioral econometrics, Policy 

development, Ecosystem health 

 

1 Introduction 

1.1 Context and challenge 

The evolving landscape of environmental challenges underscores a pressing need to incorporate 

social dynamics into hydrological modeling (Archfield et al., 2015). Traditional models, primarily 

focused on physical and biological processes (Vereecken et al., 2016), often oversimplify or 

overlook the complex interplay between human activities and natural systems (Blair & Buytaert, 

2016). This oversight is particularly consequential in coastal ecosystems, where the confluence of 

land and water creates unique environmental settings (Garcia 2003; Kelly et al., 2018). These areas 

are not only hotspots for biodiversity but also for human settlement (Kong et al., 2021) and 

economic activities (Marchese 2015), making them especially vulnerable to the impacts of land 

use changes (Li et al., 2007), pollution (Blanchard & Lerch, 2000), and climate change (Schulze, 

1997). 

Hydrological modelers attempt to simulate the complex relationship between water systems 

and land management (McGrane, 2016), where human activities like agriculture (Curk & Glavan, 

2021) and urban development (Salvadore et al., 2015) impact water quality (Keller et al., 2023) 

and ecosystem health, and vice versa (Qiu et al., 2021). Integrating social dynamics into 
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hydrological models without losing scientific accuracy or efficiency poses a significant challenge, 

as factors like human decision-making, cultural norms, and socioeconomic conditions could 

introduce variability and unpredictability in model simulations (Xu et al., 2018). Ecosystems, 

affected by human actions and natural factors (Zhao et al., 2023), should use a new approach to 

modeling that combines social sciences (Forrester et al., 2014), economics (Bockstael et al., 1995), 

and traditional hydrology (Walters, 1997) for models that accurately reflect socio-environmental 

interactions (Lawyer et al., 2023; Tanim et al., 2022). 

Incorporating social dynamics into hydrological models improves their relevance for 

policymaking (Blair & Buytaert, 2016) providing insights into the impact of interventions on both 

ecosystems (Elsawah et al., 2017) and communities (Givens et al., 2018). This holistic approach 

helps anticipate the outcomes of management actions (Mostert, 2018), leading to better 

environmental stewardship (Sivapalan et al., 2012) and sustainable management of coastal land 

and ecosystems (Kumar et al., 2020). Thus, integrating social factors into modeling is crucial for 

sustainable land management (De Jonge, 2012). 

1.2 Objective 

This work introduces a conceptual framework for integrating socio-economic aspects into 

hydrological modeling, aiming to improve model accuracy and policy relevance. By combining 

social and hydrological sciences, the framework enhances sustainable land management by 

considering human impact on downstream systems, increasing the likelihood that adopted 

strategies are environmentally and socio-economically sustainable. 

1.3 Significance 

Integrating socio-hydrological elements into hydrological models can enhance both theoretical 

understanding and practical application, leading to more accurate and policy-relevant outcomes 
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(Mostert, 2018; Troy et al., 2015). Such an approach recognizes the interconnectedness of water 

systems with human actions, improving model realism by accounting for human variability 

(Schlueter et al., 2012). Practically, successful integration could make water management policies 

more effective by addressing the root causes of issues (Jønch-Clausen, 2004), predicting human 

responses (Srinivasan et al., 2017), and supporting sustainable practices (Sivapalan et al., 2014). 

This approach has the potential to promote scientifically robust (Vogel et al., 2015), socially 

equitable (Mirza & Mustafa, 2016), and economically viable strategies (Sivapalan, 2015), 

improving stakeholder engagement and policy success (Xu et al., 2018). 

 

2 Theoretical Background of Socio-Hydrological Integration 

2.1 Socio-hydrology 

Socio-hydrology studies the interaction between human societies and water systems, examining 

how human activities affect hydrology and how water changes influence human life (Sivapalan et 

al., 2012). It views water as essential for ecosystems, agriculture, and economies, while examining 

human impacts on the hydrological cycle (Abbott et al., 2019). As global anthropogenic challenges 

like population growth and climate change intensify water issues, socio-hydrology's holistic 

approach combines social and hydrological sciences to foster sustainable water management, 

guiding the creation of policies that meet both human and environmental needs (Levy et al., 2016; 

Pande & Sivapalan, 2017). 

Integrating socio-economic perspectives with hydrology is key to solving complex water issues 

beyond just technical means, addressing water conflicts, ecosystem degradation, and community 

resilience to floods and droughts (Everard, 2019; Pande et al., 2020). Socio-hydrology identifies 



Chapter 3a 

104 

 

change drivers and promotes adaptive, inclusive water management (Xu et al., 2018). This 

emphasizes the need for interdisciplinary research and collaborative policymaking to address 

challenges at the intersection of water and society (Krueger et al., 2016). 

2.2 Challenges of integration 

Combining social science with hydrological modeling faces challenges due to different approaches 

and scales (Xu et al., 2018). Modeling complex human behavior and integrating it with 

hydrological process models is difficult because of the inherent unpredictability and non-linearity 

of social systems.  (Blair & Buytaert, 2016). Developing new tools that accommodate both 

(quantitative and qualitative) social data and quantitative hydrological data is challenging, given 

the varying temporal and spatial scales of social and hydrological processes (Fischer et al., 2021). 

The integration of social variables into hydrological models is hindered by the scarcity, 

inconsistency, or absence of social data, posing significant challenges for accurate modeling 

(Brunner et al., 2021; Muñoz-Carpena et al., 2023). Furthermore, effective interdisciplinary 

collaboration is difficult due to differences in terminology and concepts between fields (Moirano 

et al., 2020). Validating socio-hydrological models also presents difficulties, as traditional 

hydrological validation methods do not suit models with social dynamics, necessitating new 

approaches to ensure model reliability (Iwanaga et al., 2020). Overcoming these challenges 

demands innovative and interdisciplinary efforts. 

 

3 Econometric Modeling in Socio-Hydrological Contexts 

3.1 Basics  

Econometric modeling, the use of statistical methods to analyze economic data (broadly defined), 

is a key component of the socio-hydrological framework, allowing researchers to understand how 
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economic policies affect water-related human behaviors (Alamanos & Zeng, 2021; Bertassello et 

al., 2021). Economic data is defined as data on individuals’ resource allocation decisions, and as 

such involves a wide array of financial and non-financial human decision-making. Econometric 

modeling quantifies the impact of policies on resource use and management, aiding in forecasting 

policy outcomes (McColl & Aggett, 2007; Daneshi et al., 2021). By examining the effects of 

economic incentives on water conservation practices and land use changes, econometric modeling 

helps create realistic models that blend human decision-making into hydrological simulations 

(Castro & Lechthaler, 2022; Ovando & Brouwer, 2019). This integrated approach is vital for 

devising effective land management strategies that account for both environmental processes and 

socio-economic factors. 

3.2 Advantages  

Incorporating econometric insights into hydrological models enhances their utility by improving 

human behavior predictions, enabling data-driven policy impact assessments, and fostering an 

interdisciplinary approach to land management (Dinar, 2024; Jarvis et al., 2013). This integration 

allows for targeted policy design by explaining the socio-economic drivers of land use and 

evaluating various policy effects on both human behavior and hydrological systems (Conrad, 2016; 

Ovando & Brouwer, 2019). Such integration bridges the gap between social science and hydrology, 

leading to a comprehensive understanding of the interaction between ecological processes and 

socio-economic factors, and thus promoting holistic solutions to water challenges (Anderson et al., 

2019; Di Baldassarre et al., 2019). In human-dominated watersheds, a resource management 

policy’s impact on the environment is heavily mediated through the ways in which the policy alters 

human action. By adding a layer of social realism, econometric modeling turns hydrological 



Chapter 3a 

106 

 

models into more dynamic and relevant tools for addressing water management issues (Jarvis et 

al., 2013; Liu et al., 2019). 

 

4 Framework for Integrating Engineering and Economic Models 

4.1 Methodological overview 

Payment for ecosystem services (PES) programs are a recent policy approach designed to 

incentivize the adoption of agricultural best management practices (BMPs). PES programs offer 

financial compensation to landowners for the voluntary implementation of BMPs and other 

ecosystem services (Ma et al., 2012). There have been several PES programs implemented by the 

USDA designed to reduce agricultural nutrient pollution, such as the Conservation Reserve 

Enhancement Program (CREP), Conservation Stewardship Program (CSP), and Environmental 

Quality Incentives Program (EQIP) (Howard et al., 2023). 

Survey data is often employed to study how stakeholders (in this example, farmers) would 

respond to a diverse set of PES alternatives. Discrete choice experiments can be included in 

surveys for this purpose. Discrete choice experiments require respondents to choose between two 

or more hypothetical alternatives. Each alternative differs along a variety of attributes. For 

example, a farmer may be asked to choose between two hypothetical conservation contracts, which 

present different requirements for the adoption of BMPs and varying levels of compensation, and 

a third option of rejecting both contracts. This methodology can be applied to a wide range of 

contexts including other hypothetical policy scenarios.  

By thoughtfully and methodically varying the alternatives presented in a discrete choice 

experiment, the choice data can be used to tease out how each element of a choice (in discrete 
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choice modeling parlance, each attribute) impacts a decision maker’s willingness to choose a given 

alternative. This process, typically done with a logistic regression model, has been replicated 

several times in the socio-hydrological context of land-owner preferences for adopting BMPs 

(Beharry-Borg et al., 2013; Howard et al., 2023; Kaczan et al., 2013; Raes et al., 2017).  

By far, the most common application of econometric modeling in the socio-hydrological 

context is through the random utility maximization (RUM) model (Manski, 1977). The RUM 

framework posits that the utility a decision maker receives from an alternative is a function of a 

set of observable (to the researcher) characteristics and an unobserved random component. This 

framework can account for heterogeneity in preferences for observable factors, such as 

demographics and attitudes, and is particularly useful when the survey sample is diverse. The 

random utility model utilizes discrete choice experiment data and maximum likelihood (or 

maximum simulated likelihood) estimation to generate marginal utility estimates for each element 

of the observable characteristics of a choice. While utility is an abstract concept of well-being or 

satisfaction, these estimates are valuable for calculating probabilities that an alternative will be 

selected as well as willingness-to-accept (WTA) values. In the context of PES contracts, the 

willingness to accept value for a given alternative represents the minimum compensation necessary 

to induce the decision maker to agree to the PES contract.  

Assuming the sample that is used to parameterize one’s econometric model is representative 

of the target population, it is a relatively straightforward exercise to project the number of people 

who would adopt or reject a hypothetical policy. In the context of environmental subsidies or PES 

contracts, the people who adopt the policy are those whose estimated WTA values are below the 

payment offered by a policy. This method is demonstrated by Howard et al., (2023), who examine 

participation in agricultural conservation programs in Iowa. 
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The theoretical integration of engineering models (Figure 3a.1), such as SWAT+ (Soil and 

Water Assessment Tool Plus), with econometric models presents a methodological advancement 

in socio-hydrological modeling. This integration is designed to capture the complexity of 

interactions between human behaviors, policy interventions, and hydrological systems. The 

framework proposed here operates on a modular basis, where each model—engineering and 

econometric—functions as an independent module that interacts through well-defined interfaces. 

 

Figure 3a.1 Framework for Integrating SWAT+ and Econometric Models in Socio-Hydrological 

Studies 
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At its core, the SWAT+ model provides a detailed simulation of hydrological processes 

(Wagner et al., 2022), including water flow, sediment transport, and nutrient cycling across a 

watershed (Van et al., 2021). While highly effective at these goals, SWAT+ provides little to no 

insight into how land use and land management practices will change in response to policy stimuli. 

Econometric models quantify the influence of socio-economic factors on human decisions, 

including how changes in policy or environmental conditions might affect land use, agricultural 

practices, and water usage (Zessner et al., 2017). The integration process of these two modeling 

frameworks involves aligning the outputs of econometric models—essentially predictions of 

human behavior and land use change—with the input requirements of SWAT+, thereby enabling 

the hydrological model to simulate the effects of these socio-economic changes on water systems. 

This methodological integration is facilitated by a data exchange layer, which translates the 

econometric model's outputs into parameters and variables that are understandable and usable by 

SWAT+. For instance, changes in crop planting decisions, derived from the econometric model, 

are input into SWAT+ as changes in land cover, which then influences runoff, evapotranspiration, 

and nutrient loading in the simulation. Similarly, policy changes affecting water usage or 

conservation practices are reflected in SWAT+ through adjustments to irrigation practices or the 

implementation of BMPs. A key advantage of this modular approach is its flexibility; the 

framework can be adapted or expanded to include additional models or data sources as new 

information becomes available or as research objectives evolve. Moreover, this integration allows 

for iterative refinement, where outputs from the combined model can inform further adjustments 

to the econometric assumptions or SWAT+ parameters, enhancing the overall accuracy and 

relevance of the socio-hydrological analysis. This methodological overview underscores the 

framework's potential to provide comprehensive insights into the reciprocal influences of human 
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activities and natural systems, thereby supporting more informed and effective resource 

management and policy development. 

4.2 Potential applications 

The integrated framework merging SWAT+ engineering models with econometric models 

facilitates addressing complex environmental and policy issues through a multidisciplinary lens. 

This approach enables detailed analysis of the interaction between human activities and water 

systems, supporting informed water resource management decisions. 

Impact Assessment of Agro-environmental Policies: Evaluates how agricultural policy changes 

affect farming practices and their impact on water quality and flow. 

Water Resource Management Under Climate Change: Assesses the effects of climate change on 

water availability and demand, supporting the development of adaptive strategies. 

Urbanization and Its Hydrological Impacts: Examines the hydrological effects of urban expansion, 

aiding in flood risk mitigation and sustainable urban development. 

Ecosystem Services Valuation: Quantifies the economic benefits of ecosystem services related to 

water systems, guiding investments in conservation. 

Stakeholder Engagement in Water Governance: Simulates participatory governance models to 

explore consensus-building and collaborative management approaches. 

Evaluation of Water Conservation Measures: Analyzes individual and societal responses to water 

conservation policies, essential for managing water scarcity. 
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4.3 Broader Implications 

This integrated modeling framework significantly impacts sustainable coastal management and 

climate adaptation strategies. It can partially evaluate the impacts of saltwater intrusion on farmers’ 

land use and land management. For climate adaptation, it assesses water management strategies 

under future climate scenarios, considering both environmental sustainability and social equity. 

By integrating engineering and economic models, this approach enhances policy-making, land use 

planning, and ecosystem management (Boulanger & Bréchet, 2005). By offering a holistic view 

of human-nature interactions to inform adaptive, this framework can better inform strategies for 

environmental change and socio-economic development. 

 

5 Conclusion and Future Directions 

In summary, our theoretical exploration into Stakeholder-Driven Socio-Hydrological Modeling 

illuminates the critical importance and vast potential of integrating socio-hydrological models for 

enhancing land management and policy-making. This integration bridges the gap between 

hydrological science and social dynamics, thereby enabling policies that are more attuned to the 

complexities of human-environment interactions. Despite its promise, this approach faces 

theoretical and practical limitations, including the challenge of accurately modeling human 

behavior and the need for high-quality, socio-economic data. These hurdles underscore the 

importance of interdisciplinary collaboration across hydrology, social sciences, and economics to 

advance our methodological approaches. Future research should focus on refining these integration 

techniques, improving data acquisition and validation strategies, and exploring innovative ways to 

incorporate stakeholder insights into hydrological models.  
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Abstract:  

Eutrophication poses a significant threat to ecosystems, necessitating effective policies to mitigate 

nutrient excess. This study adopts an interdisciplinary approach, merging concepts from 

econometric and engineering frameworks to develop a socio-hydrological model. Integrating a 

farmers' behavioral model into the hydrological model, the study surveyed around 279 farmers in 

the Tar-Pamlico River Basin to gauge their responses to policy changes of cover crop adoption and 
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reduced fertilizer use. Analysis revealed that the majority of farmers are hesitant to adopt these 

practices based on farmers' Willingness To Accept (WTA). Further, simulations using the Soil and 

Water Assessment Tool Plus (SWAT+) software showed no significant reduction in nitrate loading 

to the Pamlico Estuary from the widespread adoption of these practices, with both cover crops and 

reduced fertilizer application failing to produce noticeable changes, underscoring the limitations 

of the modeled Best Management Practices (BMPs) at the watershed scale. 

The study highlights the complexity of nutrient transport in coastal watersheds and suggests 

exploring combined BMPs and integrating socio-hydrological modeling for more accurate 

predictions of agricultural policy impacts. It emphasizes the need to consider alternative nitrate 

sources and scale-up interventions to effectively address eutrophication. By bridging econometric 

and engineering frameworks, this research provides insights into the challenges of implementing 

sustainable agricultural practices and underscores the importance of interdisciplinary approaches 

in tackling environmental issues. 

 

Study Area: 

Tar-Pamlico Watershed, North Carolina, United States. 

 

Keywords:  

Socio-hydrological modeling; Best Management Practices (BMPs); Farmers' behavioral model; 

SWAT+; Eutrophication; Ecosystem health; Nitrate load. 

 



Chapter 3b 

125 

 

Highlights: 

1. Integrating hydrological and economic models reveals complex dynamics in nutrient 

management, emphasizing the need for interdisciplinary policy frameworks. 

2. Despite incentives, farmers show limited willingness to adopt strict nitrogen limits, 

highlighting economic and behavioral barriers in sustainable agriculture. 

3. Hydrological models overestimate nitrogen reduction benefits by 15 times, underscoring 

the need for models that incorporate socio-economic factors for accuracy. 

 

Graphical Abstract: 
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1. Introduction: 

In recent decades, anthropogenic climate change — climate change induced by human activities 

— has substantially altered watershed dynamics worldwide (Chang et al., 2015; Palmer et al., 

2008). This change is due to human activities such as burning fossil fuels (Höök et al., 2013), 

excessive use of fertilizers (Celikkol et al., 2017), development of water diversion networks (Bai 

et al., 2023), and intensive agriculture (Lal 2013). Rising temperatures (Luo et al., 2013), shifting 

precipitation patterns (Coopersmith et al., 2014), and the increasing frequency and intensity of 

extreme weather events (Hettiarachchi et al., 2018), such as hurricanes (Ouyang et al., 2022) and 

droughts (Peterson et al., 2021), are influencing watershed hydrology by altering river flow 

regimes (Gibson et al., 2005), groundwater recharge rates (Nolan et al., 2007), and soil moisture 

content (Hawley et al., 1983). These hydrological changes can intensify the issues of excessive 

nutrients in water bodies (Petry et al., 2002), primarily from agricultural runoff (Cherry et al., 

2008) and urban development (Reckhow et al., 1999). Higher temperatures can enhance the 

biological demand for oxygen in water bodies, exacerbating the effects of nutrient pollution, such 

as accelerated eutrophication (Cross & Summerfelt 1986). This process can lead to harmful algal 

blooms (Wurtsbaugh et al., 2019), hypoxia (Howarth et al., 2011), and loss of biodiversity (Hautier 

et al., 2009), undermining the health of aquatic ecosystems and affecting water quality for 

recreation and wildlife (Kapsalis & Kalavrouziotis, 2021).  

Implementing agricultural Best Management Practices (BMPs), such as the strategic use of 

cover crops and the reduction of chemical nitrogen (N) fertilization rates, offers a targeted 

approach to mitigating the threat of excess nutrient loads in watersheds (Howard et al., 2024). 

Cover crops, planted during times when the soil might otherwise be bare, play a crucial role in 

improving soil structure, enhancing water infiltration, and increasing soil organic matter (Dabney 
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et al., 2001). This leads to reduced runoff and erosion, thereby limiting the flow of nutrients into 

adjacent water bodies. Moreover, certain cover crop species have the ability to capture residual 

nitrogen from previous crop fertilization. This can effectively reduce nitrate leaching into 

groundwater and surface waters (Wendling et al., 2016). Reducing the application rate of nitrogen 

fertilizers directly addresses a source of nutrient pollution (Shibu et al., 2010). This practice not 

only reduces the risk of nitrate runoff into aquatic ecosystems but also encourages more efficient 

use of fertilizers, resulting in economic benefits for farmers (Howard et al., 2024). Together, these 

BMPs have the potential to contribute significantly to reducing excessive nutrients in agriculturally 

dominated watersheds, thus improving water quality and supporting the health of aquatic 

ecosystems as we adapt to the impacts of climate change (Dabney et al., 2001; Shibu et al., 2010). 

Hydrological modeling, particularly using advanced tools like Soil and Water Assessment 

Tool Plus (SWAT+), plays a pivotal role in evaluating the efficiencies of agricultural BMPs. By 

simulating complex watershed processes, SWAT+ can assess how different BMP scenarios impact 

water quantity and quality across various spatial and temporal scales (Singh et al., 2023). This 

includes the ability to model the effectiveness of cover crops in reducing runoff and enhancing 

infiltration, as well as quantifying the impact of reduced nitrogen application rates on nitrate 

leaching into water bodies. SWAT+ allows for the exploration of BMP placement and timing under 

varying climatic and land use conditions, offering insights into how these practices can be best 

implemented to achieve maximum environmental benefits (Naganur et al., 2024). The model's 

capacity to predict environmental outcomes of specific agricultural practices provides a valuable 

decision-support tool for policymakers, land managers, and farmers aiming to mitigate nutrient 

pollution and improve watershed health in a changing climate (Naganur et al., 2024; Singh et al., 

2023).  
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Incorporating stakeholders' perspectives into hydrological modeling is essential to ensure that 

model outputs align with real-world conditions and stakeholder needs (Veisi et al., 2022). While 

tools like SWAT+ have been proven to simulate physical processes, they often fall short of fully 

capturing the socioeconomic factors that influence the adoption of BMPs by land managers 

(Howard et al., 2024). Through the integration of stakeholder engagement and econometric 

modeling, particularly farmer behavioral models, model simulations can be grounded in practical 

realities and enhance the accuracy of model predictions. This methodology facilitates the 

identification of socially acceptable and economically viable BMPs, leveraging statistical methods 

to quantify how economic, environmental, and policy factors affect farmers' decision-making. 

Ultimately, this has the potential to spur wider adoption of sustainable practices and more effective 

watershed management strategies, bridging the gap between physical process simulation and the 

socio-economic dynamics of agricultural practice adoption (Behboudian et al., 2023; De Bruijn et 

al., 2023). 

In response to the outlined challenges, this study will undertake a multifaceted approach that 

combines nitrate modeling with an evaluation of the effectiveness of cover crops and reduced 

nitrogen application rates in mitigating downstream nutrient loading. Recognizing the importance 

of socio-economic factors in the adoption and success of BMPs, this research will also integrate 

stakeholder views through farmers' behavioral models. This will ensure that the modeling not only 

reflects physical and biological processes but also incorporates the decision-making behaviors of 

land managers. Finally, by comparing the outcomes of traditional hydrological modeling with 

those informed by a farmer behavioral model, this study aims to highlight the added value of 

embedding social dynamics into hydrological models. Such an integrative approach should 

enhance the accuracy of model predictions and provide actionable insights for policymakers, 
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ultimately contributing to more effective and sustainable watershed management strategies in the 

face of ongoing climate change. 

1.1. Study objectives: 

The objectives of this study are: 1) To develop and optimize a hydrological model for the Tar-

Pamlico watershed in coastal North Carolina using SWAT+; 2) To implement cover crops and 

reduced N-fertilizer application rate and find their impact on nitrate loading at Pamlico estuary 

using the hydrological model; 3) To survey farmers in the watershed to identify their responses to 

policy changes; 4) To develop a farmers' behavioral model to identify their willingness to accept 

cover crops and reduced N-fertilizer application under the current EQIP rate; 5) To integrate the 

hydrological model (engineering framework) and the farmers' behavioral model (econometric 

framework) to develop a socio-hydrological model; 6) To test the impacts of different policies on 

ecosystem health using this socio-hydrological model. 

 

2. Materials & Methodology:  

2.1 Study Area 

In this study, we applied our socio-hydrological modeling framework to the Tar-Pamlico 

watershed (Figure 3b.1), a coastal area in eastern North Carolina covering 16,576 km2. This 

watershed, characterized by its diverse land use including agriculture (27.9%), forests (33.9%), 

and wetlands (31.9%), supports a variety of crops with soybeans (40%), corn (19%), and cotton 

(19%) the predominate agricultural crops. With a population of 470,000, the Tar-Pamlico 

watershed plays a significant role in discharges to the Pamlico estuary, an area currently facing 

challenges with algae blooms attributed to excessive nitrate levels. By implementing our 
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methodology in this watershed, we aim to explore the ability of different BMPs to address the 

critical issue of elevated nutrient loads, thereby contributing to the overall health of the ecosystem 

and mitigating the adverse effects on the Pamlico estuary. 

Figure 3b.1 Study Area (Tar-Pamlico watershed) 

 

2.2 Hydrological model: Engineering Framework 

We used the SWAT+ tool for hydrological modeling. SWAT+ is designed to provide 

comprehensive modeling of watershed and sub-watershed dynamics (SWAT+ IO Document, 

2020). It serves as a critical tool for decision-making in water resource management, agricultural 

planning, and environmental conservation, offering insights into the effects of land management 
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practices on water quality and agricultural productivity (Bieger et al., 2017; Wu et al., 2023). By 

enabling the simulation of complex environmental processes, SWAT+ supports policy 

development and planning. SWAT+ uses a semi-distributed hydrological framework and enhanced 

spatial flexibility compared to SWAT (SWAT+ IO Document, 2020). Particularly noteworthy is 

its capability to simulate flow and nutrient dynamics, including detailed analyses of plant yield, 

denitrification rates, and nitrate loss in groundwater, surface water, and lateral flows. This 

precision allows for the evaluation of the impacts of climate change and land use changes on water 

resources, making SWAT+ a great tool for future resource planning and environmental protection 

efforts (SWAT+ IO Document, 2020). 

For SWAT+ model setup, we utilized various data sources to represent watershed 

characteristics accurately. Watershed boundary shapefiles were obtained from the United States 

Geological Survey (USGS) StreamStats website. The model was initialized using Digital Elevation 

Model (DEM) data (year: 2011), land-use and land-cover data from the National Land Cover 

Database (NLCD) (year: 2008), and soil data from the Soil Survey Geographic Database 

(SSURGO) (year: 2015), all at a 90m resolution. These datasets were integrated into QSWAT+ to 

delineate streams, sub-basins, and Hydrological Response Units (HRUs), essential for simulating 

the complex hydrological processes within the watershed. We included atmospheric deposition 

data from the National Atmospheric Deposition Program (NADP, 2023). We integrated crop data 

and fertilizer application rates into the SWAT+ model setup based on Tar-Pamlico watershed 

reports from the North Carolina Department of Environmental Quality (NCDEQ) and the North 

Carolina Department of Agriculture & Consumer Services (NCDEQ, 2014; NCGAR, 2022). These 

datasets provided detailed information on agricultural practices within the watersheds, including 

types of crops grown, the extent of winter cover crop adoption, and specific fertilizer usage rates. 
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Incorporating this information was crucial for more accurately simulating agricultural runoff and 

nutrient loading, allowing for a more comprehensive assessment of the watershed's hydrology and 

nutrient dynamics. The Tar-Pamlico watershed contains a total of 22 Wastewater Treatment Plants 

that were included in the model. We retrieved flow and nitrate data for each Wastewater Treatment 

Plant from National Pollutant Discharge Elimination System (NPDES) (National Pollutant 

Discharge Elimination System (NPDES) | US EPA). All these details were added to increase the 

accuracy of flow and nitrate simulations. 

We obtained observed flow data from USGS stations at Greenville (02084000) and at 

Washington (02084472). Flow data at Washington station is available only before September 2006. 

As our nitrate data is available in Washington, we extrapolated our flow data at the Washington 

station based on flow at the Greenville station because there was a strong linear correlation.  The 

linear regression equation (Flow at Washington = 1.0176 × flow at Greenville + 27.5774) with an 

R2 of 0.90 indicate that approximately 90% of Washington's discharge variability can be estimated 

from Greenville's data, offering a reliable method for compensating the data scarcity at 

Washington. Nitrate concentration data were obtained from the North Carolina Department of 

Environmental Quality (NCDEQ). We calculated monthly nitrate load at Washington using nitrate 

concentrations and extrapolated flows (Appendix 1). Because SWAT+ cannot handle the 

bidirectional flow (SWAT+ IO Document, 2020), we converted any negative flows (0.39%) from 

our observed flow data file to zero. This ensured that we simulated flow as low as possible during 

the days of backflow. 

2.2.1. SWAT+ model calibration 

We used the SWATrunR package (Schuerz 2019) to calibrate the SWAT+ model, with a focus on 

simulating flow and nitrate load at the Washington station. Our calibration efforts focused on a set 

https://www.epa.gov/npdes
https://www.epa.gov/npdes
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of 21 parameters crucial for accurately representing hydrological processes based on sensitivity 

analysis (Appendix 1) and the existing literature. These parameters were distributed across the 

basin, soil, HRU, and aquifer levels, with 6 basin parameters, 4 soil parameters, 10 HRU 

parameters, 2 plant parameters, and 1 aquifer level parameter as shown in Table 3b.1. We 

customized an R script, using the SWATrunR package as a foundation (Appendix 1). 

We employed the parameter adjustment methods of absolute change (x' = x + y), percent 

change (x' = y * x / 100), and absolute value (x' = y), where x represents the default value, x' 

denotes the new value, and y signifies the calibrated parameter value. The selection of these 

adjustment types depended on both the parameter's resolution and its initial range. For instance, 

when dealing with basin-level parameters, we predominantly utilized absolute value adjustments. 

Additionally, the choice between absolute and percentage changes was determined by the 

magnitude of the parameter's range: for narrow ranges, absolute changes were preferred, while 

percentage changes were favored for wider ranges. This approach facilitated targeting a broad 

range of parameter combinations during model calibration, ensuring flexibility to adjust 

parameters effectively across varying resolutions and initial ranges (Table 3b.1). 
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Table 3b.1 SWAT+ model optimization parameters details [bsn: Basin, sol: Soil, hru: Hydrological Response Unit, plt: Plant] 

Parameter Parameter 

Range (Unit) 

Resolution Type of 

Change 

Description Initial range 

used for model 

calibration 

(min, max) 

Calibrated 

parameter 

value 

surlag 0.05, 24.0  

(days) 

bsn Absolute 

Value 

Surlag Controls delay in surface runoff release 0.05, 24 3.574 

cmn 0.001, 0.003  

(-) 

bsn Absolute 

Value 

Rate factor for humus mineralization of organic nutrients 0.001, 0.003 0.0018 

cdn 0.0, 3.0 

(-) 

bsn Absolute 

Value 

Denitrification rate control 0, 3 2.261 

sdnco 0.0, 1.0  

(-) 

bsn Absolute 

Value 

Denitrification threshold water content 0, 1 0.559 

nperco 0.0, 1.0  

(-) 

bsn Absolute 

Value 

Nitrate percolation coefficient 0.01, 1 0.080 

n_updis 0.0, 100.0  

(-) 

bsn Absolute 

Value 

Nitrogen uptake distribution parameter controlling depth 

distribution of nitrogen uptake in soil 

0, 100 49.233 

awc 0.01, 1.0 

(mm H2O mm-1) 

sol Absolute 

Change 

The difference in soil water content between field capacity 

and permanent wilting point 

-0.3, 0.3 0.081 

bd 0.9, 2.5  

(g cm-3) 

sol Absolute 

Change 

Moist bulk density, representing soil's mass-to-volume ratio 

at or near field capacity. 

-0.4, 0.8 0.271 

k 0.0001, 2000.0 

(mm hr-1) 

sol Percent 

Change 

Saturated hydraulic conductivity, indicating the ease of 

water movement through soil 

-30, 30 -4.024 

z 0.0, 3500.0  

(mm) 

sol Percent 

Change 

Depth from soil surface to bottom of layer   -30, 30 1.469 

esco 0.0, 1.0  

(-) 

hru Absolute 

Change 

Soil evaporation compensation factor which allows 

modification of depth distribution to meet soil evaporative 

demand, considering capillary action, crusting, and cracks. 

-0.3, 0.3 -0.069 

epco 0.0, 1.0  

(-) 

hru Absolute 

Change 

Plant uptake compensation factor which allows adjustment 

of water uptake depth distribution in response to plant 

transpiration demand and soil water availability. 

-0.3, 0.3 -0.114 

biomix 0.0, 1.0  

(-) 

hru Absolute 

Change 

Biological mixing efficiency, determining redistribution of 

soil constituents by biota activity. 

-0.3, 0.3 -0.048 

latq_co 0.0, 1.0  

(-) 

hru Absolute 

Change 

Coefficient for the Plant ET curve number -0.3, 0.3 0.101 
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perco 0.0, 1.0  

(fraction) 

hru Absolute 

Change 

Percolation coefficient, adjusting soil moisture for 

percolation to occur. 

-0.3, 0.3 -0.272 

cn2 35.0, 95.0  

(-) 

hru Percent 

Change 

Curve number for Condition II runoff potential. -30, 30 12.283 

cn3_swf 0.0, 1.0  

(-) 

hru Percent 

Change 

Soil water factor for the curve number for condition III 

runoff potential 

-30, 30 -24.729 

ovn 0.01, 30.0  

(-) 

hru Percent 

Change 

Manning's "n" value for overland flow velocity estimation -30, 30 14.865 

canmx 0.0, 100.0  

(mm H2O) 

hru Percent 

Change 

Maximum canopy storage, representing the maximum 

amount of water held in the canopy when fully developed. 

-30, 30 -0.189 

lat_ttime 0.5, 180.0  

(days) 

hru Percent 

Change 

Lateral flow travel time allows the model to calculate travel 

time based on soil hydraulic properties. 

-30, 30 -19.100 

revap_min 0.0, 50.0  

(m) 

aqu Percent 

Change 

Threshold depth of water in shallow aquifer for percolation 

to deep aquifer 

-30, 30 7.659 

Lai_pot 0.5, 10 

(m2 m-2) 

plt Absolute 

Value 

Potential  maximum leaf area index NA Corn: 5 

Cotton: 2.5 

Soyb: 2.027 

Harv_idx 0.01, 1.25 

(-) 

plt Absolute 

Value 

Harvest index- crop yield/aboveground biomass NA Soyb: 0.418 
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2.2.2. Best Management Practices Simulation 

In this study, we simulated two commonly used best management practices: cover crops and 

reduced fertilizer application rates. We used winter wheat as the cover crop, which is commonly 

used in the Tar-Pamlico Basin. We planted the cover crop 14 days after harvesting the main summer 

cash crop. We terminated the cover crop prior to planting the summer crop the following spring. 

We applied a 30% reduction in nitrogen fertilizer use to simulate policies related to strict nitrogen 

application. 

2.3. Farmers’ behavioral model: Econometrics framework 

We conducted a survey (Appendix 1) among farmers in the Tar-Pamlico River basin and other 

coastal areas in eastern North Carolina to gauge farmers’ interest in voluntary conservation 

programs. Our goal was to use survey results to parameterize a behavioral model that predicts 

farmers' responses to various policy changes, especially concerning the provision of payments for 

cover crops and reductions in fertilizer usage. By incorporating scenarios that reflect aspects of 

existing and hypothetical agricultural support programs (i.e. Environmental Quality Incentives 

Program, or EQIP), the survey sought to capture farmers' perspectives on and likely response to 

potential policies and economic incentives, thereby bridging the gap between policymakers and 

farmers. 

The survey asked farmers about their specific farming practices, environmental concerns, and 

the potential impact of policy changes on these practices. This comprehensive approach was 

intended to gather insights into farmers' current challenges and their willingness to accept different 

practices in light of new policies or economic conditions. These surveys are increasingly common 

in agri-environmental policy analysis (Howard & Roe, 2013; Ma et al., 2012; Peterson et al., 2015). 
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2.3.1. Choice Experiment Design in Farmer Preference Survey 

The survey incorporated a choice experiment to gauge farmers' preferences for various 

hypothetical voluntary conservation contracts, aimed at reducing nutrient runoff (Figure 3b.2). 

This experiment varied five key attributes across different scenarios: cover crop usage (required 

or not), strict nitrogen application (mandatory or optional), lenient nitrogen application (mandatory 

or optional), funding agency (State and Federal government agencies or private conservation 

groups), and the annual payment amount ($10, $40, $70, $100, and $130 per acre; or $25, $99, 

$173, $247, and $321 per Ha). Each respondent was presented with two scenarios, each containing 

two conservation contracts and a "neither" option, allowing us to simulate real policy decisions 

(Figure 3b.2). 
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Figure 3b.2 Sample cost share contract  

 

We sent surveys to over 1870 farmers through a combination of solicitation via email, solicitation 

via postal mail, and direct engagement at farmer meetings in eastern North Carolina. Our primary 

method of contact involved mailings to farmer addresses. We utilized a mixed-mode web push 

approach that included an initial invitation to participate as well as a follow-up mailing to initial 

Scenario 1 
 

Please consider the terms of Programs A & B below for your field and answer the questions 

that follow as if a real conservation contract was being offered to you.  

 

 Program A Program B 

Limited Nitrogen Application  

 

Apply No more than 40 

lbs. per acre 

Apply No more than 60 

lbs. per acre 

Cover Crops (Planting a legume crop 

after harvesting the main cash 

crop) 

Must be planted after 

2023 harvest 
No Requirement 

Funding Source (who is providing the 

money and enforcing the 

contract) 

Private Conservation 

Group 

State and Federal 

Government Agencies 

Annual Cost Share Payment to You $130/acre $10/acre 

 

 

28.  Which program do you prefer? 

1 = Program A 2 = Program B 3 = Neither program   

 

29. How Certain are you about your choice? 

1 2 3 4 5 6 7 8 9 10 

 Not at all Certain           Very Certain 
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non-responders. This follow-up mailing included a paper survey and a pre-paid return envelope 

(Dillman et al., 2014). We received 279 responses, with 76 of these providing enough data to 

include them in the construction of the farmers' behavioral model. The vast majority of responses 

that did not provide sufficient data involved respondents indicating that they were no longer 

actively farming. These 76 responses, which represent up to 29 km2 of farmland, are particularly 

valuable for developing a model that accurately reflects farmer willingness to accept different 

agricultural practices under a voluntary conservation contract setting. 

The provided STATA code (Appendix 1) outlines an econometric analysis of the behavioral 

responses of farmers in North Carolina, grounded in the Random Utility Maximization (RUM) 

theory (Habib 2011). RUM theory specifies that the utility farmer i receives from, choosing 

alternative j in time period t, denoted Uijt, can be described as a function of the observed attributes 

Xijt and unobserved factors ϵijt (Howard et al., 2024). Thus, the utility function can be expressed as 

follows: 

Uijt=Xijtβi+ϵijt 

 

Where: 

• Xijt represents the attributes observed, including state funding presence, payment rate, strict 

nitrogen regulation, lenient nitrogen regulation, an alternative-specific constant for the “no 

contract” option, and cover crops utilization.  

• βi is a vector that represents preference parameters for the population, with the subscript i 

indicating that parameters may vary across individuals, thus accounting for heterogeneity 

in preferences among farmers. 



Chapter 3b 

140 

 

• ϵijt is the unobserved error term. 

To incorporate preference heterogeneity directly into the model, we utilize the mixed logit 

model. In this model, individual-specific deviation parameters ηi may be added: 

Uijt=Xijt(β+ηi)+ϵijt 

 

This means that individual i's preference parameter, βi is equal to the sum of the population 

average preference parameter a vector β and the individual-specific deviation parameter. For each 

attribute with preference heterogeneity, the model estimates a set of two parameters, one for the 

average preference in the population and one for the standard deviation of the individual deviation 

parameters (Gaur et al., 2023). 

Assuming the error term follows a Type-1 extreme value distribution with mean zero, the 

probability Pi{c1,c2,...cT} of individual i's sequence of choices [c1,c2,...cT] over T time periods (Gaur 

et al., 2023) is given by: 

𝑃{𝑐1,𝑐2,...𝑐𝑇} = ∫ [𝜋𝑡=1
𝑇  

exp(𝑋𝑖𝑚𝑡𝛽𝑖)

∑ exp(𝑋𝑖𝑚𝑡𝛽𝑖)
𝑀
𝑚=1

]  𝑓(𝛽 ∣ 𝜃)𝑑𝛽   

where: 

• Ximt represents the observed attributes of the alternatives available to farmer i in choice 

situation t, which includes factors from the survey such as the presence of state funding, 

payment rates, strict and lenient nitrogen application regulations, and the requirement of 

cover crops. 
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• βi is a vector of coefficients associated with the attributes Ximt, reflecting the mean 

preferences of the farmers but allowing for individual-specific deviations to capture 

preference heterogeneity. 

• f(β∣θ) is the density function of β, with θ being the parameters of the distribution, indicating 

how the preference parameters β are distributed in the population of farmers. 

• M is the number of alternatives available in the choice set. 

In refining our econometric model, we focused on allowing preference heterogeneity for the 

alternative specific constant (ASC) and cover crop utilization. Attempts to include heterogeneity 

for nitrogen application restrictions did not converge, suggesting limited variability in preferences 

for these attributes among the farmers surveyed. 

𝑉𝑖𝑗 = 𝛽𝑖𝑐1𝑆𝑡𝑎𝑡𝑒𝐹𝑢𝑛𝑑𝑖𝑛𝑔𝑃𝑟𝑒𝑠𝑒𝑛𝑐𝑒 + 𝛽𝑖𝑐2𝑃𝑎𝑦𝑚𝑒𝑛𝑡𝑅𝑎𝑡𝑒 + 𝛽𝑖𝑐3𝑆𝑡𝑟𝑖𝑐𝑡𝑁𝑖𝑡𝑟𝑜𝑔𝑒𝑛𝑅𝑒𝑔𝑢𝑙𝑎𝑡𝑖𝑜𝑛 +

𝛽𝑖𝑐4𝐿𝑒𝑛𝑖𝑒𝑛𝑡𝑁𝑖𝑡𝑟𝑜𝑔𝑒𝑛𝑅𝑒𝑔𝑢𝑙𝑎𝑡𝑖𝑜𝑛 + +𝛽𝑖𝑐5𝐴𝑙𝑡𝑒𝑟𝑛𝑎𝑡𝑖𝑣𝑒𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝐶𝑜𝑛𝑠𝑡𝑎𝑛𝑡 +

 +𝛽𝑖𝑐6𝐶𝑜𝑣𝑒𝑟𝐶𝑟𝑜𝑝𝑠_𝑈𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛     (3) 

2.3.2. Estimation of Willingness to Accept (WTA) 

In our survey of the farmers in the Tar-Pamlico basin, we presented choices between two 

hypothetical agricultural assistance programs alongside a status quo option of no contract. This 

enabled us to examine the impact of specific regulatory or funding conditions on farmers' 

willingness to implement environmentally beneficial practices. Utilizing the mixed logit model 

described in the previous section, we analyzed how these variables related to policy interventions, 

economic incentives, and environmental practices influence farmer choices, thus revealing insights 

into the decision-making processes that drive the adoption of sustainable agricultural practices 

(Howard et al., 2024). 
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The estimation of WTA is a critical element of our econometric framework, serving to gauge 

the minimum amount a farmer would accept to alter their current agricultural practice to 

incorporate a practice that is potentially less profitable but more environmentally friendly. It is 

derived from the utility differences provided by the mixed logit model's coefficients and is 

expressed mathematically as the monetary compensation required to offset the utility loss incurred 

by switching from the farmer’s current status-quo to a new situation where they accept an offered 

conservation contract. The WTA for policy j is calculated as: 

𝑊𝑇𝐴𝑖𝑗 =  
−(𝑈𝑖𝑗 − 𝑈𝑖 𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒)

𝛽𝑝𝑎𝑦𝑚𝑒𝑛𝑡,𝑖
 

In this formula, Uij represents the utility from accepting the conservation contract, Ui baseline 

is the utility for the current practice, and payment, βpayment,i is the coefficient for the policy payment 

attribute, which also represents the marginal utility of income changes. 

Our econometric analysis captures individual-specific preference deviations and the inherent 

randomness in farmers' responses to incentives, thus highlighting unique decision-making 

processes. The mixed logit model provides coefficients and standard errors for each contract 

attribute, which are essential for determining the marginal effects on farmer utility and calculating 

the likelihood of contract acceptance and overall Willingness to Accept (WTA). In essence, each 

farmer is assigned a draw from the distribution of farmer preferences estimated in the farmer 

behavioral model, so each farmer can potentially have a different simulated minimum WTA for a 

specified contract. These insights are vital for developing targeted policies and interventions that 

promote sustainability and economic efficiency, enhancing our understanding of agricultural 

practices and supporting resilience in farming communities (Howard et al., 2024). 
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2.4. Hydrological-Econometric models integration  

Integrating hydrological and econometric models is a crucial step toward achieving a 

comprehensive understanding of watershed dynamics and agricultural decision-making processes 

(Liu et al., 2008). By combining the insights gained from the farmers’ behavioral model with the 

SWAT+ hydrological model, we aim to develop an integrated framework that bridges the gap 

between policy interventions and on-the-ground agricultural practices (Du et al., 2020). By 

analyzing farmers' willingness to adopt these practices (cover crops and reduced N-rate 

application) based on the incentives offered (standard EQIP cost share rates), we aim to estimate 

the extent of land conversion for cover crops and reduced fertilizer application. This integration 

allows us to assess the effectiveness of incentive programs in promoting sustainable agricultural 

practices and inform policymaking for environmental conservation (Cheng & Li, 2015). 

Table 3b.2 outlines seven distinct scenarios simulated in this study. Scenario 1 serves as the 

baseline, involving no implementation of additional Best Management Practices (BMPs). Utilizing 

the findings from Scenario 1, we identified the top 12% of Hydrological Response Units (HRUs) 

for highest agricultural surface nitrate export for Scenarios 2 and 4, as well as the top 24% of 

HRUs for highest agricultural surface nitrate export for Scenarios 3 and 5. From an engineering 

perspective, these HRUs are considered the most optimal areas for BMP deployment to minimize 

the watershed's nitrate export effectively (Sheshukov et al., 2016). 

Scenarios 2, 3, and 6 explore the impacts of cover crops, while Scenarios 4, 5, and 7 examine 

the effects of a 30% reduction in N-fertilizer application rates across varying percentages of the 

Tar-Pamlico watershed. Scenarios 2-5 provide conservation contracts at current EQIP rates ($50 

per acre for N reduction, $75 per acre for cover crops) and simulate perfect adoption and land use 

change in the targeted HRUs. Scenarios 6 and 7 similarly offer the same conservation contracts to 
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the same targeted HRUs but use a farmer behavioral model to predict the proportion of farmers 

who will accept the offer and consequently, what percentage of HRUs will be converted. A 

comprehensive cost-benefit analysis was conducted to assess the expenditure associated with 

implementing these practices and the benefits gained through nitrogen loss reduction. 

Table 3b.2 Policy scenarios for hydrological and socio-hydrological modeling 

Policy Scenario Type of model Description 

Scenario 1 Hydrological Model Baseline 

Scenario 2 Hydrological Model Cover crops applied on 12% of the total 

agricultural land 

Scenario 3 Hydrological Model Cover crops applied on 24% of the total 

agricultural land 

Scenario 4 Hydrological Model 30% reduced N fertilizer application on 12% of 

the agricultural area 

Scenario 5 Hydrological Model 30% reduced N fertilizer application on 24% of 

the agricultural area 

Scenario 6 Socio-Hydrological 

Model 

Cover crops applied to areas based on the 

farmers' behavior model. 

Scenario 7 Socio-Hydrological 

Model 

30% reduced N fertilizer application to areas 

based on the farmers' behavior model. 
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3. Results and Discussion 

3.1. SWAT+ model optimization 

In this study, we evaluated the performance of the model for simulating monthly nitrate load at the 

Washington, NC station over two distinct periods (Figure 3b.3), a calibration period from 2003 to 

2011 and a validation period from 2012 to 2019. The model's ability to simulate nitrate loads 

similar to the observed values was assessed using three key performance indices: Nash-Sutcliffe 

Efficiency (NSE), the Coefficient of Determination (R²), and the Kling-Gupta Efficiency (KGE). 

During the calibration period, the model demonstrated a good level of accuracy in simulating 

nitrate loads, considering Tar-Pamlico is a coastal watershed (Upadhyay et al., 2022), achieving 

an NSE of 0.61, an R² of 0.61, and a KGE of 0.77. These metrics indicate a strong agreement 

between the observed and simulated data, suggesting that the model is well-calibrated and capable 

of capturing the key dynamics governing nitrate transport and retention within the Tar-Pamlico 

watershed (Upadhyay et al., 2022). 

 

Figure 3b.3 Simulated and observed nitrate load for calibration and validation 
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For the validation period, the performance indices indicated a moderate level of model 

accuracy, with an NSE of 0.33, an R² of 0.33, and a KGE of 0.39. While these values are lower 

than those observed during the calibration period, they still demonstrate the model's capacity to 

provide reasonable nitrate load predictions under varying conditions. The decline in performance 

indices during the validation period was likely due to uncertainties associated with the reduced 

frequency of observed data from 2012 to 2019 (Birgand et al., 2011). After 2010, the frequency of 

nitrate concentration sampling by NCDEQ shifted from daily to monthly. Between January 2003 

and December 2011, a total of 1,134 nitrate concentration measurements were collected, compared 

to only 88 data points during the validation period from January 2012 to December 2019. 

3.2. Farmers Behavioral Modeling: 

The results from the mixed logit model (Table 3b.3), based on 76 farmer survey responses, 

demonstrate statistically significant factors that influence farmers' choices regarding conservation 

contracts. Notably, the payment variable (Coef. = 0.0321, P < 0.000) indicates that money is a 

highly significant factor in the farmer’s decision to choose a conservation contract. Higher 

payment rates increase farmer utility and the probability of farmers accepting these contracts. This 

finding underscores the importance of financial incentives in promoting widespread conservation 

practices among farmers. The status-quo, or no contract, alternative specific constant (ASC) is also 

significant (Coef. = 3.161, P = 0.003), suggesting a general bias among farmers against choosing 

a conservation contract.  
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Table 3b.3: Mixed Logit Model Results 

Variable Coefficient Standard 

Error 

z-

value 

P-

value 

95% Confidence 

Interval 

Mean 
     

State funding presence .0108 .535 0.02 0.984 -1.037, 1.059 

Payment rate ($) .032 .009 3.54 0.000 0.014, 0.050 

Strict nitrogen regulation  

(lb/ acre) 

-2.134 .869 -2.45 0.014 -3.838, -0.430 

Lenient nitrogen 

regulation 

(lb/ acre) 

-1.11 .873 -1.27 0.203 -2.824, 0.599 

Alternative specific 

constant 

3.161 1.046 3.02 0.003 1.111, 5.211 

Cover crops utilization -.845 .971 -0.87 0.384 -2.749, 1.059 

Standard Deviation 
     

Alternative specific 

constant 

3.35731 1.188573 2.82 0.005 1.028, 5.687 

Cover crops utilization 2.849883 1.294219 2.20 0.028 0.313, 5.387 
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Conversely, the coefficient for the dummy variable representing strict nitrogen application 

limits (StrictNitrogenRegulation, Coef. = -2.134354, P = 0.014) is negative and statistically 

significant, indicating that contracts with stringent nitrogen application restrictions are less likely 

to be chosen by farmers. This result may highlight concerns among farmers about the feasibility 

or economic implications of significantly reducing nitrogen use on their crops. The standard 

deviations for ASC (SD = 3.357, P = 0.005) and cover crops (SD = 2.8499, P = 0.028) are 

significant, illustrating variability in farmers' preferences for these contract attributes. This 

heterogeneity suggests that while some farmers may be more inclined towards contracts that 

include these features, others may have a strong preference against them, highlighting the need for 

flexible policy designs to accommodate diverse farmer preferences (Howard et al., 2024). 

Although some of the management practice attributes do not achieve statistical significance, all 

mean coefficient estimates maintain the expected negative sign. This indicates that, all else equal, 

farmers are reluctant to implement these practices. Notably, the negative coefficient for strict 

nitrogen (N) limits is larger than that for lenient N limits, aligning with expectations that stricter 

regulations are less appealing (Howard et al., 2024). Additionally, the high p-values associated 

with some coefficients may be attributable to the small sample sizes involved in the study. Indeed, 

we see that, while cover crops are not the norm across fields, 11.7% of our sample report using 

cover crops currently, and in other watersheds cover crops are voluntarily adopted by a minority 

of farmers (Burnett et al., 2015). 

In contrast, the variable representing state funding (dummystatefunding, Coef. = .0107, P = 

0.984) is not statistically significant, suggesting that this factor does not have a discernible impact 

on farmers' contract choices within the context of this model. Overall, these results indicate that 

financial incentives and the specifics of conservation practices (such as nitrogen application limits) 



Chapter 3b 

149 

 

play crucial roles in influencing farmers' decisions to participate in conservation programs. The 

heterogeneity in preferences highlighted by the significant standard deviations underscores the 

importance of designing flexible conservation programs that can cater to a wide range of farmer 

needs and concerns (Howard et al., 2024). 

In the simulation for strict nitrogen (N) restriction policies under the current EQIP rate of $50 

per acre or $123.5 per Ha, our analysis reveals a modest enrollment projection. Based on the mixed 

logit model's outcome and subsequent simulations, it is estimated that only 3.75% of the farmers 

in our sample would opt to participate in a policy that mandates strict nitrogen application limits 

under current EQIP rates. The process involved calculating the WTA strict N restrictions at or 

below a $123.5 per Ha rate, then aggregating the total area farmers are willing to enroll under such 

conditions. The low percentage of potential enrollees underscores a cautious or reluctant stance 

among farmers toward adopting strict nitrogen application limits, even when incentivized.  

The analysis regarding the adoption of cover crops under the current Environmental Quality 

Incentives Program (EQIP) rates reveals a more optimistic participation forecast compared to strict 

nitrogen restrictions. Our simulation indicates that approximately 26.2% of farmers would be 

willing to enroll in a policy promoting cover crop practices when the WTA threshold is set at or 

below $75 per acre, or $185.3 per Ha. However, our model suggests that not all of those who enroll 

in the conservation program would count as new or additional acreage in the practice. While we 

see a contract acceptance rate of 26.23%, some of these farmers report already utilizing cover crops 

in the past, so our prediction for the increase in new acreage of the management practice is a more 

modest 14.5%. This higher inclination towards cover crop adoption suggests that, unlike strict 

nitrogen application restrictions, farmers perceive cover cropping as a more viable and potentially 

beneficial conservation practice under the EQIP framework. The significant difference in 
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enrollment projections between these two conservation practices underscores the need for tailored 

incentive structures that reflect the varying levels of farmer receptivity and the distinct 

environmental benefits each practice offers (Rossi & Hinrichs, 2011). 

Understanding the preferences, constraints, and incentives that influence farmers' decisions to 

adopt conservation practices is vital for designing effective environmental policies (Liu et al., 

2018). These behavioral insights serve as foundational components for simulating policies using 

hydrological models, ensuring that such models reflect realistic agricultural management scenarios 

(Kuil et al., 2018). 

3.3. Effects of reduced N-fertilizer application rate and cover crops on watershed processes 

and N-load. 

3.3.1. Effects of 30% reduced fertilizer application on nitrate load 

The effect of a 30 percent reduction in fertilizer application across varying percentages of 

agricultural land on the total nitrate load at Pamlico Estuary and Washington, NC, for engineering 

models scenarios is shown in Figure 3b.4.  
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Figure 3b.4 Effects of reduced fertilizer on nitrate load for the baseline, 12% (scenario 4), and 

24% (scenario 5) of total agricultural area in the watershed 

 

At the Pamlico Estuary, the winter season exhibits the highest nitrate loads across the baseline, 

scenario 4, and scenario 5 (Table 3b.4). In the spring, nitrate loads remain elevated, suggesting 

significant seasonal runoff (Table 3b.4) and greater nitrate availability from agricultural activity 

(Bruland et al., 2003). The fall and summer seasons show comparatively lower nitrate loads. As 

the area with reduced nitrogen fertilization expands, there is a noticeable decrease in nitrate 

loading, most prominently in the spring and winter seasons. This underscores the potential 

effectiveness of nitrogen management strategies during periods of increased runoff (Table 3b.4). 

In Washington, NC, similar patterns are observed, although with overall lower nitrate loads 

than the Pamlico Estuary (Table 3b.4). The spring season shows the highest loads, followed by 

winter, with noticeable reductions in nitrate loading as the area of nitrogen reduction increases. 
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The least variation across scenarios is seen in summer, suggesting a more stable nitrate input during 

this season. The more stable nitrate input during summer in Washington, NC, is likely due to 

consistent agricultural practices, less intense rainfall, increased biological uptake by plants, and 

more uniform water flows, leading to lower variability in nitrate levels (Dukes & Evans, 2006) 

across multiple scenarios (Table 3b.4). 

Table 3b.4 Seasonal average flow and nitrate load (Kg N) with reduced fertilizer application rate 

Location Season Baseline 12% Area N 

reduction 

24% Area N 

Reduction 

Flow 

(m³s-1) 

Pamlico 

Estuary 

Fall 221,900 219,700 218,100 116 

 
Spring 527,700 515,200 506,100 124 

 
Summer 274,400 266,700 264,100 89 

 
Winter 736,300 734,600 733,100 155 

Washington, 

NC 

Fall 138,300 136,800 135,600 57 

 
Spring 331,100 325,100 315,100 87 

 
Summer 158,900 155,700 154,200 44 

 
Winter 290,600 289,100 287,800 94 

 



Chapter 3b 

153 

 

To determine if the nitrate loading under all three scenarios (Baseline, scenario 4, and scenario 5) 

at the Pamlico Estuary are statistically different from each other, we performed an Analysis of 

Variance (ANOVA) on monthly nitrate load at Pamlico estuary (Table 3b.5). ANOVA is a statistical 

method used to compare the means of three or more samples to see if at least one of them differs 

significantly from the others. If the p-value from the ANOVA test is less than a significance level 

(0.05), we can reject the null hypothesis that all groups have the same mean, suggesting that at 

least one scenario differs in terms of nitrate loading (St & Wold, 1989). 

Table 3b.5 Reduced fertilizer application ANOVA (single factor) test at Pamlico estuary 

       
SUMMARY 

      
Groups Count Sum Average Variance 

  
Baseline 204 29923200 146682.3529 13625690057 

  
Scenario-4 204 29514920 144680.9804 13416121673 

  
Scenario-5 204 29263940 143450.6863 13284143139 

  

       
ANOVA 

      
Source of Variation SS df MS F P-value F crit 

Between Groups 1085469390 2 542734694.8 0.040376083 0.960431 3.01051703 

Within Groups 8.18617E+12 609 13441984956 

   

       
Total 8.18725E+12 611         

       
The ANOVA test yielded a p-value of 0.96, which is much greater than the significance level 

of 0.05. This result indicates that we cannot reject the null hypothesis, suggesting there is not 
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enough statistical evidence (St & Wold, 1989) to say that the mean monthly nitrate loading under 

the four scenarios at the Pamlico Estuary are significantly different from each other. 

It's important to note that while the ANOVA test provides insight into the overall differences 

across groups, it doesn't specify which groups differ from each other (St & Wold, 1989). However, 

in this case, the high p-value suggests that the differences in mean nitrate loading between the 

scenarios are likely not to be significant. 

Despite implementing nitrogen reduction strategies across 12%, and 24% areas, the analysis 

suggests that these measures, within the scope of the study, do not significantly alter the mean 

monthly nitrate loading when compared to the baseline scenario with no nitrogen reduction (Table 

3b.5). The lack of statistically significant differences in nitrate loading under various nitrogen 

reduction scenarios at the Pamlico Estuary could be attributed to several factors (Barker et al., 

2008). 

This outcome may indicate that the predominant sources of nitrate loading in the Pamlico 

Estuary are not primarily agricultural runoff, or that the scale of reduction explored in the scenarios 

is insufficient to manifest a statistically significant impact given the natural variability of nitrate 

loading and other contributing factors. Additionally, excessive nitrate leaching from groundwater, 

possibly from legacy nitrate, could be contributing significantly to the observed levels. The 

effectiveness of nitrogen reduction strategies might also be influenced by the spatial distribution 

of runoff sources and the timing of nitrogen applications in agricultural practices (Craswell, 2021). 

3.3.2. Effects of Cover Crops on Nitrate Load  

The results from multiple scenarios reflecting varying degrees of cover crop implementation, 

aimed at reducing nitrate export to the estuary are shown in Figure 3b.5. 
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Figure 3b.5 Effects of reduced fertilizer on monthly nitrate load to the Pamlico estuary for the 

baseline, 12% (scenario 2), and 24% (scenario 3) coverage with cover crops. 

The seasonal average nitrate loads (kg N) under varying cover crop scenarios were assessed 

at two locations: Pamlico Estuary and Washington, NC (Table 3b.6). In the Pamlico Estuary, winter 

consistently showed the highest nitrate loads (734,200 to 734,700 kg N) in each scenario, 

suggesting higher discharge (120 m3/s). Contrary to expectations, the decrease in nitrate loading 

with the expansion of cover crop areas is not universally observed. For instance, during the spring, 

an increase in nitrate loads (537,600 kg N) was noted with the highest cover crop coverage 

(scenario 3, 24% area application of cover crops) compared to the baseline (527,700 kg N), 

challenging the presumption of uniform effectiveness of cover crops in nitrate load reduction 

across seasons. For Washington, NC, while echoing a similar trend of high nitrate loads in the 

spring (327,600 to 331,100 kg N) and winter (288,100 to 290,600 kg N), also underscores a more 

nuanced response to increased cover crop adoption. The changes in nitrate loading with varying 
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cover crop scenarios were modest, suggesting that the cover crops' role in mitigating nitrate runoff 

is complex and influenced by many factors (Craswell, 2021).  

Table 3b.6 Seasonal variation of flow and nitrate load (kg N) with cover crops  

Location Season Baseline 12% Cover 

Crops 

24% Cover 

Crops 

Flow 

(m³ s-1) 

Pamlico 

Estuary 

Fall 221,900 220,600 221,400 116 

 
Spring 527,700 537,200 537,600 124 

 
Summer 274,400 281,000 281,900 89 

 
Winter 736,300 734,200 736,700 155 

Washington, 

NC 

Fall 138,300 138,000 137,800 57 

 
Spring 331,100 327,600 328,000 87 

 
Summer 158,900 158,700 159,200 44 

 
Winter 290,600 288,100 289,100 94 

 

To assess whether the monthly nitrate loading under all four scenarios (Baseline, 12% 

(scenario 2) Cover Crops, and 24% (scenario 3) Cover Crops) at the Pamlico Estuary significantly 

differs, we conducted an Analysis of Variance (ANOVA) (Table 3b.7). For cover crop application, 

the ANOVA test yielded a p-value of 0.991, significantly greater than the significance level of 0.05. 
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This result indicates that we cannot reject the null hypothesis, suggesting there is not enough 

statistical evidence to assert that the average monthly nitrate loading under the three scenarios 

(baseline, 12% cover crops (scenario 2), and 24% (scenario 3) cover crops) at the Pamlico Estuary 

are significantly different from each other (Table 3b.7). 

Table 3b.7 Summary of ANOVA results for cover crop scenarios 

ANOVA: Single Factor 
     

SUMMARY 
     

Groups Count Sum Average Variance 
  

Baseline 204 29923200 146682.4 1.36E+10 
  

Scenario-2 204 30140350 147746.8 1.37E+10 
  

Scenario-3 204 30218900 148131.9 1.37E+10 
  

Source of 

Variation 

SS df MS F p-value F crit 

Between 

Groups 

2.3E+08 2 1.15E+08 0.008407 0.991628 3.010517 

Within 

Groups 

8.33E+12 609 1.37E+10 
   

Total 8.33E+12 611         
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While the ANOVA test identifies overall differences across groups, it does not specify which 

groups, if any, differ from one another (St & Wold, 1989). However, the high p-value suggests that 

any differences in mean monthly nitrate loading among the various cover crop scenarios are likely 

not significant. This is further underscored by the detailed summary and ANOVA table (Table 

3b.7), which provide counts, sums, averages, and variances for each scenario. Despite minor 

variations in average nitrate loads, these do not amount to statistically significant differences, as 

evidenced by the Between Groups sum of squares (SS) of 230004436, a within-groups SS 

exceeding 8.3 trillion, and a notably small F-value of 0.00841 against an F critical value of 3.0105. 

This comprehensive analysis highlights that the variance observed within groups significantly 

overshadows any minor differences between the groups (St & Wold, 1989). Such a conclusion 

might indicate that the scale of cover crop implementation explored in the scenarios is insufficient 

to establish a statistically significant impact on nitrate loading or winter wheat as a cover crop may 

not be efficient in reducing nitrate loss from agricultural fields (Kaspar et al., 2012; Ritter et al., 

1998). It could also that the effectiveness of cover crop strategies might be influenced by factors 

such as the spatial distribution of runoff sources, the timing of cover crop planting, and 

management practices, as well as the presence of other nitrogen sources beyond agricultural runoff 

(Kaspar et al., 2012). 

The introduction of winter wheat as a cover crop could elevate nitrate loads due to several 

interconnected factors (Nouri et al., 2022). The growth cycle of winter wheat, particularly its 

dormant phase during early winter, may not align well with the timing of nitrate assimilation and 

soil nitrogen release (Anthoni et al., 2004; Footitt et al., 2014). This misalignment can lead to 

periods where nitrate, unutilized by the cover crop, becomes prone to leaching during the region's 

heavy rainfall events, thereby contributing to increased nitrate loads in the watershed (Cordovil et 
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al., 2020; Robertson & Vitousek, 2009). This issue is compounded by the decomposition of winter 

wheat post-harvest, which can release nitrogen back into the soil, subsequently increasing loss to 

downstream waters. Furthermore, winter wheat's efficiency in nitrogen uptake might be 

compromised by environmental conditions and management practices, leaving unused nitrate to 

leach into the Tar-Pamlico basin. Soil disturbance from the planting and termination of winter 

wheat exacerbates this problem by disrupting soil structure and potentially enhancing nitrate 

mobility (McGuire et al., 1998; Moore et al., 2019).  

This analysis clearly demonstrates that the relationship between cover crop coverage and 

nitrate load is multifaceted, reflecting the influence of environmental conditions, management 

practices, and the inherent characteristics of the watershed (Bindraban et al., 2012; Neumann et 

al., 2021; Smith et al., 2019). It suggests that even while the literature suggests cover crops are 

efficient in nutrient (nitrate) management strategies, their effectiveness is conditional, 

necessitating a tailored approach based on watershed characteristics (Bindraban et al., 2012; 

Neumann et al., 2021). This calls for continued research to identify the optimal conditions under 

which cover crops can most effectively contribute to water quality improvement in agricultural 

landscapes, underscoring the importance of an integrated approach to nutrient management. 

3.4. Hydrological and Socio-Hydrological Model Comparison 

The model simulated minimal variation in nitrate load at the outlet point for multiple BMP 

scenarios, as detailed in section 3.3. Consequently, we conducted a comparison of Hydrological 

and Socio-Hydrological models at the field scale. In SWAT+, each field is contained in an HRU 

with fields of the same crop, management practices, soil type, and slope. Therefore, we compared 

the nitrate levels leaving the agricultural fields under seven different scenarios at the HRU scale, 

as shown in Table 3b.8. In this section, we present the economic and environmental implications 
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of cover crop and reduced fertilizer application rate conservation contracts through the use of the 

hydrological model with naive assumptions of contract adoption (i.e. typical engineering 

approach) and the Socio-Hydrological model with adoption informed by the farmer behavioral 

model.  
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Table 3b.8 Cost-benefit analysis of different engineering and econometric scenarios 

 

Policy 

Scenarios 

Additional 

Area 

Converted 

(km2) 

Total Budget Spent in 

million dollars ($) 

Area Enrolled 

(km2) 

Total annual 

average 

NO3-N (kg) 

from 

agriculture 

Change  total 

annual 

average 

NO3-N (kg) 

from 

agriculture 

Change in 

nitrate per 

enrolled area 

(kg km-2) 

Benefit per 

enrolled area 

($ km-2) 

Benefit-cost  

ratio 

  
Cover crop ($75 per 

acre or 18500 per km2) 

Strict N application ($50 

per Acre or $12300 per 

km2) 

    
$20.9 per kg 

(Ribaudo et 

al., 2005) 

 

Scenario 1 0 0 0 1,013,000 
    

Scenario 2 606 11.2 606 958,000 55,000 91.3 1,907 0.103 

Scenario 3 1,212 22.4 1,212 957,000 56,000 46.5 971 0.053 

Scenario 4 606 7.4 606 968,000 46,000 75.2 1,571 0.128 

Scenario 5 1,212 15 1,212 940,000 73,000 60.5 1,265 0.103 

Scenario 6 206 3.8 319 1,024,000 -11,000 -33 -700 -0.038 

Scenario 7 46 0.6 46 1,009,000 4,000 97.3 2,033 0.165 
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In the context of the hydrological modeling scenarios detailed in the analysis, the 12% and 

24% coverage figures represent the total percentage of agricultural land targeted for intervention, 

assuming that all the farmland in these areas will agree to the offered conservation contract and 

implement the specified land management practices. This assumption underpins the theoretical 

maximum impact of the agricultural practices under consideration but may not align with real-

world applications. We used farmers’ behavioral model results (section 3.2) to develop the socio-

hydrological model. In the socio-hydrological model, 3.75% (reduced fertilizer application rate), 

14.5% (additional cover crops applied), and 26.2% (total farmland enrolled for cover crops) reflect 

the actual proportion of farmers willing to adopt these specific practices, based on informed 

econometric analysis under standard EQIP cost-share rates. 

The engineering approach (scenarios 2 through 5) assumed these areas would be targeted and 

all the farmers in this area would implement the conservation practices. Assuming that all farmers 

in a targeted area will adopt conservation practices can be overly optimistic, as it overlooks 

individual differences in economic circumstances, willingness, and ability to change (Howard et 

al., 2024). Integrating a farmers' behavioral model into the planning process can provide more 

realistic predictions by accounting for these variations in behavior and receptivity, thereby 

enhancing the effectiveness and efficiency of policy implementation (Howard et al., 2024). Thus, 

for the socio-hydrological model implementation, these percentages are calculated relative to the 

24% of agricultural land targeted in the hydrological scenarios.  This means 3.75%, 14.5%, and 

26.2% farmers of 24% of total selected agricultural HRUs will implement these practices on their 

fields for reduced fertilizer application rate, additional cover crops applied, and total farmland 

enrolled for cover crops, respectively. In other words, of the targeted farmers (24%), only 3.75% 

would implement reduced fertilizer application making the practice implemented on 0.9% of the 
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agricultural land in the watershed. This differentiation in percentage base points—from theoretical 

maximum to likely practical application—highlights the critical need to consider both the absolute 

and relative scales when assessing the adoption and effectiveness of various agricultural and 

environmental practices. The socio-hydrological modeling thus provides a more realistic estimate 

of the area that would actually be converted to the new practices, bridging the gap between 

theoretical planning and actual implementation (Howard et al., 2024). 

3.4.1 Area Conversion and Budget Allocation: 

The baseline scenario operates with no additional cost and no area conversion, serving as a control 

for comparing Hydrological and Socio-Hydrological modeling scenarios for cover crops and 

reduced fertilizer application rate (Table 3b.2). 

Introducing cover crops on 12% of the agricultural lands in the watershed entails an 

expenditure of approximately $11.2 million (considering the current EQIP rate for cover crops of 

$185.3 ha-1) and affects over 606 km2. Doubling this coverage to 24% doubles the budget to about 

$22.5 million and covers over 1200 km2. In contrast, a strategy focusing on a 30% reduction in 

nitrogen usage over a similar area demands a lesser budget of around $7.5 million (considering the 

current EQIP rate for strict N application of $123.5 ha-1). Based on the enrollment projections from 

the socio-hydrological modeling scenarios involving cover crops and strict nitrogen (N) 

application under current EQIP rates, the area converted within the targeted agricultural lands 

amounts to over 206 km² for cover crops and over 45 km² for nitrogen application. 

Correspondingly, the budgets allocated are more modest $3.8 million for cover crops and $0.6 

million for nitrogen application. 
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3.4.2. Agricultural Output and Environmental Impact: 

To examine the effect of the practices at the field scale we summed the cumulative annual average 

agricultural nitrate loss (including surface, lateral, and groundwater nitrate) in kg from the 

agricultural areas (HRU scale) in the Tar-Pamlico basin where the practices were implemented. To 

compare the hydrological and socio-hydrological models, we considered only the 24% agricultural 

area (as used in scenarios 3 and 5) to determine the cumulative annual average nitrate loss from 

agricultural fields in all scenarios as mentioned in section 2.4. 

The baseline scenario maintains agricultural nitrate-nitrogen export at approximately 

1,010,000 kg without any interventions, serving as a reference for comparing various conservation 

strategies. Introducing cover crops across 12% and 24% of the agricultural areas (Scenarios 2 and 

3) reduces output slightly to 958,000 kg and 957,000 kg, respectively, which is a reduction of 

55,300 and 56,300 kg of nitrate-nitrogen respectively. The extension of these strategies 

demonstrates the environmental impact of scaling up sustainable practices. In Scenarios 4 and 5, 

strict fertilizer reduction strategies applied over 12% and 24% of the agricultural areas further 

influence export, which decreases to 967,800 kg and 935,500 kg, respectively. These changes 

result in nitrate-nitrogen reductions of 45,600 kg and 77,900 kg, showing the positive 

environmental effects of reduced nitrogen usage across varying scales. These changes highlight 

the tradeoff in the farmers’ decision between decreased agricultural output, improved water quality, 

and additional payment as part of the agricultural assistance program.  

In Scenario 6, cover crops were applied to an additional 207 km2, bringing the total area under 

this practice to 319 km2 square meters as part of the Environmental Quality Incentives Program 

(EQIP). This expansion was guided by a farmers' behavioral model, which suggested practical 

implementations based on actual farming practices. Implementing cover crops over this extended 
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area resulted in agricultural nitrate-nitrogen export of 1,020,100 kg and a slight increase in nitrate 

levels by 10,600 kg. This scenario highlighted that even if the theoretical implementation of cover 

crops reduced nitrogen load by targeting specific agricultural fields (HRU), it might not have been 

possible in the real world. Engineering models specifically target HRUs that exhibit higher surface 

nitrate exports, predicting that cover crops in these areas would effectively reduce nitrate loads 

(scenario 2 & 3). However, when incorporating farmers' behavioral models, the selection of HRUs 

isn't solely based on nitrate export levels, which means cover crops might be applied to fields 

where they are less effective at reducing nitrates, as was observed in scenario 6. The effectiveness 

of winter wheat when used as cover crops varied based on the location it was applied to, which 

crops were planted on that field as the main summer cash crop, soil conditions, rainfall, elevation, 

and other characteristics (Kaspar et al., 2012; Ritter et al., 1998). This discrepancy highlights the 

potential limitations of applying naive hydrological models without considering the practical and 

behavioral dynamics of the farmers.  

In Scenario 7, a strict fertilizer application strategy is employed over an area representing 

3.75% of the land managed by farmers willing to adopt this practice, as informed by a behavioral 

model. This approach reduces the agricultural nitrate loss to 1,009,000 kg by decreasing the nitrate 

load by 4,400 kg. This demonstrates the positive environmental impact of reducing nitrogen usage. 

3.4.3 Economic Efficiency: 

The benefit-cost analysis across the seven scenarios illustrates varying degrees of economic 

efficiency, highlighting the effectiveness and cost implications of each agricultural strategy 

implemented (Table 3b.8). To calculate the benefits for each scenario, we multiply the reduction 

in nitrogen (N) by the estimated social damages of $20.90 for each additional kilogram of N 

leaving the farm (Ribaudo et al., 2005). 
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In the baseline scenario (Scenario 1), no interventions are implemented, thus there is no 

benefit-cost ratio, serving as a control for comparative purposes. For scenarios involving cover 

crops, Scenario 2 (12% Cover Crop Application) achieves a benefit-cost ratio of 0.103, indicating 

a moderate return on investment. This efficiency drops significantly in Scenario 3 (24% Cover 

Crop Application) to a ratio of 0.052, demonstrating declining returns as the scale of cover crop 

application increases. This result was expected, as we targeted HRUs in sequence according to 

their nitrate loss in the hydrological modeling scenarios. 

In terms of nitrogen management, Scenario 4 (30% Nitrogen Reduction over 12% Area) 

shows the highest benefit-cost ratio among the initial assessments at 0.128, suggesting that targeted 

nitrogen reduction is environmentally beneficial. Expanding this approach to a larger area in 

Scenario 5 (30% Nitrogen Reduction over 24% Area) yields a lower ratio of 0.1028, indicating 

reduced economic efficiency at a larger scale because of targeted HRU practice implementation in 

hydrological modeling scenarios. 

Scenario 7 (Strict Fertilizer Application over 3.75% Area), informed by a model of farmer 

behavior, shows a modest increase in the benefit-cost ratio to 0.165. However, this rise from a 

previous low of 0.05 is still considered suboptimal. More significantly, the disparity between the 

hydrological model's predicted benefits for a 24% nitrogen reduction (65,300 kg) and the much 

lower actual benefits observed in the socio-hydrological model (4,400 kg), which amount to only 

about 6.8% of the expected reduction, suggests that the hydrological model may greatly 

overestimate the efficacy of the policy.  This overestimation might stem from the model's 

assumption that farmers uniformly adopt and effectively implement BMPs, whereas in reality, 

achieving targeted intervention could be challenging and costly, with varying levels of adoption 

among farmers (Howard et al., 2024). This analysis confirms that while larger-scale interventions 
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may achieve significant environmental impacts, their economic viability can vary, often requiring 

more nuanced, targeted approaches to maximize both ecological and economic benefits in 

agricultural policymaking. 

 

4. Conclusions 

This study offers significant insights into the complexities of managing nutrient loading in coastal 

watersheds through the integration of socio-hydrological modeling with farmers' behavioral 

responses. The innovative approach of combining economic and engineering frameworks to 

address accelerated eutrophication reveals several key findings from the study, offering important 

considerations for policy and practice. 

Socio-economic Dynamics of Agricultural Practice Adoption: Integrating farmers' behavioral 

models into hydrological modeling efforts provided valuable insights into the socio-economic 

dynamics influencing the adoption of sustainable agricultural practices. The study demonstrated 

the importance (and limitations) of economic incentives in promoting BMP adoption among 

farmers, as evidenced by the farmers' willingness to accept (WTA) different practices and the 

highly significant impact of payment level on contract acceptance. However, the relatively low 

willingness to adopt strict nitrogen application limits, even with incentives, points to the challenges 

of changing farming practices and the need for policies that are both economically viable for 

farmers and effective in environmental protection. 

Limited Impact of Best Management Practices (BMPs) on Nitrate Loading: The simulation 

results using the SWAT+ model show that, under the scenarios modeled, both cover crops and 

reduced nitrogen application rates did not significantly reduce nitrate loading to the Pamlico 
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Estuary. These outcomes highlight the challenge of achieving measurable improvements in water 

quality through isolated BMPs at the watershed scale, suggesting that the scale and scope of the 

BMPs modeled may be insufficient for significant nitrate load reduction. 

Hydrological Models Overestimate Policy Benefits: Our approach to implementing BMPs in 

the hydrological models significantly overestimate the benefits of nitrogen reduction policies, 

predicting a reduction that is 15 times higher than what is actually achieved—a discrepancy where 

only 6.8% of the expected benefits are realized. This highlights the critical need for models to 

integrate socio-economic dynamics and farmer behaviors to enhance the accuracy and 

effectiveness of agricultural environmental policies. 

Identifying diverse sources of nitrate in coastal watersheds: Our findings reveal the complexity 

of nutrient transport, suggesting that agricultural practices may not be the main source of nitrate 

in coastal watersheds. Effective nutrient management calls for a multifaceted approach that goes 

beyond traditional agricultural BMPs, incorporating considerations of alternative sources such as 

groundwater and legacy nitrate. 

Importance of Interdisciplinary Approaches: This research underscores the value of 

interdisciplinary approaches in tackling complex environmental issues like accelerated 

eutrophication. By bridging econometric and engineering disciplines, the study provides a 

comprehensive perspective on the challenges and opportunities for implementing sustainable 

agricultural practices, emphasizing the need for collaboration across scientific, policy, and farming 

communities to develop and implement effective strategies. 

Future Directions for Research and Policy: The study highlights several areas for further 

research, including the exploration of alternative BMPs, the integration of additional socio-
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economic factors into modeling efforts, and the examination of the cumulative effects of combined 

BMPs at larger scales. Policymakers are encouraged to consider these findings in the development 

of agricultural and environmental policies, recognizing the critical role of economic incentives, 

farmer engagement, and integrated management strategies in improving ecosystem health. 

Lastly, while the study's findings indicate that the modeled BMPs alone may not significantly 

reduce nitrate loading in the Pamlico Estuary, they importantly illuminate the complex interplay 

between agricultural practices, watershed hydrology, and ecosystem health. These insights 

contribute valuable knowledge towards developing more effective strategies for combating 

eutrophication and enhancing the sustainability of agricultural landscapes. 

 

Appendix 1: https://github.com/EtheridgeLab/Tar_Pam_SWAT/blob/main/Appendix1.docx 
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