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Abstract: With predicted alterations in climate and land use, managing water resources is of the
utmost importance, especially in areas such as the United States (U.S.) Coastal Plain where extensive
connections exist between surface and groundwater systems. These changes create the need for models
that effectively assess shifting hydrologic regimes and, in that context, we examine the performance of
the Soil and Water Assessment Tool (SWAT) in a low-gradient, shallow-aquifer-dominated watershed
of the U.S. Coastal Plain using a gridded reanalysis dataset. We evaluate accuracy, uncertainty,
and parameter sensitivity by comparing observed and predicted streamflow at two gaging stations
and assess model predictions for yearly average runoff (SURQ), percolation (PERC), and sediment
loss (SYLD). Streamflow performance was acceptable during calibration (NSE = 0.67 and 0.60) and
very good during validation (NSE = 0.84 and 0.91). Model predictions for SURQ, PERC, and SYLD
coincided with expected ranges for this region. Parameters related to shallow aquifer properties
or groundwater were highly sensitive, which indicates the need for continued study of spatial and
temporal variability within the sub-surface components of these hydrologic systems. Our findings
highlight the applicability of this reanalysis dataset for modeling hydrologic processes in poorly
gaged watersheds and adds to the body of research that seeks to develop effective assessment tools
for shallow-aquifer-dominated systems. Our methodology can effectively assist watershed managers
in establishing baseline rates of hydrologic processes as is crucial with future predicted shifts in
hydrologic regimes due to land-use alteration and climate change.
Keywords: SWAT; hydrologic modeling; groundwater; Atlantic Coastal Plain; watershed management

1. Introduction
Water resource quality and quantity are increasingly managed using a watershed approach, where
watersheds serve as the primary planning unit within a flexible framework that includes stakeholder
involvement and management actions supported by scientific study. The watershed-based management
approach is effective because it confines water resource planning to a defined geographic boundary and
allows for strategies that are iterative, holistic, integrated, and collaborative [1]. A wide range of physical,
biological, ecological, socioeconomic, and policy concerns can be included in watershed management
plans with the integrated approach extending beyond the hydrology [2]. Rates of hydrologic processes
can vary widely both across landscapes and throughout time due to differences in land cover, soils,
and land management practices, and can make integrative, watershed-based approaches difficult
to implement. Hydrologic simulation models have become an important component of watershed
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planning because of their ability to estimate rates of hydrologic processes at watershed scales and the
ease with which they are integrated into a geographic information systems framework [3].
Hydrologic models can contribute to developing effective watershed planning tools because
they can be built using open-source data and programs and are cost-effective compared to obtaining
physical measurements of hydrologic processes over large spatial or temporal scales. The integration of
observed data can greatly enhance the accuracy of models, but the ability to integrate observed data is
hampered when information is unknown to the modeler (such as specific rates of fertilizer application)
or would require extensive time or money to collect and analyze (such as concentrations of nutrients or
pesticides in soils in a large, heterogeneous river basin). Another limitation of hydrologic modeling is
that it can take a great deal of time and knowledge to prepare the required data in the format required
by the model, though there are now several open-source, pre-formatted datasets available that can be
integrated and save time or make it easier for users to create an effective hydrologic model. Despite
the limitations and challenges, hydrologic models remain a powerful watershed-level assessment tool,
especially when parameterized with increasingly available high spatial and temporal resolution data.
High spatial and temporal resolution input data have been shown to enhance the accuracy of
hydrologic models and, recently, satellite-based estimates of key hydrologic processes continue to
boost model performance [4,5]. Often, depending on the goal of the model application, modelers
must make a trade-off between accuracy and computation time since the inclusion of high spatial
resolution data can lengthen computation time and is often very restrictive when modeling a large area.
Additionally, models typically require calibration with observed hydrologic data, such as streamflow,
to optimize agreement between observed and predicted values, as well as to quantify uncertainty and
error in parameterization and model outputs. Calibration can take considerable processing time in
models with large spatial coverage or high temporal resolution (i.e., at a daily or sub-daily time-step).
Due to the financial and resource limitations that exist for many watershed managers, especially when
watersheds cross administrative or political boundaries, it would be useful to develop a hydrologic
model that involves minimal expenditure of time, money, and other resources. Rapid assessment
models are needed to address both the lack of data, length of preparation, and resource restrictions
when the overarching goal is extracting model outputs for input to a watershed management plan.
One such hydrologic model that has been widely applied for evaluating the effects of management
decisions on water resource quantity and quality in large river basins, including assessments of
nonpoint-source pollution, is the Soil and Water Assessment Tool (SWAT) [6,7]. SWAT was originally
designed to operate in large, ungaged basins with little to no calibration required [6,7]. SWAT is a
semi-distributed, physically-based river basin model that is computationally efficient and operates
on a continuous time-step [7]. SWAT is supported by ample online documentation [8] and can be
implemented in a GIS framework using a readily available toolbox. There are currently almost 2000
peer-reviewed publications that use SWAT for a multitude of purposes that can be accessed through the
SWAT literature database at https://www.card.iastate.edu/swat_articles/. Despite the relative ease of its
parameterization and implementation, geographic constraints imposed by SWAT model development
and its typical range of applications result in considerable challenges when attempting to quantify
hydrologic processes in environments with a more complex hydrology.
Most SWAT applications to date have been performed in the middle and high latitude regions [9–12]
or regions where streams are not highly influenced by groundwater interactions [13]. Regions
characterized by complex groundwater system structure and extensive groundwater–surface water
interaction, such as the low-gradient, shallow-water-table-dominated systems of coastal plains or
groundwater-dependent terrestrial ecosystems, are not as well represented in the literature. Accurate
representation of the physical conditions in regions with high water tables, such as saturated or
near-saturated soil profiles, complexities in soil storage capacity, or considerable wetland and
riparian storage, can be difficult. The application of SWAT in low-gradient regions with extensive
groundwater–surface water interactions, such as the southeastern U.S. Coastal Plain, has increased
in recent years, but it remains an underdeveloped area of study. Models in this region have resulted
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in varying degrees of accuracy in predicting hydrologic processes such as streamflow [3,4,14–19],
runoff [4,14,20], and potential and/or actual evapotranspiration rates [4,18]. Difficulties specifically
associated with modeling Coastal Plain watersheds arise due to the flat topography, extensive
groundwater–surface water interactions, as well as the seasonal variations and physical and temporal
heterogeneity in precipitation and evapotranspiration rates within these environments [3,4,15].
Challenges associated with creating an accurate hydrologic model of regions characterized by
extensive groundwater–surface water interactions include the selection and preparation of climatic
data. The availability of climatic data at timescales and time steps able to resolve the high spatial
and temporal heterogeneity of climatic inputs, especially precipitation, can be severely limited and
sometimes non-existent [5]. If rain-gage data is available, it may provide poor representation of
the spatial distribution of precipitation throughout the watershed because it is effectively a point
measurement oftentimes applied to large areas [21]. Often, observed rain and temperature gage records
exist but are incomplete. When observed weather records are missing, SWAT will generate values that
can often be quite poor, especially if the climate statistics in the SWAT weather generator are poorly
parameterized in the first place. Several applications of SWAT have utilized global gridded climate
products known as reanalysis datasets, such as the National Centers for Environmental Prediction
(NCEP) Climate Forecast System Reanalysis (CFSR) dataset. Models calibrated using CFSR data have
been shown to provide stream discharge simulations that were as good or better than models that
used traditional weather gage measurements [21,22] and potential evapotranspiration (PET) estimates
that compared well with observed data [23]. Dile and Srinivasan [24] found that models created
with CFSR yielded minor differences in water balance components compared to models created with
conventional climate gage data, with an exception for one watershed where the CFSR models drastically
overestimated the annual average rainfall compared to conventional models. Similarly, Grusson et
al. [25] found CFSR to perform well at some locations while overestimating precipitation in others.
Despite these known issues, because CFSR data is available to download pre-formatted for SWAT
(http://globalweather.tamu.edu/), it is easily and effectively integrated into SWAT models and generally
performs satisfactorily.
One of the largest challenges associated with creating accurate hydrologic models of Coastal
Plains watersheds is representing processes controlled by land use or changes in land use in the
watershed, where spatial variation in hydrologic processes or land management practices are unknown
or difficult to assess and quantify. For example, large swaths of the Coastal Plain are subject to intensive
concentrated animal feeding operation (CAFO) land-use activities. Given that the necessary spatial or
management data for CAFO operations is not made available to the public and physical data such
as manure dispersal are difficult to collect, it is extremely difficult to model the relative pollution
contribution of such land uses to streams and thus validate model outputs. Along with incidences of
acute pollution, CAFO land use contributes pollution to streams by one of three chronic processes:
(1) seepage of waste through lagoons (where it may enter shallow groundwater), (2) infiltration or runoff
of lagoon effluent after it has been applied to sprayfields, and (3) erosion of soils into which nutrients
are adsorbed [26–29]. Because SWAT can simulate hydrologic processes that contribute pollution to
streams (such as surface runoff, percolation, and sediment erosion) at the reach, sub-watershed, or
river basin levels, SWAT can aid watershed managers in developing watershed management plans
that predict hydrologic conditions at relevant management scales.
In this study, we integrate pre-formatted CFSR data into a SWAT model to assess the accuracy
of SWAT predictions of streamflow in two fifth-order basins in the southeastern North Carolina
Coastal Plain with high densities of CAFOs. We use the SWAT Calibration and Uncertainty Program
(SWAT-CUP) calibration and validation program to calibrate our model with observed monthly
streamflow at two streamflow gage stations. Our specific objectives are to (1) assess accuracy, uncertainty,
and parameter sensitivity by comparing observed and predicted streamflow, and (2) compare modeled
values for surface runoff, percolation, and sediment erosion with values published in the literature for
other Coastal Plain watersheds. This study will add to the growing body of literature that addresses
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the use of hydrologic cycle models in Coastal Plain watersheds, as well as will provide watershed
managers with an objective method by which to estimate rates of hydrologic processes affecting ground
and surface water and aid in the development of integrated watershed management plans.
2. Materials and Methods
2.1. Study Area
This study was conducted in the Black and Northeast Cape Fear (NECF) basins in the North
Carolina Coastal Plain (Figure 1). The Coastal Plain is typified by a flat topography and low-gradient,
frequently inundated floodplains [30]. Surface slopes within the region rarely exceed 0%–2%, with the
maximum elevation in our study area being just over 30 m above sea level (ASL). The characteristically
black or tea-colored water of the appropriately termed “blackwater” streams results from slow-moving
water leaching tannins from the highly organic bottomland hardwood forests or adjacent wetlands,
which also lowers the pH from 7 to 6 relative to alluvial systems that originate in the uplands [30].
Streams exhibit a distinctly bimodal hydrologic regime that is primarily controlled by seasonal variation
in evapotranspiration and rainfall. The low-flow season occurs from approximately June to October,
when streamflow is primarily restricted to a meandering main channel. Inundation of large areas of the
wooded bottomland during the high-flow season (November to May) have created an ecosystem and
vegetation that are adapted to prolonged inundation [30]. Wetlands may also be fed by groundwater
discharge from aquifers; thus, water-table position may locally influence the occurrence of wetlands [31].
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As indicated by the National Land Cover Dataset for 2011 [32], land use in the Black basin is
dominated by agriculture (31%), wetlands (26%), and forests (18%). The NECF is predominantly
wetland (36%), agriculture (24%), and forest (19%) (Table 1). Urban areas only encompass about 6%
and 5% of the land use in the Black and NECF, respectively. Agriculture in both basins is dominated
by cultivated crops. Additionally, CAFOs are abundant in both basins. North Carolina has the second
largest swine industry in the United States with approximately 9.3 million hogs produced in 2016,
with some of the highest densities of swine in the nation occurring in counties within the Black and
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As indicated by the National Land Cover Dataset for 2011 [32], land use in the Black basin is
dominated by agriculture (31%), wetlands (26%), and forests (18%). The NECF is predominantly
wetland (36%), agriculture (24%), and forest (19%) (Table 1). Urban areas only encompass about 6%
and 5% of the land use in the Black and NECF, respectively. Agriculture in both basins is dominated
by cultivated crops. Additionally, CAFOs are abundant in both basins. North Carolina has the
second largest swine industry in the United States with approximately 9.3 million hogs produced
in 2016, with some of the highest densities of swine in the nation occurring in counties within the
Black and NECF [33]. In recent years, there has been a drastic increase in poultry production in the
state (33.5 million turkeys and 15.1 million chickens) [33]. Some of the state’s highest densities of
turkeys also occur in the Black and NECF, with chicken production being less frequent. Poultry CAFOs
that treat waste as dry litter are regulated by the Department of Agriculture, which exempts them
from many of the regulations that govern swine operations. CAFOs were not directly considered in
this study due to lack of data availability; however, a previous SWAT model found that nonpoint
sources contribute over 95% of the nutrient load flowing out of the NECF river, with agricultural lands
contributing substantially to the total nitrogen and total phosphorous loads [17].
Table 1. National Land Cover Dataset (NLCD) with the corresponding Soil and Water Assessment Tool
(SWAT) land-use classes in the Black and Northeast Cape Fear basins.
Land Use Class

Percent Area

NLCD

SWAT

Black

NECF

Open Water
Developed, Open Space
Developed, Low Intensity
Developed, Medium Intensity
Developed, High Intensity
Barren Land
Deciduous Forest
Evergreen Forest
Mixed Forest
Shrub/scrub
Grassland/Herbaceous
Pasture/Hay
Cultivated Crops
Woody Wetlands
Emergent Herbaceous Wetlands

WATR
URLD
URMD
URHD
UIDU
SWRN
FRSD
FRSE
FRST
RNGB
RNGE
HAY
AGRR
WETF
WETN

0.78
3.96
1.41
0.26
0.08
0.38
0.28
15.12
2.41
13.84
4.38
0.62
30.20
24.03
2.25

0.75
3.12
1.40
0.39
0.13
0.40
0.13
16.74
2.16
11.95
3.75
0.09
23.43
33.54
2.02

The study area lies entirely inside the Köppen–Geiger climate class Cfa, a moist subtropical
mid-latitude climate characterized by hot, humid summers with frequent thunderstorms and mild
winters [34]. Based on 1981–2010 U.S. Climate Normals, this region may experience precipitation in the
range of 1000 to 1500 mm/year with a regional average of about 1300 mm/year, with higher precipitation
measurements occurring closer to the Atlantic Coast [35]. Precipitation averages 76–100 mm/year
in most months, with slightly higher precipitation occurring in May and June (100–125 mm/year).
Precipitation peaks July through September, ranging 125–150 mm/year but may reach 150–175 mm/year
with closer proximity to the coast [35]. For additional information and visualization of the regional
precipitation patterns, visit https://www.ncdc.noaa.gov/climateatlas/. Southeastern North Carolina is
also affected by periodic episodes of frequent or intense hurricanes and tropical storm activity. Between
1995 and 2016, twelve hurricanes impacted this region of which seven made landfall directly in North
Carolina [36]. An additional eight tropical storms also made landfall in southeastern North Carolina
during that time period [37].
The geology is primarily sedimentary rock and unconsolidated sediments. The hydrogeology
consists of the unconfined surficial aquifer, which is underlain by several deeper confined aquifers.
Precipitation largely infiltrates the surficial aquifer, is transpired by plants, or is evaporated through
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the soil [38] with relatively little recharging of the confined aquifers [39]. The majority of aquifer
recharge, runoff, and nonpoint source (NPS) nutrient transport occurs during the months after the
crops are harvested, when the vegetation is dormant [40] and thus cannot intercept the incoming
precipitation. Recharge to the surficial aquifer provides most of the base flow for streams [38] and may
contribute to over 50% of annual streamflow [41]. Thus, streams in this region are strongly influenced
by the characteristics of groundwater flow. The U.S. Natural Resource Conservation Service (NRCS)
classifies soils into four hydrologic groups, which are based on the infiltration characteristics of the
soils. A hydrologic group is defined as a group of soils having similar runoff potential under similar
storm and cover conditions. Soil properties that can influence runoff potential are those that impact the
minimum rate of infiltration, such as depth-to-water-table, saturated hydraulic conductivity, and depth
to a low permeability layer. Soil are placed in one of four groups, A, B, C, and D, or three dual classes,
A/D, B/D, and C/D [8]. Soils within the Black and NECF primarily fall into hydrologic groups A, B, and
D (Table 2). In both basins most soils are characterized as A and B (74% in the Black and 67% percent
in the NECF), with most of the remainder being characterized as D (about 26% and 33% for the Black
and NECF, respectively). Less than 1% of each basin is characterized as C. Soils in classes A and B are
characterized as being well-drained sandy soil and sandy loam with vertical saturated permeabilities
of 50 to 500 mm per hour, or sandy soil containing clay with the same range of vertical saturated
permeability [38]. Soils in class C have a slow infiltration rate when thoroughly wetted and impede the
downward movement of water [8]. Soils in class D are characterized as poorly drained clay, clay loam,
and sandy-clay loam having vertical saturated permeabilities of 1.5 to 50 mm per hour [38]. In areas
with poor infiltration capacity (thus high runoff potential), recharge to the surficial aquifer may be only
125 mm annually [39]. Additionally, the hydric soils of wetlands are subject to saturation, flooding,
or ponding during the growing season for periods of time long enough for anaerobic conditions to
develop in the upper layers.
Table 2. State Soil Geographic Data (STATSGO) soil types in the Black and Northeast Cape Fear basins.
MUID

Hydrologic Group

NC001
NC003
NC010
NC011
NC019
NC024
NC028
NC030
NC033
NC034
NC035
NC038
NC039
NC040
NC044
NC049
NC050
NCW

D
C
C
A
A
D
D
B
D
B
B
A
B
A
B
D
A
D

Percent Area
Black

NECF

16.97
0.20
0.10
<0.01
1.71
<0.01
<0.01
0.52
2.61
1.58
31.26
19.34
7.91
9.84
<0.01
5.97
1.84
0.15

6.68
0.11
<0.01
0.38
10.01
1.13
0.86
0.56
24.01
7.59
23.13
16.32
7.43
0.65
1.14
<0.01
<0.01
<0.01

2.2. Data Description
All data used in this study are described in Table 3. All data were projected to North Carolina State
Plane meters before modeling and analysis. Climate and streamflow data were obtained from 2000–2011.
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Table 3. Record of data used in this study, sources, and spatial and temporal resolutions if applicable.
Type

Dataset

Year

Resolution

Format

Spatial
Digital Elevation
Model
Stream centerlines
Watershed
boundaries
Land use/land
cover
Soil
Climate
Stream flow

USGS 3D Elevation
Program
Flood Risk Information
System
USGS Watershed
Boundaries Dataset
National Land Cover
Database
USGS State Soil Survey
Geographic
(STATSGO)
NCEP-CFSR
USGS National Water
Information System

2017

Raster

2012–2015

Vector

2008

Vector

2011

Raster

30 m

1995

Raster

250 m

2000–2011

Text

0.5◦

2000–2011

Spreadsheet

Temporal

10 m

Daily
Monthly

2.3. SWAT
The primary components of the SWAT model relative to this study were hydrology and climate.
SWAT requires minimum inputs of elevation, land use, and soil data. The ArcSWAT interface (version
10.3.19 revision 664) in ArcGIS 10.3.1 [42] was used to develop this model.
2.3.1. Watershed Delineation
SWAT first uses a digital elevation model (DEM) [43] masked to the bounding latitude and
longitude of the basin [44] to delineate basins and sub-watersheds. The existing stream centerline file
was “burnt in” to the DEM. Burning is a common flow enforcement technique that physically alters the
DEM by excavating new channels to force alignment such that flow algorithms create drainage patterns
consistent with the mapped hydrography [45]. After loading the DEM, SWAT uses an eight-direction
(D8) flow algorithm [46] to determine the direction of steepest descent, or maximum drop, from each cell
to calculate flow direction. SWAT then calculates flow direction and flow accumulation over the DEM
surface. Within the SWAT model framework, the upstream drainage area for watershed delineation
is adjusted by raising or lowering the drainage threshold value; this will determine the number of
sub-watersheds and streams delineated in the model. Variation in the number of sub-watersheds
affects model outputs differently, thus prioritization of model purpose must be considered. Jha et al. [9]
reported that while variation in total number of sub-watersheds affected streamflow minimally, the
opposite was found for sediment, nitrate, and inorganic phosphorous. In this model, a 2% threshold
was chosen to minimize the number of streams that were pruned from the network.
In addition to model-generated monitoring points that are automatically placed at the outlet of
each sub-watershed, additional user-defined points were manually added at existing USGS flow gage
locations (Figure 1) [47] to permit calibration and validation with observed streamflow data from
these sites. There are no existing flow gages at the watershed outlets; additionally, SWAT is unable to
account for tidal influence so model calibration for the entire study area would not be possible even if
gages existed.
2.3.2. Hydrologic Response Unit Definition
The NLCD 2011 dataset [32,48] was used as the land-use input for this model. After the land-use
data is entered in the model, the original NLCD land classes are reclassified into SWAT land-use classes
(Table 1).
SWAT can accept multiple types of soil data as input, including Soil Survey Geographic
(SSURGO) data, State Soil Geographic (STATSGO) data, or user-defined soils. STATSGO is a national
inventory of soils and non-soil areas and was created by generalizing more detailed soil maps and is
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considered appropriate for regional or river-basin-scale resource planning, management, and modeling.
Additionally, SWAT already contains databases for all STATSGO soil geography and tabular data in the
United States. STATSGO was used as the SWAT soil input due to its appropriateness for the large size
of the basins being modeled, the relative ease at which it could be used, and the shorter computational
time required in comparison to SSURGO. Percent areas of STATSGO soil classes are given in Table 2.
The third component of the hydrological response unit definition is slope, which was calculated
from the original DEM file. At the spatial resolution of the DEM used here (10 m), approximately 92%
of the slope values in both basins fell within the 0%–2% range, with only 8% in exceedance. Therefore,
slope was not discretized into multiple classes and was considered as a single class.
Finally, slope, soil, and land use were intersected to further discretize the sub-watersheds into
unique combinations of land use/land cover, soil, and slope, referred to as hydrological response units
(HRUs). HRUs were not aggregated to maintain their unique spatial identity.
2.3.3. Climate
CFSR is a third-generation reanalysis product that is a high-resolution coupled
atmosphere–ocean–land–sea–ice system [49]. CFSR depends on both historical and operational archives
as well as reprocessed sets of observations. In early model trials using measured precipitation data from
rain gage stations, we noted that there were inconsistencies between patterns in measured precipitation
and streamflow. This relationship was also observed for the Chinquapin gage location (Figure 1) by
Rajbhandari et al. [17]. This likely arose due to missing values in the climate records at several stations
or because the precipitation record assigned to the upstream sub-watersheds was not representative of
the actual precipitation. The gridded CFSR product is averaged over spatial scales and has no missing
values, so it may better characterize the climate of this larger region.
The Penman–Monteith method was used to generate potential evapotranspiration (PET) values [5].
SWAT computes evapotranspiration (ET) from soils and plants separately. Potential soil water ET was
estimated as a function of PET and the leaf area index (LAI), which is provided for each land-use type
in SWAT’s databases. Actual soil water ET was estimated by using exponential functions of soil depth
and water content. Plant water ET was simulated as a linear function of PET and LAI [5]. Transmission
losses were calculated using Lane’s method [50].
2.3.4. Hydrologic System and Soil Loss Estimation
After HRU discretization and the input of climate parameters, SWAT simulates the hydrologic
system based on the water balance equation for the hydrologic cycle [5]. This includes four control
volumes: surface, soil profile or root zone, shallow aquifer, and deep aquifer [5]. Surface runoff (SURQ)
volume was predicted for daily rainfall using the Soil Conservation Service (SCS) curve number
equation [51], with peak runoff rate being estimated with the modified Rational formula and SCS
TR-55 method [52]. The SWAT percolation (PERC) component redistributes infiltrated water in the soil
profile using a storage routing technique combined with a crack-flow method to predict flow through
each soil layer. The water can then flow laterally towards a stream or percolate into the shallow or
deep aquifers. Water that percolates to the deep aquifer is considered lost from the system [5]. Lateral
subsurface flow was calculated simultaneously with PERC using a kinematic storage model [53] to
predict lateral flow through each individual soil layer in a soil series. Groundwater contribution to total
streamflow is simulated by creating a shallow aquifer storage component [5]. Thus, streamflow may
include contributions from SURQ, lateral flow from the soil profile, or return flow from the shallow
aquifer. The Muskingum Method [54] was used as the channel flow routing method.
SWAT simultaneously computes sediment-related processes for each sub-watershed using the
Modified Universal Soil Loss Equation (MUSLE) [55]. MUSLE provides estimates for sheet and rill
erosion and considers multiple factors affecting soil loss and sedimentation, including soil erodibility,
crop management, erosion control practices, slope length, and steepness, such that
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0.56
Y = 11.8 V qp
∗ K ∗ C ∗ PE ∗ LS

(1)

where Y is sediment yield in tons, V is surface runoff in m3 , qp is peak flow rate in m3 s−1 , K is soil
erodibility factor, C is crop management factor, PE is the erosional control practice factor, and LS
is length slope factor [5]. K, C, PE, and LS are computed using the land use, soil, and slope inputs
discussed previously. Computations for water, sediment, and nutrients are routed from sub-watershed
outlets to the basin outlet. In SWAT, sediment yield at each sub-watershed outlet is quantified in
the OUTPUT.RCH file (SED_OUT.rch), while sediment delivery to streams is better approximated
using SYLD.sub, which is in the OUTPUT.SUB file. SYLD.sub is a measurement of sediment from
the sub-watershed that is transported to the reach during a given time-step and is referred to here as
sediment loss. In SWAT, sediment yield (SED-OUT) differs from erosion rate or sediment loss rate in that
it quantifies sediment delivery to a point within the landscape (in this case, sub-watershed outlets) and
can be related to observational data such as total suspended solids (TSS) in streams and rivers [56]. It is
much easier to correlate SED_OUT with observational data, as it can be estimated using measurements
of total suspended solids (TSS), assumptions, and knowledge of settling and resuspension. SYLD,
the quantity of sediment from the sub-watershed that is transported to the reach during a given
time-step, is more difficult to validate due to lack of observational data relating to sediment loss or
erosion rates. Additionally, there may not be much similarity between rates of sediment loss and
sediment yield due to colluvial and alluvial storage occurring within watersheds [56,57].
2.4. SWAT Model Simulations and SWAT-CUP Model Validation
The SWAT model was simulated from 2000 to 2011 using a 7-year warm up period. During the
warm-up period, the model generates but does not record output values. It is typically recommended
to use a warm-up period between 3 and 10 years to allow model values to equilibrate, with longer
periods being required when accounting for non-hydrologic constituents such as sediment. Outputs are
calculated on a daily time-step but can be recorded as monthly or annual averages or totals. Our model
was calibrated using observed total monthly streamflow for two gages (Chinquapin and Tomahawk,
Figure 1) using the SWAT Calibration and Uncertainty Program (SWAT-CUP) [57]. We also assessed
average annual rates of SURQ, PERC, and SYLD during the validation period and compared them to
previously published observed values for southeastern Coastal Plain watersheds.
SWAT-CUP [58] was designed to aid in the model calibration process using multiple possible
calibration algorithms that will run until an objective function is satisfied. The SUFI-2 algorithm [59,60]
was used for calibration, validation, sensitivity, and uncertainty analysis of our model parameters.
SUFI-2 calculates all uncertainties (parameter, conceptual model, input, etc.) while trying to capture
most data in the 95% prediction uncertainty (95PPU) of the model in each iteration. SUFI-2 recognizes
that there is more than one possible solution to an objective function because parameters are non-unique,
and so will produce a solution space rather than one unique solution [59]. Users can identify and
modify the parameters that relate to hydrologic processes in the basins of interest. Selection of these
parameters should be done based on expert knowledge of the hydrologic processes in the study area,
or those that have been suggested in the literature for study areas with a similar hydrology.
SWAT-CUP has multiple objective functions by which to assess the model, including Nash–Sutcliff
Efficiency (NSE) [61], R2 , and mean square error (MSE). In this study we selected NSE as the
main objective function by which we evaluate our model because it is widely used in hydrologic
simulations [5,15,17–19]. NSE (Equation (2)) is a normalized statistic used to compare the relative
magnitudes of the residual variance (referred to as “noise”) and the measured data variance [61].
PN 
i=1

Qi, observed − Qi, simulated

i=1

Qi, observed − Qi, simulated

NSE = 1 − P 
N

2
2

(2)
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NSE can ranges from −∞ to 1. NSE values between 0 and 1 are considered acceptable, with 1
indicating exact agreement between measured and observed values. NSE values greater than 0.65 are
considered good or very good, values between 0.50 and 0.65 are acceptable, and values below 0.5 are
unacceptable. The limitations of NSE are that it is sensitive to extreme values, such as peak flow and
hydrograph shape [19]. We evaluate R2 as an additional assessment metric.
Two indices termed the p-factor and r-factor [59,60] are unique to SWAT-CUP. The p-factor is
the percentage of data bracketed by the 95PPU and can range from 0% to 100%. Often the p-factor
is expressed as a decimal value ranging from 0 to 1, where a p-factor of 1 indicates exact agreement
between observed and predicted values. It is recommended that a p-factor value greater than 0.70 to
0.75 (or 70%–75%) is adequate for a calibration to be considered successful but is largely dependent on
the scale of the project and the accuracy of the input data [62]. The r-factor is the average width of the
uncertainty band divided by the standard deviation of the measured variable and can range from 0 to
∞ [58,59]. An r-factor of 0 indicates exact agreement between observed and predicted values, and it is
recommended that the value be less than 1.5 for the model calibration to be considered successful [62].
Often, trade-offs must be made between achieving an acceptable p-factor and r-factor since achieving
a larger p-factor will also result in a larger r-factor. These statistics were used as additional model
performance evaluation measures in our study, with NSE being the primary metric by which we judge
model success.
We selected 17 parameters for calibration that relate to surface runoff, soil properties, river
hydraulics, and groundwater parameters (Table 4), based on previous research in similar Coastal Plain
watersheds [17–19]. These parameters are described in detail in the SWAT Theoretical Documentation [8].
Additionally, we calibrated the parameters separately for each stream gage after initially poor results
were obtained when trying to calibrate them jointly (i.e., an increase in the acceptability of the objective
function of one gage would lead to a reduction in the acceptability of the objective functions of the other,
indicating that parameter values were not the same in each of the calibrated areas). Four iterations of
500 simulations each for the two basins were run using years 2007 and 2008 as the calibration years.
The calibration period was similar to other studies that have implemented SWAT within the Coastal
Plains [14,19,20]. The calibrated values from the fourth iteration were used in the validation iteration
of 500 simulations for years 2010 and 2011.
Table 4. Calibration parameters and initial ranges used in SWAT-CUP. The letter “r” indicates a relative
change in value, while the letter “v” indicates a replacement. Parameter descriptions are available in
Neitsch et al. [8].
SWAT Parameter

Description

Absolute Values

Initial Range

r_CN2.mgt
v_ALPHA_BF.gw
v_GW_DELAY.gw

Curve number, moisture condition II
Baseflow recession constant, days
Groundwater delay, days
Threshold water depth in shallow
aquifer for return to reach to occur (mm)
Main channel Manning’s “n”
Saturated hydraulic conductivity, mm/h
Soil evaporation compensation factor
Available soil water capacity, mmH2 O
per mm of soil
Groundwater re-evaporation coefficient
Manning’s “n” value for overland flow
Initial groundwater height (m)
Moist bulk density (Mg/m3 or g/cm3 )
Deep aquifer percolation fraction
Specific yield of the shallow aquifer
(m3 /m3 )
Lateral flow travel time (days)
Plant uptake compensation factor
Average slope length (m)

35–98
0–1
0–500

−0.2–0.2
0–1
30–450

v_GWQMIN.gw
v_CH_N2.rte
r_SOL_K().sol
v_ESCO.hru
r_SOL_AWC().sol
v_GW_REVAP.gw
r_OV_N.hru
v_GWHT.gw
r_SOL_BD().sol
r_RCHRG_DP.gw
r_GW_SPYLD.gw
v_LAT_TTIME.hru
r_EPCO.hru
r_SLSUBBSN.hru

0–5000

0–5000

−0.01–0.3
0–2000
0–1

0–0.3
−0.8–0.8
0.8–1

0–1

−0.2–0.4

0.02–0.2
0.01–30
0–25
0.9–2.5
0–1

0.02–0.2
−0.2–0
0–25
−0.2–0.2
−0.8–0.8

0–0.4

−0.5–0.5

0–180
0–1
10–150

0–180
−0.5–0.5
−0.6–0.6
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3. Results and Discussion
3.1. SWAT
There was a 98.7% overlap between the SWAT-generated basins and the USGS hydrologic
unit boundaries that were used as the boundary for watershed delineation (Figure 1). There were
58 sub-watersheds, of which 23 were in the Black and 35 in the NECF (Figure 1). A total of 3227 unique
HRUs were generated that represent 244 different land use–soil combinations.
3.2. Precipitation
Statistics for the CFSR data used in SWAT are presented in Table 5. Two years, 2007 and 2011, were
low precipitation years, while 2008 and 2010 were closer to the average expected in this region [35,63].
The averages for both the calibration and validation periods were slightly lower than expected by
Arguez et al. [35] due to the inclusion of a low precipitation year within each period; however, averages
during these periods closely match historical averages calculated by Coes et al. [63] for this region of
the Coastal Plain. Similar precipitation totals were reported for 2007 and 2008 (903 mm and 1337 mm,
respectively) by Endale et al. [64], which supports the accuracy of the annual totals supplied by the
CFSR dataset for the southeastern Coastal Plain region. The averages and ranges of precipitation are
similar between the calibration and validation periods (Table 5).
Table 5. Statistics for the Climate Forecast System Reanalysis (CFSR) precipitation data used in SWAT.
Because there was some variation in total monthly precipitation for the 58 watersheds used in this
study, the values reported are an average of all watersheds during each stated time period.
Year

Avg (mm)

Min (mm)

Max (mm)

2007
2008
2010
2011
Calibration (2007 and 2008)
Validation (2010 and 2011)

999
1305
1147
876
1152
1012

737
1016
964
717
737
717

1105
1366
1289
1095
1366
1289

3.3. SWAT-CUP
3.3.1. Model Performance
The statistical results of the calibration and validation are presented in Table 6. The overall
performance of the model in terms of NSE values was acceptable to very good depending on the gage
and time period. During the calibration period, the model achieved NSE values of 0.67 and 0.60 for
calibration at Chinquapin and Tomahawk, respectively. The NSE values for the validation period were
0.84 at Chinquapin and 0.91 at Tomahawk, indicating very good performance. Because the gages are
located within the middle of the basin and cover a smaller area than the entire study area, the good
agreement for simulated streamflow obtained in these areas may not be the same downstream or at the
basin outlet.
During the calibration period, the Chinquapin model tended to overestimate the flow (Figure 2a).
Deviations from the observed flow were more evident during the second year of calibration when
precipitation was higher (Figure 2a). This could be due to inaccuracies in the spatial or temporal
variability of the precipitation records used in this model or deficiencies in the initial conditions
in the model parameters. Previous studies in Coastal Plain watersheds in this region discuss flow
inconsistencies that were possibly associated with localized rainfall distributions not being adequately
represented in the precipitation records [17,19]. The 95PPU bracketed 71% the observations (p-factor)
during the calibration period at Chinquapin (Table 6; Figure 2a). At Tomahawk during this same
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period, the 95PPU encompassed fewer observations at 54% (Table 6; Figure 2b). The r-factor values at
both gages were acceptable.
Table 6. SWAT Calibration and Uncertainty Program (SWAT-CUP) objective function results for the
calibration and validation periods.
Calibration (2007 and 2008)
Gage

p-factor

r-factor

R2

NSE

Chinquapin
Tomahawk

0.71
0.54

0.86
0.58

0.76
0.61

0.67
0.60

R2

NSE

Validation (2010 and 2011)
p-factor
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in the year
precipitation
record, but
is also
but
is also
possibly
related to
2011 being
a low precipitation
(876 mm compared
to 1147
mm possibly
in
2010), where shallow aquifer discharge contributes more to streamflow than surface or lateral flow
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related to 2011 being a low precipitation year (876 mm compared to 1147 mm in 2010), where shallow
aquifer discharge contributes more to streamflow than surface or lateral flow [19,65]. SWAT is limited
in its ability to estimate low flow due to deficiencies in its groundwater module [19].
3.3.2. Parameter Sensitivity
The sensitivity rankings of the 17 parameters varied between gages (Table 7). In the Tomahawk
drainage, four of the top five most sensitive parameters (the groundwater re-evaporation coefficient
(GW_REVAP), initial groundwater height (GWHT), specific yield of the shallow aquifer (GW_SPYLD),
and the baseflow recession constant (ALPHA_BF)) were related to groundwater properties with
one being a soil property (saturated hydraulic conductivity (SOL_K)). Given the complications in
adequately representing water table characteristics and position in SWAT models, the parameters
associated with the shallow groundwater system will have a larger uncertainty associated with them
if those values are not well-represented. In the Chinquapin drainage, only two of the top five most
sensitive parameters were related to groundwater (ALPHA_BF and GW_SPYLD), while two were
soil properties (SOL_K and available soil water capacity (SOL_AWC)) and one a land surface/land
cover characteristic (Manning’s “n” for overland flow (OV_N)). There are also differences between the
best fitted values for most variables, which supports our initial assumption that the parameter values
varied between the basins. For example, SOL_K was ranked as the third most sensitive parameter
in both drainage areas, but the fitted value for Chinquapin was a relative increase and in Tomahawk
it was a relative decrease (Table 7). The uncertainty in parameters relating to soil properties likely
resulted in part from the incorporation of low-resolution STATSGO in our model; however, most of
the uncertainty seems to be introduced by the lack of representation of accurate groundwater and
aquifer characteristics (especially for the Black basin). Based on our results, it seems important when
modeling Coastal Plain watersheds to consider that existing hydrologic conditions may vary widely,
even between basins or watersheds in close physical proximity to each other. Model accuracy would
improve by increasing the spatial representation of aquifer and groundwater characteristics within
each sub-watershed. For example, aquifer and groundwater properties, such as initial water table
height or groundwater specific yield, could be parameterized at the sub-watershed or HRU level based
on physical water-table depth measurements or a gridded depth-to-water table dataset to improve the
representation of these properties in the initial SWAT model.
Table 7. Parameter best value estimates and sensitivity rankings using SUFI-2 in SWAT-CUP for the
Black and Northeast Cape Fear basins for the validation years 2010–2011.
Chinquapin

Tomahawk

Parameter

Sensitivity

Best Value

Sensitivity

Best Value

v_ALPHA_BF.gw
r_OV_N.hru
r_SOL_K().sol
r_GW_SPYLD.gw
r_SOL_AWC().sol
v_LAT_TTIME.hru
v_GW_REVAP.gw
r_EPCO.hru
v_GWHT.gw
v_GWQMIN.gw
r_CN2.mgt
r_RCHRG_DP.gw
v_ESCO.hru
r_SLSUBBSN.hru
r_SOL_BD().sol
v_CH_N2.rte
v_GW_DELAY.gw

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17

0.54
0.001
0.49
0.22
0.67
148.81
0.21
0.57
2.65
0.96
−0.21
−0.58
0.77
−0.09
0.22
0.15
13.75

5
8
3
4
11
9
1
16
2
7
13
10
6
15
14
17
12

0.38
−0.032
−0.65
0.53
−0.001
82.27
0.20
0.06
1.75
3.11
0.04
−0.70
0.71
0.20
0.07
0.23
67.11
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3.4. SURQ and PERC
The simulated yearly average surface runoff (SURQ) ranged from 7 to 213 mm/yr with a mean
of 95 mm/yr for the entire study area during the validation period (Figure 3). The calibrated
sub-watersheds for the Chinquapin and Black ranged from 7 to 106 mm/yr. In northeastern North
Carolina, the estimated annual surface runoff is about 125 mm/yr [66] based on an average precipitation
of 1270 mm/yr, while in Brunswick County (located south-southeast of our study area) annual surface
runoff is estimated to be about 230 mm/yr based on an average precipitation of 1400 mm/yr [67]. These
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of sediment. Where OV_N is higher, water will be more resistant to flowing over the land surface,
thus the decrease in OV_N values in Tomahawk would result in increases in overland flow and is
evidenced by the higher SURQ estimates (Figure 3). Our calibration also resulted in a relative increase
to available soil water content (SOL_AWC) of 0.67 (Table 7) in Chinquapin, indicating a greater storage
capacity of soil moisture in those sub-watersheds. Chinquapin has a higher percentage of Group A
soils (40%) than Tomahawk (26%) and an overall greater percentage of combined Group A and B soils
(90% versus 82%). The greater ability of the soils to store water in the watersheds of Chinquapin would
also serve to reduce SURQ rates relative to watersheds of Tomahawk, as evidenced in Figure 3.
Simulated yearly average percolation (PERC) ranged from 79 to 349 mm/yr with a mean of
184 mm/yr for the entire study area during the validation period (Figure 3). The sub-watersheds
included in the SWAT-CUP model ranged from 79 to 245 mm/yr with a mean of 160 mm/yr. We were
unable to find any studies of long-term estimates or measurements of percolation specifically, though
Wilder et al. [66] and Hardin et al. [67] estimated annual recharge to the water table to be about 280 mm,
of which about 25 mm percolated to the deep aquifer and the remainder was returned to the stream
channel via subsurface flow. These estimates are within the range of our model predictions for the
uncalibrated portion of our model, where the streams are more similar to those found in northeastern
North Carolina, in that the major streams are tidally influenced and the non-tidal streams are small
and have little slope [66]. Lower overall precipitation is also a factor that partially contributes to the
lower rates of PERC in the upper reaches of the basins relative to the lower reaches.
In the Chinquapin drainage, PERC ranged from 87 to 245 mm/y with a mean of 172 mm/yr
(Figure 3). The Tomahawk drainage ranged from 79 to 196 mm/yr with a mean of 143 mm/yr.
Percolation of water across the unsaturated zone is affected by differences in hydraulic conductivity.
The fitted values of saturated hydraulic conductivity (SOL_K) were a relative change of 0.45 and
−0.65 for Chinquapin and Tomahawk, respectively (Table 7). Even though rates of PERC are higher at
Chinquapin, lateral flow travel time (LAT_TTIME) was also higher (148.81 days vs. 82.27 days for
Tomahawk), indicating a longer travel time for sub-surface water to travel laterally to streams (Table 7).
One factor that could explain this relationship is the higher percentage of 2.5% and landscape position
of the WETF at Chinquapin (Table 1). In upland areas where the stream valleys are quite swampy,
there is a lack of drainage of the swamps through the shallow aquifer [38]. The difference of 2.5% is not
that great; however, the WETF at Chinquapin are noticeably more concentrated around the streams
and thus act as a buffer to both surficial runoff and lateral discharge to streams. These wetland areas
are also coincide with hydrologic group D soils, which impede the movement of water.
Though not analyzed at length within this study, we feel it important to briefly discuss our model
predictions for evapotranspiration (ET)such that our estimates for SURQ and PERC can be discussed
in context of the overall regional water budget because equifinality problems between hydrologic
processes may induce inaccurate estimates. During 2010, predicted ET ranged from 621 to 1184 mm
with an average of 892 mm when considering the entirety of the study area. During 2011, predicted ET
ranged from 615 to 1108 mm and averaged 841 mm over the entire study area. Within this region of the
U.S. Atlantic Coast Plain, annual ET averages are estimated to be 50% to 69% of the total precipitation,
or generally 710 to 800 mm/yr with some areas experiencing rates of 810 to 900 mm/yr [70]. Given our
previously discussed precipitation within the study area (Table 5), our average ET estimates were 77%
of total precipitation for 2010 and 96% of total precipitation for 2011, but both averages were within the
average range reported by Sanford and Selnick [70]. Average PET for the study area was estimated to
be 1480 mm for both years. It is possible that PET was overestimated by our model for all or portions
of the study area, meaning that average ET was also overestimated. Thus, a specific water balance
analysis would be beneficial in the future development of the model to assess if the overestimations
are continuous throughout the study area or can be improved by using a different PET estimation
method [18].
Ours is the first study within the Black and NECF basins to use the SWAT model to estimate rates
of runoff and percolation, as well as is the first study to fully assess SWAT model performance for
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streamflow prediction along with parameter sensitivity analysis in these basins. Our model improves
upon previous predictions in that they are more specific to our study area and provide estimates at the
sub-watershed level, rather than being generalized water budget estimations for the North Carolina
Coastal Plain. Overall, no work has been conducted previously in the southeastern Coastal Plain to
assess SWAT model performance of either runoff or percolation rate estimations over such a large area
or between multiple basins with spatially varying hydrology. There are still major gaps in knowledge
of the hydrologic system in our specific study area due to little observational data by which to validate
our model predictions, though our SURQ and PERC estimates are generally consistent with what is
reported in previous literature for nearby watersheds of the North Carolina Coastal plain and could
be considered in future model development within the Black and NECF basins. Our estimates for
both SURQ and PERC could be improved by running a simulation over a longer time period that
included a more equal number of wet, dry, and average years, or by using a longer calibration period.
Implementing a modified percolation routing for SWAT that better simulated saturation close to the
surface may have improved PERC estimates in wetland areas or simulation under wet conditions [71].
Model estimations could also be improved by incorporating higher spatial resolution soil data, such as
SSURGO, or by initially parameterizing aquifer and groundwater characteristics at the sub-watershed
or HRU level.
3.5. Sediment Loss
SYLD was used to approximate sediment loss, or the quantity of sediment from the sub-watershed
that was transported to the reach during a given time-step (see Methods for previously discussed
differences between sediment process estimations in SWAT). Simulated yearly average SYLD ranged
from 0.02 to 1.5 ton/ha/yr with a mean of 0.48 ton/ha/yr for the entire study area during the validation
period (Figure 4). The sub-watersheds included in the SWAT-CUP model ranged from 0.02 to
0.78 ton/ha/yr with a mean of 0.31 ton/ha/yr. Average annual sediment loss rates for southeastern
North Carolina are estimated to be about 0.5 tons/ha [72], thus our prediction range is reasonable and
our overall
average
is nearly identical that of the USDA-NRCS [72] study.
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Figure 4. Yearly average estimates of Sediment Yield (SYLD) from the validation period of 2010–2011
Figure 4.
Yearly average estimates of Sediment Yield (SYLD) from the validation period of 2010–2011
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In the North Carolina Coastal Plain, soil erosion is often overlooked because it is thought to be
relatively insignificant given the overall low slopes and larger particle size of sediments, though
research suggests it is higher than previously assumed [57,64,73] and may therefore be a significant
contributor to stream pollution in regions such as this where pollutants are likely sorb to soil particles.
Several studies have demonstrated that the largest sediment losses or sediment yields have occurred
following major precipitation events [64,72,74] because of the increased runoff generated during
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Sediment loss is influenced both by rates of runoff and by soil properties such as hydrologic soil
group and soil texture and tends to be least for hydrologic soil group A because of its large particle size
and high drainage capacity [51]. Hydrologic soil group A comprises 33% and 27% of the Black and
NECF basins, respectively (Table 2). The dominant hydrologic soil group in both the Black and NECF
basins was B, encompassing about 40% of the total area of each. Chinquapin watersheds ranged from
only 0.0225 to 0.165 ton/ha/yr with an average of 0.07 ton/ha/yr, while Tomahawk watersheds ranged
from 0.44 to 0.68 ton/ha/yr with an average of 0.62 ton/ha/yr. The higher percentage of well-drained,
large particle size soils in Chinquapin is likely one of the largest influencers on the overall lower rates
of SYLD estimated for Chinquapin (Figure 4). More analysis is needed to quantify individual soil class
or hydrologic soil group contribution to SYLD.
In the North Carolina Coastal Plain, soil erosion is often overlooked because it is thought to be
relatively insignificant given the overall low slopes and larger particle size of sediments, though research
suggests it is higher than previously assumed [57,64,73] and may therefore be a significant contributor
to stream pollution in regions such as this where pollutants are likely sorb to soil particles. Several
studies have demonstrated that the largest sediment losses or sediment yields have occurred following
major precipitation events [64,72,74] because of the increased runoff generated during these events
due to the high antecedent soil water conditions that follows major precipitation events. Currently,
our results are best used as estimations of relative rates of sediment that is transported from the land
surface to the stream channel between sub-watersheds in the context of regional watershed planning.
More work is needed to assess soil type effect on SYLD in this region, including assessment at smaller
timesteps and possible incorporation of higher spatial resolution soil data. Improvements could be
made to our model by calibrating SED_OUT with TSS data, though this may lead to underestimations
in SYLD because the specific rates of sediment storage have not been quantified for this region and
thus cannot be accounted for in the model. Sources of inaccuracies in our reported rates of SYLD may
be due to a lack of input data or improper parameterization relating to alluvial soil storage or sediment
routing. Having physical measurements of rates of erosion or sediment loss from the land surface by
which to assess the validity of our findings would help in correcting inaccuracies as well as broadening
the applications for these results.
3.6. Model Integration and Application
The outputs generated from this model help to quantify relative rates of hydrologic or
hydrologically influenced processes operating in this shallow-aquifer-dominated system that may
mobilize pollutants into the stream channels. Used alone or in conjunction with additional data (e.g.,
densities of CAFO or livestock), this model can assist watershed managers in identifying watersheds
that are at risk for water quality degradation. Modeled rates of runoff, percolation, and sediment yield
may serve as a guide for additional hydrological analysis or field-based research to collect observed
values of these processes and definitively assess the accuracy of our model predictions. Additionally,
developing accurately parameterized hydrologic models is crucial for high-water table regions such as
the southeastern Atlantic Coastal Plain due to the predicted increases in extreme precipitation event
intensity and frequency, increases in temperature, decline in agricultural productivity, and changes to
moisture regimes that are associated with future global climate change [75]. One consequence of these
predicted changes is the increase in rainfall erosivity, runoff, and soil erosion [76], which may induce
changes in water quality by increasing mobilization of pollutants into surface waters. Our ability to
construct highly accurate hydrologic models under current climate conditions will increase our ability
to assess the potential impacts of climatic variability, extreme precipitation events, or changes in land
use or productivity on the regional hydrology and water quality. While our model does not specifically
assess performance in high precipitation years, this would be possible within the described model
framework and is one potential opportunity in the future application of this model.
One of the largest limitations of our model is our inability to assess parameter sensitivity
throughout the entire study area due limitations within that SWAT framework that prevent us from
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calibrating the model with streamflow at the basin outlets, since these areas are subject to tidal
influence. Given this limitation, the uncertainty in model predictions cannot be quantified except
for in the calibrated portions of our basins. Additionally, results within the lower basin may be
significantly different if tidal processes are accounted for, thus the results in uncalibrated areas should
be interpreted with more scrutiny than in calibrated sub-watersheds. There are possible alternatives
that exist by which to overcome this limitation, such as calibrating and validating the SWAT model
using a hydrologic cycle component other than streamflow. For example, SWAT models have been
successfully calibrated using remotely sensed ET [77] or remotely sensed soil moisture [11]. The use of
remotely sensed data or associated products is expected to overcome many of the current limitations to
hydrologic modeling in general and will lead to a more realistic simulation of hydrologic processes [11],
especially in ungaged or poorly gaged watersheds.
4. Conclusions
The results from our multi-year SWAT model calibration and validation demonstrate the
effectiveness of incorporating gridded precipitation products into hydrological assessment models
within the Atlantic Coastal Plain. Our model is the first of its kind to simultaneously assess streamflow,
runoff, percolation, and sediment loss rate estimations using daily CFSR gridded climate data, and one
of few studies that utilizes CFSR in Coastal Plain watersheds. Our model improves on previous rate
estimations of runoff, percolation, and sediment loss by providing basin- and sub-watershed-specific
estimates as opposed to estimates for the larger southeastern Atlantic Coastal Plain. Streamflow
predictions at two gages resulted in acceptable results for the two-year calibration period (NSE = 0.67
and 0.60) and very good results during the two-year validation period (NSE = 0.84 and 0.91). SWAT
model estimates for runoff, percolation, and sediment yield were all within reasonable ranges for this
region of the Coastal Plain. However, estimates for the uncalibrated portions of the study area are
more uncertain due to the inability to calibrate the model and tidal influence within these areas, due
to the effects that tidal influence may have on ground- and surface-water dynamics. Additionally,
we provide the first SWAT parameter assessment for the Black and NECF river basins. Our parameter
sensitivity results highlight the need for detailed model refinement of initial parameters that relate to
groundwater or aquifer properties at higher spatial resolutions for shallow water-table dominated
hydrologic systems. Additionally, improvements are needed to the potential evapotranspiration
estimates to further refine model predictions.
Long-term hydrologic models, as presented here, are a critical source of the scientifically-based
information needed to make sound management decisions that sustain and protect the quality of
regional water resources. The study results point to the utility of incorporating gridded climate
products such as CFSR for hydrologic models in shallow-aquifer-dominated Coastal Plains systems
where observational gage records are incomplete or inaccurately represent large-scale precipitation
patterns. Our model provides the basis for future model development and parameterization refinement
in the Black and NECF basins in support of regional watershed management plans. Further research is
also needed to evaluate the effects of changes in climate or land use on dominant hydrologic processes
within this region, as well as assessing model improvement through the incorporation of remotely
sensed hydrologic data, such as ET or soil moisture.
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