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The Chesapeake Bay (CB) is the largest and most productive estuary in the 

United States (US), supporting more than 3,600 species of plants and animals (CEC, 

2000). Degrading water quality of the CB estuaries requires implementing 

conservation practices to reduce excessive nutrients loads from agricultural lands. 

The role of both winter cover crops (WCCs) and wetland restoration and 

enhancement in reducing agricultural nutrient loads on the Coastal Plain of the 

Chesapeake Bay Watershed (CBW) has been widely recognized. In order to 

effectively reduce nutrient loads using two conservation practices, it is important to 

understand their long-term, cumulative impacts at the watershed scale. A watershed 



  

modeling approach has been recommended to simulate the cumulative effects of 

conservation practices on nutrient loads at the watershed scale. When using a 

watershed modeling approach, accurate characterization of physical processes of 

conservation practices within a modeling context and consideration of multiple 

stressors (e.g., climate change and human activities) are critical for obtaining reliable 

information. This dissertation has sought to characterize and evaluate the long-term 

impacts of WCCs and wetlands on hydrology and water quality at the watershed 

scale, using a watershed modeling approach in conjunction with remotely sensed 

data. 

 The WCCs are planted during winter fallow seasons to absorb residual soil 

nitrate. The WCC nitrate uptake capacity is dependent on its biomass as soil nitrate is 

being converted to WCC biomass. The WCC growth was first estimated using 

landscape-level biomass observations derived from remotely sensed data and field 

measurements to accurately represent WCC nitrate uptake efficiency. Then, the long-

term effect of WCC on nitrate loads was evaluated at the watershed scale by 

considering WCC planting methods, soil properties, and crop rotations. The 

simulation results represent the typical growth pattern of WCCs observed in this 

region, and demonstrate the most effective WCC implementation method for 

enhanced WCC water quality benefits, regarding local characteristics.  

Inundation is a key abiotic factor characterizing wetland ecosystem functions 

including water purification. Thus, the accurate prediction of the spatial distribution 

of inundation can indicate the capacity of wetlands to remove nutrient loads at the 

local landscape scale. An integrated wetland-watershed modeling approach is 



  

presented to show how remotely sensed data can be used to improve spatial 

prediction of wetland inundation while reducing prediction uncertainty. The 

simulation results demonstrate that the model prediction with wetland parameters 

derived from remotely sensed data accurately replicates the observed spatial 

inundation pattern. These findings provide useful information for identifying the 

locations in need of wetland restoration and enhancement. 

A watershed modeling approach that incorporated remotely sensed data 

accurately demonstrates the effective way to implement WCCs and wetland 

restoration and enhancement for reducing agricultural nutrient loads. Therefore, this 

dissertation would contribute to achieving nutrient reduction goals of the CB. 
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Chapter 1 Introduction 

1.1 Background 

The Chesapeake Bay (CB) is the largest and most productive estuary in the 

United States (US), supporting more than 3,600 species of plants and animals (CEC, 

2000). Degrading water quality of the river basins of the Chesapeake Bay Watershed 

(CBW) requires implementing conservation practices to reduce excessive nutrients 

loads from agricultural lands. Both winter cover crops (WCCs) and wetland 

restoration and enhancement have been recommended as effective conservation 

practices to reduce agricultural nutrient loads from the Coastal Plain of the CBW, 

where agricultural lands are most abundant within the CBW. To accomplish the 

nutrient reduction goals using the these conservation practices, their long-term 

cumulative impacts on reducing nutrient loads should be understood at the 

management scale specified in current conservation strategies and plans to effectively 

implement conservation practices. 

A watershed modeling approach has been emphasized as it is capable of 

predicting the long-term cumulative impacts of conservation practices on water and 

nutrient budgets at the management scale (Di Luzio et al., 2004; Van Liew et al., 

2007; USEPA, 2010b). Accurate assessment of conservation practices using a 

watershed modeling approach requires accurate representation of model parameters 

or structures associated with conservation practices. However, our understanding of 

the impacts of WCCs and wetland restoration and enhancement at the watershed scale 

are currently limited. 
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1.1.1 Conservation practices for coastal ecosystems 

 The implementation of conservation practices is increasingly necessary for 

coastal ecosystems (i.e., estuaries) to maintain biodiversity, productivity, and a wide 

range of ecosystem services being provided by them (UNEP, 2011). Over the past 

several decades, overfishing, development, destruction, and pollutant loads have 

deteriorated the overall health of coastal ecosystems (Smith, 2003). Nutrient loads are 

identified as one of main contributing factors (Smith, 2003). Rapid population 

increases have also led to land transformation (e.g., forest to urban or agricultural 

lands) in order to meet the demand for residential areas and food (Smith et al., 2006), 

resulting in excessive nutrient loads to estuaries. Increased nitrogen (N) and 

phosphorus (P) loads to coastal ecosystems resulted in over-reproduction of 

phytoplankton biomass and eutrophication (Smith et al., 2006). As a result, 

submerged aquatic vegetation, and population of fish and shellfish dramatically 

decreased in estuaries (Smith, 2003 and Smith et al., 2006). Accordingly, the control 

of nutrient loads has become an urgent environmental problem for mitigating 

deterioration of the health of coastal ecosystems. 

 

1.1.2 Deterioration in the Chesapeake Bay region and conservation efforts  

 Water quality degradation of the CB has been known as the single most 

critical problem within the CB and mainly attributed to agricultural nutrient loads 

from its drainage area, the CBW. Agricultural lands that cover only 25 % of the CBW 

have been reported to be responsible for 42 % of the total N loads to the Bay (CBP, 

2016). Atmospheric deposition (24 %), septic (3 %), wastewater flow (15%), and 
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urban runoff (16 %) are also identified as N sources (CBP, 2016). The Coastal Plain 

of the CBW is known to be a critical source of nutrient loads due to abundant 

agricultural lands (Fisher et al., 2010; Ator and Denver, 2012).  

In response to continuous degradation of the CB and its watershed, numerous 

efforts have been made to improve the Bay’s ecosystem. The Chesapeake Bay 

Agreement was first made in 1983 in order to facilitate cooperative conservation 

efforts involving multiple jurisdictions within CBW (Maryland, Virginia, 

Pennsylvania and the District of Columbia) and the US Environmental Protection 

Agency (EPA). This agreement was reaffirmed in 1987, 2000, and 2014 with more 

rigorous conservation goals and participation of three additional jurisdictions across 

the CBW (New York, West Virginia, and Delaware) (CBP, 1983 and 2014). The CB 

Executive Order (EO) 13508 of 2009 was put worth to direct collaborative efforts 

towards the protection and restoration of the Bay’s ecosystem (Federal Leadership 

Committee for the Chesapeake Bay, 2010). In 2010, the USEPA established the CB 

Total Maximum Daily Load (TMDL) due to insufficient progress in water quality 

improvement despite long-term conservation efforts. This regulation limits the 

allowable amount of N, P, and sediment loads to meet target water quality goals 

(USEPA, 2010a).  

 

1.1.3 Agricultural best management practices  

 Agricultural best management practices (BMPs) have been emphasized 

throughout the CBW for the sake of achieving conservation goals. Traditional 

agricultural BMPs were focused on reducing sediment loads, but their focus has lately 



 

 

 

4 

 

turned to alleviating nutrient loads (Camacho, 1990). Cost-share programs have been 

launched to promote the adoption rate of agricultural BMPs on local croplands by 

providing a subsidy for BMP implementation. For example, the Maryland 

Agricultural Water Quality Cost-Share (MACS) program offered $ 31.2 million to 

local farmers for installation of eligible agricultural BMPs in 2015 (MDA, 2015). The 

Virginia Agricultural Best Management Practices Cost-Share Program (VACS) 

established in 1984 has provided economical assistant for BMP implementation and 

educational support for management and conservation methods (VDCR, 2016). Two 

agricultural BMPs (e.g., winter cover crop and wetland restoration and enhancement) 

are strongly recommended on the Coastal Plain where agricultural nutrient loads are 

most prominent within the CBW.  

 

1.1.3.1 Winter cover crop  

 Planting winter cover crop (WCC) is an effective BMP, especially to reduce 

nitrate leached into the groundwater during winter seasons. Besides water quality 

benefits, WCCs contribute to protecting soil erosion, impeding weed growth, 

increasing water infiltration into soil, and improving soil physical properties (Dabney 

et al., 2001). Due to the high effectiveness of WCC at reducing nitrate loads during 

winter seasons, the use of WCCs has been emphasized, and federal and state cost-

share programs are available to farmers to subsidize the cost of implementation 

(Maryland General Assembly, 2007). WCCs were planted on the 475,560 acres of 

MD croplands in 2015 and this treatment was estimated to remove approximately 2.9 

million pounds of N and 95,112 pounds of P (MDA, 2015). The WCC is planted after 

https://www.potomacriver.org/wp-content/uploads/2014/12/ICP90-7_Camacho.pdf
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harvest of summer crops and killed the following spring before planting summer 

crops in order to absorb remaining soil nutrients from summer crop production during 

winter seasons (Hievely et al., 2009; Dabney et al., 2001). Excessive nitrate in soil 

profiles sequestered by WCCs is immobilized by conversion to crop biomass. On the 

Coastal Plain of the CBW, remaining nitrate is easily delivered from agricultural 

lands to receiving water bodies during winter seasons due to low evapotranspiration 

(ET), high groundwater table, and fallow lands (Yeo et al., 2014) and therefore the 

importance of WCC treatment is highlighted in this region.  

 

1.1.3.2 Wetland restoration and enhancement 

Wetlands are unique ecosystems located on the transitional zone between 

aquatic and terrestrial systems (Fretwell et al., 1996). On the landscape, wetlands 

provide a wide array of ecosystem services (Hillman, 1998). For example, wetlands 

are capable of mitigating excessive N loads from agricultural lands. The majority of 

N entering into wetlands is removed via biochemical processes (Bowden, 1987). In 

aerobic conditions, organic N is converted to ammonium, which is a form of N usable 

for plants and microbes. Ammonium oxidized by bacteria is converted to nitrite and 

then nitrite is converted to nitrate through oxidation. This process is nitrification 

(ammonium to nitrate). Nitrate is assimilated by plants or microorganisms, or 

converted to gaseous N by anaerobic bacteria in anoxic conditions, which is 

denitrification (nitrate to N gas). In addition to water purification functions, their 

flooding mitigation and natural habitat benefits play a crucial role in maintaining the 

vitality of ecosystems (Cooper, 1990; Nygaard and Ejrnæs, 2009). 
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Expansion of urban and agricultural lands led to dramatic wetland loss in the 

CBW, resulting in increasing agricultural nutrient loads (Steven et al., 2011). The 

degradation of the Bay’s ecosystem has drawn attention to the importance of wetland 

management. Due to the importance of wetland ecosystem services, wetland 

restoration and enhancement becomes a top priority. The CB Executive Order of 

2009 has set a goal of restoring 30,000 acres of tidal and non-tidal wetlands and 

enhancing the function of an additional 150,000 acres of degraded wetlands by 2025 

(Federal Leadership Committee for the Chesapeake Bay, 2010). To date these efforts 

have resulted in the restoration of the 18,217 acres and the enhancement of 97,738 

wetland acres. Wetland water quality benefit is especially valuable on the Coastal 

Plain of the CBW. Wetlands are densely distributed over this region due to low 

topographic relief and a high groundwater table compared to other regions within the 

CBW (Tiner, 1995). This abundance of wetlands was found to be effective at 

reducing agricultural nutrient loads (Steven et al., 2011).  

  

1.1.4 Necessity of a watershed modeling approach  

To successfully achieve nutrient reduction goals using conservation practices, 

accurate assessment of the impacts of those practices is essential (Santhi et al., 2006). 

Assessment approaches are required to demonstrate the impacts of conservation 

practices at the spatial scale that corresponds to the management unit specified in 

current conservation strategies and plans, but also quantify their long-term impacts 

site by site in response to anthropogenic and natural stressors (e.g., agricultural 

activities and climate changes, respectively) (Santhi et al., 2006). However, the long-



 

 

 

7 

 

term, cumulative effects of WCCs and wetland restoration and enhancement to 

improve water quality have not been fully examined at the watershed scale in the 

CBW. Most available data stem from field measurements, and therefore are not 

directly applicable to the current conservation strategies and planning due to the 

spatial mismatch. In other words, those field-scale data are not sufficient to 

demonstrate the impacts of conservation practices at the management scale because 

field-scale data cannot simply be scaled up or extrapolated for other sites due to the 

variability in landscape physical characteristics and land management practices 

(Hively et al., 2009). 

A watershed modeling approach represents water and nutrient budgets at the 

multiple scales. A watershed is a basic management unit for evaluating the 

performance of conservation practices, and is the context where water and nutrient 

cycles take place. Accordingly, a watershed-scale analysis can accurately represent 

the effects of conservation practices on water and nutrient budgets at the management 

scale. The CB TMDL calls for watershed-level conservation practices, called 

watershed implementation plans (WIPs), by jurisdictions to accomplish the targeted 

water quality standards (USEPA, 2010b). The US Department of Agriculture (USDA) 

Conservation Effectiveness Assessment Project (CEAP) program emphasized that a 

watershed modeling approach is a promising method for accurate evaluation of 

conservation practices (Di Luzio et al., 2004; Van Liew et al., 2007). The USEPA 

also recommends a watershed modeling approach for monitoring water quality and its 

changes by conservation practices (USEPA, 2010b). Hence, assessment of WCC and 

wetland water quality benefits using a watershed modeling approach can provide 



 

 

 

8 

 

important information for current and future conservation policies and plans aimed 

at reducing nutrient loads from the Coastal Plain of the CBW. 

 A watershed modeling approach is a promising tool to evaluate conservation 

practices. This approach is also being regarded as a more feasible alternative to field 

monitoring due to its lower expense, including labor costs (Shirmohammadi et al., 

2006). In the CBW, groundwater flow transports approximately half of the total 

annual N load of streams entering the Bay (Phillips et al., 1999). Nitrate leached into 

the groundwater has substantial residence time on the order of 5 – 40 years (McCarty 

et al., 2008; Meals et al., 2009). The relatively long and variable residence time of 

nutrient loads from their sources to receiving water bodies requires a computational 

modeling approach. Furthermore, there is a long lag time between implementing 

conservation practices and realizing water quality improvement. Agricultural 

nutrients cannot be tracked using field monitoring due to their complex transport. 

Therefore, the use of a watershed modeling approach is vital to evaluate the long-term 

impacts of conservation practices on reducing nutrient loads on the CBW.  

 

1.1.5 Important considerations to assess conservation practices using a watershed 

modeling approach 

 Understanding of the physical processes of conservation practice in reality and 

the accurate characterization of conservation practices in a modeling context are 

imperative prior to assessment. To accurately demonstrate the impacts of 

conservation practices using a watershed modeling approach, it is important to 
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accurately represent the physical mechanism of conservation practices within the 

modeling context by enhanced parameterization or model structure. 

 In addition, the performances of conservation practices could vary by 

geophysical, climatic, and human factors because those have great impacts on 

hydrology and nutrient cycles and conservation practices. For effective use of 

conservation practices, it is also important to know how both water/nutrient cycles 

and the performance of conservation practices can vary under different conditions. 

Predictions of conservation practices that consider environmental and anthropogenic 

factors also help to identify more efficient ways to implement conservation practices. 

Those predictions can suggest alternative or additional conservation practices to deal 

with nutrient loads changed by multiple stressors (e.g., climate, land use, and 

agricultural activities changes). 

 Lastly, simulation results should provide the practical information to support 

conservation practices. For example, depending on planting timing and species of 

WCCs, varying WCC implementation methods are used. To effectively reduce 

nutrient loads, WCCs with a high nitrate uptake efficiency should be implemented on 

nutrient source areas. Therefore, the effectiveness of varying WCC implementation 

methods in reducing nutrient loads and their performances in different landscape 

settings would be important information. According to Lewis (1989), wetland 

restoration and enhancement are defined as follows: “restoration – returned from a 

disturbed or totally altered condition to a previously existing natural, or altered 

condition by some action of man” and “enhancement – the increase in one or more 

values of all or a portion of an existing wetland by man’s activities, often with the 
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accompanying decline in other wetland values”. An understanding of inundation 

pattern within multiple wetlands over the landscape is critical for effectively restoring 

and enhancing wetland functions. Inundation is the most important abiotic factor 

controlling wetland functions. Inundation information can be used to predict not only 

the water fluxes and hydrology of individual wetlands, but also their capability for 

pollutant removal (Lang et al., 2016), because the interactions between wetlands and 

pollutant loads can be inferred from wetland hydrology. Therefore, the spatial 

distribution and extent of inundation can suggest specific locations to be restored or 

enhanced. 

 

1.1.6 Application of remotely sensed data within a watershed modeling approach   

 A typical watershed model consists of numerous equations and parameters 

describing the physical processes. Successful model application benefits from 

accurate characterization of input parameters (Fonseca et al., 2014). However, most 

parameters are not directly or easily obtainable from field measurements and 

therefore they are determined through model calibration using observations collected 

at the outlet of the watershed or use of default model values commonly provided by 

the model (Arnold et al., 2012). This general calibration may suffice to estimate 

watershed-scale water and nutrient loads, but unless physical processes are accurately 

represented, the contribution to improved understanding of the physical and 

biological mechanisms through which conservation practices influence water quality 

is extremely limited.  
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Remotely sensed data have also been used within watershed models to 

accurately represent the actual physical conditions. However, most studies applied 

remotely sensed data to improve input data quality, such as climate data, digital 

elevation model (DEM), and land use maps (Sexton et al., 2010; Yang et al., 2014; 

Ganasri and Ramesh, 2015). Little attention has been drawn to use of remotely sensed 

data for characterizing conservation practices, mainly due to data limitations. 

Recently available remotely sensed data demonstrated landscape-level WCC biomass 

and wetland inundation in the Coastal Plain of the CBW (Hively et al., 2009; Huang 

et al., 2014; Jin et al., 2017). These data accurately represented WCC biomass growth 

and changes in inundation areas of multiple wetlands on the landscape (Hively et al., 

2009; Huang et al., 2014; Jin et al., 2017). Thus, the integration of these remotely 

sensed data into a watershed modeling approach can lead to enhanced 

characterization of both WCC biomass growth and the spatial distribution of wetland 

inundation that are useful for developing implementation plans for two conservation 

practices.  
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1.2 Research Objectives 

 The overarching goal of this dissertation is to characterize WCC nitrate uptake 

function and the spatial distribution of wetland inundation using a watershed 

modeling approach with remotely sensed data. Three specific objectives proposed to 

attain this goal are as follow: 

1. To characterize and evaluate winter cover crop nitrate uptake efficiency at the 

watershed scale 

2. To identify landscape characteristics affecting winter cover crop water quality 

benefits 

3. To accurately characterize the spatial distribution of wetland inundation at the 

watershed scale 
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1.3 Outline of dissertation 

 This dissertation is comprised of five chapters: 

  Chapter 1 (this chapter) discusses the causes of the coastal ecosystem 

degradation at the study site and the need to better understand the effects of two 

conservation practices using a watershed modeling approach. 

 Chapter 2 suggests a novel approach to accurately simulate WCC nitrate 

uptake efficiency using a watershed model. WCC biomass growth is first calibrated 

based on landscape-level biomass observations derived from remotely sensed data 

and field measurements. This is because WCC nitrate uptake efficiency is highly 

dependent on WCC biomass growth. Representative WCC implementation methods 

widely adopted at the study site are taken into account to show how individual 

methods affect nitrate budgets and identify the most effective implementation 

methods in this region. 

   Chapter 3 focuses on assessing impacts of watershed characteristics and crop 

rotations on WCC nitrate uptake efficiency. The approach for biomass growth 

simulation developed in Chapter 2 was applied to simulate WCC nitrate uptake 

efficiency in two adjacent watersheds with contrasting land use and soil 

characteristics. The transport and fate of nitrate can vary by watershed characteristics 

and crop rotations because they have profound impacts on remaining soil nitrate 

immobilized by WCCs. Therefore, this chapter shows how two characteristics affect 

WCC nitrate uptake efficiency and proposes implementation methods that maximize 

WCC water quality benefits according to local landscape characteristics. 
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Chapter 4 presents an integrated wetland-watershed modeling approach 

framework that capitalizes on inundation maps and other geospatial data to improve 

spatial prediction of wetland inundation while reducing prediction uncertainty. 

Inundation is a key abiotic factor controlling wetland ecosystem functions including 

water purification. Thus, the accurate prediction of the spatial distribution of 

inundation can indicate the capacity of wetlands to remove nutrient loads at specific 

sites. This study outlines problems commonly arising from data preparation and 

parameterization used to simulate wetlands within a distributed watershed model. 

This study demonstrates how intra-watershed processes can be better captured by 

spatialized wetland parameters developed from remotely sensed data, because their 

use reduces the degree of model uncertainty (i.e., equifiniality: many different 

parameter sets are equally good at reproducing an output signal; Beven, 2006). This 

spatial data-model integrated framework was tested using a watershed model with an 

improved riparian wetland extension. This study illustrates how spatially distributed 

information (i.e., remotely sensed data) on inundation reduces uncertainty of wetland 

hydrology function estimates at the local landscape scale, where monitoring and 

conservation decision making take place. The findings of this chapter exhibit the 

spatial distribution of wetland inundation within a watershed, which helps to identify 

the locations in need of wetland restoration and enhancement. 

 Chapter 5 summarizes major findings that are illustrated in Chapter 2 – 4, 

and describes the contributions of this dissertation. The future research direction is 

described based on key outcomes and limitations of this dissertation. 
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Chapter 2 Assessing winter cover crop nutrient uptake 

efficiency using a water quality simulation model1 

2.1 Introduction 

The Chesapeake Bay (CB) is the largest and most productive estuary in the 

US. It is an international as well as a national asset. The Chesapeake Bay watershed 

(CBW) extends over 166,000 km2 and covers parts of New York, Pennsylvania, 

Maryland, Delaware, West Virginia, Virginia and the District of Columbia. The 

importance of CB has been recognized by its designation as a Ramsar site of 

international importance (Gardner and Davidson, 2011). However, the Bay’s 

ecosystems have been greatly degraded. Nearly 16 million people reside in the CBW, 

and its population is increasing rapidly, leading to accelerated land use and land cover 

change. High nitrogen (N) input to the Bay is the foremost water quality concern 

(Boesch et al., 2001).  

It is particularly important to implement best management practices (BMPs) 

on agricultural lands in the Coastal Plain in order to improve water quality in the CB.  

N exports from agricultural lands are significantly higher than those from other land 

uses in the Coastal Plain of the CBW (Jordan et al., 1997; Fisher et al., 2010; 

Reckhow et al., 2011). Fisher et al. (2010) discussed that N export increases by a 

factor of ~10 as agriculture increases from 40 % to 90 % of land use within Coastal 

                                                 
1 The material presented in this Chapter has been published in Yeo, I.Y, Lee, S., 

Sadeghi, A. M., Beeson, P. C., Hively, W. D., McCarty, G. W., & Lang, M. W. 

(2014). Assessing winter cover crop nutrient uptake efficiency using a water quality 

simulation model. Hydrology and Earth System Sciences, 18 (12), 5239–53. 

  



 

 

 

16 

 

Plain watersheds. Jordan et al. (1997) showed that N was exported from cropland at a 

rate of 18 kg N·ha-1·yr-1, 7 times higher than the rate from other land uses in the 

Coastal Plain. High nitrate exports from Coastal Plain watersheds have intensified CB 

water quality problems, due in part to short hydraulic distances (Reckhow et al., 

2011).    

 The implementation of winter cover crops (WCCs) as a best management 

practice on agricultural lands has been recognized as one of the most important 

conservation practices being used in the CBW (CBC, 2000). WCCs can sequester 

residual N after the harvest of summer crops, reducing nitrate leaching to 

groundwater and delivery to waterways by surface runoff (Hively et al., 2009), and 

can also reduce the loss of sediment and phosphorus from agricultural lands.  

However, the overall efficiency of WCCs for reducing nitrate loads has not been fully 

evaluated. The influence of BMPs, such as WCCs, on nitrate flux to streams has not 

been measured in situ at scales larger than field, because of the substantial residence 

time of leached N in groundwater and the difficulty of monitoring over long time 

periods (McCarty et al., 2008). A few field studies have demonstrated cover crop 

nitrate reduction efficiencies at the field scale (e.g., Shipley et al., 1991; Staver and 

Brinsfield, 2000). Hively et al. (2009) used satellite remotely sensed images and field 

sampling data to estimate WCC biomass production and N uptake efficiency at the 

landscape scale.  However, the catchment-scale benefits of WCC have not been fully 

understood. As the nutrient uptake and nitrate reduction efficiencies of WCC are 

primarily dependent upon crop biomass (Malhi et al., 2006; Hively et al., 2009), it is 

crucial to simulate plant growth accurately. The accurate simulation of the plant 



 

 

 

17 

 

growth would require field-based information and an improved calibration method to 

carefully account for the climate, soil characteristics, and site-specific nutrient 

management. Furthermore, the effectiveness of management practices, such as 

WCCs, has not been fully explored for coastal agricultural watersheds in the study 

region due to the challenge of accurately simulating hydrologic and nutrient cycling 

in lowland areas with high groundwater–surface water interaction (Lee et al., 2000; 

Sadeghi et al., 2007; Sexton et al., 2010; Lam et al., 2012). 

 This study utilized a physically-based watershed model, Soil and Water 

Assessment Tool (SWAT) (Arnold and Fohrer, 2005), to simulate hydrological 

processes and N cycling for an agricultural watershed in the Coastal Plain of the 

CBW. We examined the long-term impact (~10 years) of WCCs on water budget and 

nitrate loads under multiple cover crop implementation scenarios (e.g., species, 

timing and area planted). To accurately simulate the growth WCCs and their nutrient 

uptake and nitrate reduction efficiencies, we have developed a novel approach to 

calibrate model parameters that control WCC biomass, resulting in model estimates 

that closely approximate observed values. This study provided important information 

for decision making to effectively implement WCC programs and to target critical 

pollution source areas for future BMP implementation.  
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2.2 Data and Methods 

2.2.1 Description of the study site 

This study was undertaken in the German Branch (GB) watershed, located within 

the CBW. The GB is a third order Coastal Plain stream, located within the non-tidal 

zone of the Choptank River Basin (Figure 2.1).  Its drainage area is approximately 50 

km2 and its land use is dominated by agriculture (~72 %) and forest (~27 %) (Figure 

2.2). Agricultural lands are evenly split between corn and soybean cropping. The 

study site is relatively flat with elevations ranging from 1 to 26 m above sea level.  

Most of the soils are moderately well-drained (Hydrologic Soil Group (HSG)–B) or 

moderately poorly-drained (HSG–C). Soil groups B and C cover 52 % and 35 % of 

the study area, respectively. Well-drained (HSG–A) and poorly-drained (HSG–D) 

soils account for less than 1 % and 14 %, respectively, of the study area. Figure 2.2 

presents information on land use, hydrologic soil types, and topography of the study 

site. The area is characterized by a temperate, humid climate with an average annual 

precipitation of 120 cm·yr-1 (Ator et al., 2005). Precipitation is evenly distributed 

throughout the year, and approximately 50 % of annual precipitation recharges 

groundwater or enters streams via surface flow, while the remaining precipitation is 

lost to the atmosphere via evapotranspiration (ET) (Ator et al., 2005). 

The Choptank River watershed has been identified as an “impaired” water body 

by the U.S. Environmental Protection Agency (USEPA) under Section 303(d) of the 

Clean Water Act due to excessive nutrients and sediments, and nutrient runoff from 

agricultural land has been identified as the main contributor of water pollution 

(McCarty et al., 2008). Since 1980, substantial efforts have been made to monitor 
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water quality in the Choptank River watershed to establish baseline information on 

nutrient loads from agricultural watersheds. Water quality in the GB watershed was 

intensively monitored between 1990 and 1995 as part of the Targeted Watershed 

Project, a multi-agency state initiative (Jordan et al., 1997; Primrose et al., 1997). In 

2004, the Choptank River watershed was selected to become part of the U.S. 

Department of Agriculture (USDA) Conservation Effects Assessment Project 

(CEAP), which evaluates the effectiveness of various agricultural conservation 

practices designed to maintain water quality for the mid-Atlantic region of the US 

(McCarty et al., 2008).   
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Figure 2.1. Geographical location of the study area (German Branch watershed, with 

the size of 50 km2) 
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Figure 2.2. Characteristics of the study site: land cover, elevation, and hydrologic soil 

map group. 

Note: (1) Miscellaneous land cover indicates agricultural lands used for minor crops, 

vegetables, and fruits; (2) Hydrologic soil group (HSG) is characterized as follows: 

Type A - well drained soils with 7.6-11.4 mm·hr-1 (0.3-0.45 inch·hr-1) water 

infiltration rate; Type B - moderately well drained soils with 3.8-7.6 mm·hr-1 (0.15-

0.30 inch·hr-1) water infiltration rate; Type C - moderately poorly drained soils with 

1.3-3.8 mm·hr-1 (0.05-0.15 inch·hr-1) water infiltration rate; Type D - poorly drained 

soils with 0-1.3 mm·hr-1 (0-0.05 inch·hr-1) water infiltration rate; (3) the land cover 

map shown is obtained from 2008 National Cropland Data Layer (NCDL). The time 

series NCDL maps (not shown here) indicate the areas grown with corn/soybean 

rotation are similar to the areas grown with soybean/corn rotation.   

 

 2.2.2 SWAT model: model description, data, calibration and validation 

 The SWAT was used to simulate the effects of WCCs on nitrate uptake with 

multiple WCC scenarios over the period of 1990-2000. The model simulation was run 

for the entire watershed (including forested, row croplands, and non-row croplands), 

and changes in both water budgets and nitrate loads to receiving waters under 

multiple scenarios were compared with baseline conditions (no WCCS) at the field 

and/or watershed scales. The overall modeling approach is presented in Figure 2.3. 

Since WCC N reduction efficiency is controlled by WCC biomass (Malhi et al., 
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2006), we developed a new method to calibrate plant growth parameters that control 

leaf area development to produce simulation outputs close to observed values 

(discussed in Section 2.2.2.4). 

 

 

Figure 2.3. Schematic diagram of modeling procedure 

Note: This shows the overall modeling procedure of the presented study and 

summarizes what simulation results are compared at the various spatial scales. HLZ 

(High Loading Zone) refers to those agricultural fields (hydrologic response units 

(HRUs)) with high nitrate export potential. 

 

2.2.2.1 Description of SWAT Model 

The SWAT is a continuous, physically-based semi-distributed watershed 

process model. The SWAT simulation runs on a daily time step. The SWAT includes 

and enhances modeling capabilities of a number of different models previously 

developed by the USDA Agricultural Research Service (ARS) and the USEPA. 

Arnold and Fohrer (2005) discuss the capabilities of SWAT in detail.  Technical 
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documents on physical processes implemented in SWAT, input requirements, and 

explanation of output variables are available online (Neitsch et al., 2011). The key 

physical processes in SWAT relevant to this research are briefly discussed below.   

The main components of SWAT include weather, hydrology, sedimentation, 

soil temperature, crop growth, nutrients, pesticide, pathogens, and land management 

(Neitsch et al., 2011). In SWAT, a watershed is subdivided into smaller spatial 

modeling units, sub-watersheds and hydrologic response units (HRUs). A HRU is the 

smallest spatial unit used for field-scale processes within the model. A HRU is 

characterized by homogeneous land cover, soil type, and slope. The overall 

hydrologic balance as well as nutrient cycling is simulated for each HRU, summed to 

the sub-watershed level, and then routed through stream channels to the watershed 

outlet. In SWAT model, a modification of the Soil Conservation Service (SCS) curve 

number (CN) method was used to simulate surface runoff for all land cover types 

including row crops, forests, and non-row croplands. The CN method determines 

runoff based on land use, the soil’s permeability, and antecedent soil water 

conditions. The transformation and transport of N are simulated as a function of 

nutrient cycles within a HRU, comprising several organic and inorganic pools.  

Simulated loss of N can occur by surface runoff in solution and by eroded sediment 

and crop uptake. It can also take place in percolation below the root zone, in lateral 

subsurface flow, and by volatilization to the atmosphere. 

 

http://swat.tamu.edu/documentation/
http://swat.tamu.edu/documentation/


 

 

 

24 

 

2.2.2.2 Data and input preparation 

Table 2.1 presents the list of data and other relevant information used in this 

study. Daily climate records on precipitation and temperature were obtained from the 

National Oceanic Atmospheric Administration (NOAA) National Climate Data 

Center (NCDC) (Royal Oak, Station ID: USC00187806). Daily solar radiation, 

relative humidity, wind speed, and missing precipitation and temperature information 

were derived using SWAT's built-in weather generator (Neitsch et al., 2011).  

Monthly streamflow and water quality information over the period of 1990 - 1995 

was obtained from Jordan et al. (1997). Annual estimates of nitrate loads by sub-

watershed areas within GB watershed were provided by Primrose et al. (1997).  

The geospatial dataset needed to run SWAT simulations includes digital 

elevation model (DEM), hydrologic soil types, and land cover/land use. A Light 

Detection and Ranging (LiDAR)-based 2-m DEM, processed to add artificial 

drainage ditches by the USDA-Agricultural Research Service (ARS) at Beltsville, 

Maryland, (Lang et al., 2012) was used to extract topographic information.  The DEM 

was used to delineate the drainage area, subdivide the study area into smaller 

modeling units, and define the stream network. Soil information was obtained from 

the Soil Survey Geographical Database (SSURGO) available from the USDA Natural 

Resources Conservation Service (NRCS).   

A map of land use was prepared based on the comprehensive analysis of 

existing land use maps, including the U.S. Geological Survey’s National Land Cover 

Database of 1992 and 2002, and 2006, the USDA National Agriculture Statistics 

Service (NASS) Cropland Data Layer (CDL) of 2002, 2008, 2009, and 2010 (Boryan 
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et al., 2012), and a high-resolution land use map developed from 1998 National 

Aerial Photography Program (NAPP) Digital Orthophoto Quad imagery (Sexton et 

al., 2012). These maps indicated a consistent pattern of land use distribution over the 

last two decades with little change. The spatial distribution of major croplands (e.g., 

soybean and corn) (Figure 2.2) was determined using 2008 CDL. As the two-year 

rotations of corn-soybean or soybean-corn were common practice and agricultural 

lands were used evenly for both crops, the placement of the crop rotations was 

simplified to alternate the locations of corn and soybean croplands every year using 

the 2008 CDL as a base map. While the placement of crop rotations between various 

years would vary, it was not possible to obtain the spatial distribution of major 

croplands for each simulation year. In addition, time series cropland patterns 

observed from recent CDL maps seem to support this generalized crop rotation 

pattern of interchanging the locations of corn and soybean fields.   

Detailed agronomic management information was collected in the field, as 

well as through literature reviews and interviews with farmers and extension agents. 

Modeled agricultural practices and management reflects actual practices (i.e., no 

WCC practice, utilizing conservation tillage without irrigation) in the study region 

during the time of water quality monitoring (Sadeghi, et al., 2007), and the guidelines 

for WCC implementation practices were developed by the Maryland Department of 

Agriculture (MDA) cover crop program.   

The GB watershed was subdivided into 29 sub-watersheds based on tributary 

drainage areas. Within each sub-watershed, the superimposing of similar land uses 

and soil type generated a total of 402 HRUs with 283 classified as agricultural HRUs. 
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The average size of HRUs ranged from 0.2 – 118.6 ha, with an average size of 11.8 

ha and a standard deviation of 13.0 ha. 

 

Table 2.1. List of data used in this study 

Data  Source Description Year 

DEM MD-DNR LiDAR-based 2 meter resolution  2006 

Land use 

USDA-NASS Land use map based on CDLs 2008 

USGS NLCD 1992, 2002, 2006 

USDA-ARS at 

Beltsville 

Land use map developed through on-screen 

digitizing using NAPP digital orthophoto quad 

imagery (Sexton et al., 2012) 

1998 

Soils USDA-NRCS Soil Survey Geographic database  2012 

Climate NCDC Daily precipitation and temperature 1990 – 2010 

Streamflow Jordan et al. (1997) Monthly streamflow  1990 – 1995 

Water Quality Jordan et al. (1997) Monthly nitrate  1990 – 1995 

Note: MD-DNR stands for Maryland Department of Natural Resources 

 

2.2.2.3 Calibration and validation of SWAT model 

Although SWAT simulations were calculated on a daily basis, the calibration and 

validation were performed using the monthly water quality record available from the 

monitoring station located at the study watershed outlet. The calibration was 

performed manually under the baseline scenario with the 2-year crop rotations, 

following the standard procedure outlined in the SWAT user’s manual (Winchell et 

al., 2011). The key parameters and their allowable ranges were identified using the 

sensitivity analysis performed by Sexton et al. (2010) and previous studies (Table 

2.2). The simulations included a 2-year warm up period (1990-1991) to establish the 

initial conditions. Model calibration was done using the next 2 years of water quality 

records (1992-1993), and the remaining records were used for validation (1994-

1995). This short period of spin up and calibration could limit the model’s capability 

to capture the effects of inter-annual variability of weather on streamflow and nitrate 
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loads. The calibration was done as follows. We first adjusted the parameters related to 

the streamflow and then for nitrate, by making a small change in their allowable 

ranges (Table 2.2). The parameters were calibrated sequentially in order of their 

sensitivity as reported by Sexton et al. (2010). The calibration was run in a batch and 

the model performances statistics (discussed below) were computed for each run. We 

chose the parameter values that produce the best statistical outputs while meeting the 

model performance criteria as discussed by Moriasi et al. (2007). To assess longer-

term effects, the model simulations were performed over the period of 1992 - 2000. 

We used ArcSWAT2009 with the 582 version of the executable file in the ArcGIS 

9.3.1 interface.   

 

Table 2.2. List of calibrated parameters 

Parameter Description Range 
Calibrated 

value 

CN2* Curve number -20 to +20% -16% 

ESCO! Soil evaporation compensation factor 0 – 1 1.000 

SURLAG* Surface runoff lag coefficient 0 – 10 1 

ALPHA_BF& Base flow recession constant 0 – 1 0.045 

GW_DELAY& Delay time for aquifer recharge 0 – 50 26 

CH_K2* Effective hydraulic conductivity 0 –150 2 

CH_N2& Manning coefficient 0.02 – 0.1 0.038 

NPERCO& Nitrogen percolation coefficient 0.01 –1 1 

N_UPDIS$ Nitrogen uptake distribution parameter 5 – 50 50 

ANION_EXCL& Fraction of porosity from which anions are excluded 0.1 – 0.7 0.405 

ERORGN& Organic N enrichment ratio for load with sediment 0 – 5 0.497 

BIOMIX# Biological mixing efficiency 0.01 – 1.0 0.01 

LAIMX1^ 

Fraction of the maximum leaf area index corresponding 

to the first point on the leaf area development curve 

- 0.01 (Wheat)  

0.02 (Barley) 

0.12 (Rye) 

LAIMX2^ 

Fraction of the maximum leaf area index corresponding 

to the second point 

- 0.14 (Wheat)  

0.31 (Barley) 

0.35 (Rye) 

Note: the ranges of parameters were adapted from existing literature [* Zhang et al. 

(2008), ! Kang et al. (2006), & Meng et al. (2010), $ Saleh and De (2004), # Chu et al. 

(2004), and ^ Hively et al. (2009)] 

 

Accuracy of the model calibration was assessed with three statistical model 

performance measures: Nash-Sutcliffe efficiency coefficient (NSE), root mean 
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squared error (RMSE)-standard deviation ratio (RSR), and percent-bias (P-bias) 

(Moriasi et al., 2007).  They are defined as follows: 
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where iO  are observed and iS  are simulated data, O is observed mean values, and n  

equals the number of observations. The values of those statistical measures were 

compared to the model evaluation criteria set for various water quality parameters 

(Moriasi et al., 2007).   

 

2.2.2.4 Calibration of plant growth parameters 

WCC plant growth parameters were calibrated to more realistically simulate 

cover crop growth during winter. Specifically, we modified the parameters that 

control the leaf area development curve using biomass estimates provided by Hively 

et al. (2009). Their study reported satellite-based biomass estimates for three 

commonly used WCCs categorized by various planting dates over the period of 2005-

2006 in the Choptank River region. This information was analyzed to associate WCC 
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biomass estimates with heat units. Heat units were computed based on the potential 

heat unit (PHU) theory as implemented in SWAT, with the daily climate record over 

the cover crop monitoring period (2005 – 2006). The crop growth module of SWAT 

was then run with average daily climate data over 1990 – 2000 using the default 

parameter values to provide estimates of biomass and leaf area index (LAI) by 

growing degree days. This assumption should not have a significant effect on plant 

growth simulation, even if there is some inter-annual variability in weather conditions 

between the two periods. This is because the plant growth cycle in SWAT is 

simulated using heat unit theory, and there was little difference in heat units counted 

during two different time periods. Heat units are based on the accumulated number of 

growing days that have a daily temperature above the base temperature. Below the 

base temperature, no plant growth should occur.  

 Using this information, we then were able to relate simulated LAI values to 

the reported biomass estimates and heat units. These LAI values and the 

corresponding heat units were then normalized by the maximum LAI and total 

potential heat units required for plant maturity, and the relationship between these 

two normalized values (fractional LAI and heat units) was fitted using a simple 

regression model. This fitted model was extrapolated to identify two LAI parameter 

values (Table 2.2) required to adjust the leaf area development curve in the SWAT 

model. 
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2.2.2.5 Assessing the effectiveness of winter cover crops with multiple scenarios 

 We assessed the potential effects of WCCs on nitrate removal at the field and 

watershed scales under multiple implementation scenarios. Details of these scenarios 

are presented in Table 2.3. The MDA Cover Crop Program offers a varying cost share 

according to WCC planting species and cutoff planting dates. Following the program 

guidelines and county-level statistics of WCC implementation (MDA, 2012), we 

constructed multiple scenarios relevant to regional cover crop practices with three 

major cover crop species – i.e., wheat (Triticum aestivum L.), barley (Hordeum 

vulgare L.), and rye (Secale cereale L.) – and two planting date categories 

(early/late). Additional cover crop scenarios were developed to assess their 

effectiveness by varying extent of cover crop implementation. The average nitrate 

export was assessed at the field scale based on the simulation output over the period 

of 1992 – 2000 under the baseline scenario (i.e., no cover crop). Then, all agricultural 

HRUs were sorted by nitrate load and equally subdivided into five groups. Each 

group was then introduced incrementally for cover crop implementation, in order 

from the highest to the lowest nitrate load.  

 

Table 2.3. List of winter cover crop scenarios 

Scenario Species Planting timing Abbreviations 

1 None N/A Baseline 

2 Winter wheat Early planting (October 3) WE 

3 Barley Early planting (October 3) BE 

4 Rye Early planting (October 3) RE 

5 Wheat Late planting (November 1) WL 

6 Barley Late planting (November 1) BL 

7 Rye Late planting (November 1) RL 

Note: early planting scenarios include 50 % of early planting on corn and 50 % of late 

planting on soybean. Soybean requires longer growing day, and actual practices and 

county statistics showed that early planting was generally allowed for corn only. 
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 Table 2.4 summarizes agricultural practices and scheduling used for different 

scenarios. There was no difference between baseline and cover crop scenarios during 

the growing season. The croplands were managed with the typical 2-year corn–

soybean or soybean–corn rotation, and fertilizer was only applied to corn cropping in 

the beginning of the growing season, due to its high demand for nutrients to support 

growth and yield. Instead of winter fallow, cover crop scenarios assumed placement 

of WCCs. The WCCs were planted after harvesting of summer crops either in the 

beginning of October (early planting) or November (late planting), and were 

chemically killed at the beginning of the following growing season (early April). The 

specific dates (3 October and 1 November) of cover crop planting were set according 

to MDA guidelines, with slight adjustment over the course of the simulation period to 

avoid days with substantial precipitation falling immediately prior to winter cover 

planting. Note that the harvest date of summer crops under the baseline was set for 15 

October to make the model results from the baseline more comparable to the early 

and late cover crop scenarios by setting the harvesting date in between them. Actual 

practices and historical statistics indicate that early planting was generally allowed for 

corn only, as soybean requires later harvest in the Choptank River region. The 

MDA’s county level statistics over 2006 – 2011 showed that WCCs were generally 

planted later following soybean (in general, after mid-October), while two-thirds of 

cover crop implementation occurred prior to mid-October after corn. This difference 

could be due to late harvesting to allow for double planted soybean crops. In this 

study, early planting scenarios were considered to be more active conservative 

agricultural practices than late planting scenarios. Therefore, early planting scenarios 
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were set to apply the early planting date at 100 % where it could be applicable (i.e., 

corn fields), while the remaining fields (i.e., soybean fields) were assumed to be 

treated with 100 % of late plantings. As a result, these scenarios include 50 % of 

cover cropping with early planting on cornfields and the remaining 50 % with late 

planting on soybean fields, as both crop types have roughly an equal share of total 

croplands. Due to this mixed effect, the nitrate removal efficiency by different 

planting dates could not be fully assessed at the watershed scale, but evaluated at the 

field scale. 

 

Table 2.4. Agricultural practices and management scheduling for the baseline and 

winter cover crop scenarios. 

Baseline scenario (No winter cover crop) 

Year Corn-Soybean rotation Soybean-Corn rotation 

First 

Year 

Apr. 12- poultry manure; 4942 kg/ha (4413 lb/ac) May 20- Soybean plant: no-till 

Apr. 27- poultry manure; 2471 kg/ha (2206 lb/ac) Oct. 15 – Soybean harvest 

April 30- Corn plant: no-till  

Jun. 15- sidedress 30% UAN; 112 kg/ha (100 lb/ac)  

Oct. 15- Corn harvest  

Second 

Year 

May 20- Soybean plant: no-till April 12- poultry manure; 4942 kg/ha (4413 lb/ac) 

Oct. 15 – Soybean harvest April 27- poultry manure; 2471 kg/ha (2206 lb/ac) 

 April 30- Corn plant: no-till 

 Jun. 15- sidedress 30% UAN; 112 kg/ha (100 lb/ac) 

 Oct. 15- Corn harvest 

Winter cover crop scenario 

Year  Corn-Soybean rotation  Soybean-Corn rotation  

First  

Year  

April 12- poultry manure; 4942 kg/ha (4413 lb/ac) May 20- Soybean plant: no-till  

April 27- poultry manure; 2471 kg/ha (2206 lb/ac) Oct. 30 – Soybean harvesting  

April 30- Corn plant: no-till  Nov. 1 – Cover crop planting** 

Jun. 15- sidedress 30% UAN; 112 kg/ha (100 lb/ac)  

Oct. 1 & Oct. 30- Corn harvesting   

Oct. 3 & Nov. 1 – Cover crops planting *  

Second  

Year  

Apr. 1 – chemically kill cover crops  Apr. 1 – chemically kill cover crops  

May 20- Soybean plant: no-till  April 12- poultry manure; 4942 kg/ha (4413 lb/ac) 

Oct. 30 – Soybean harvesting  April 27- poultry manure; 2471 kg/ha (2206 lb/ac) 

Nov. 1 – Cover crop planting * April 30- Corn plant: no-till  

 Jun. 15- sidedress 30% UAN; 112 kg/ha (100 lb/ac) 

 Oct. 1 & Oct. 30- Corn harvesting  

 Oct. 3 & Nov. 1 – Cover crop planting * 

Note: the typical N content for poultry manure is 2.8 % (Glancey et al., 2012). 
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2.3 Results and Discussions 

2.3.1 SWAT calibration and validation 

 The simulated results of monthly streamflow and nitrate were compared with 

the observed data for both the calibration and validation periods. Table 2.2 provides 

the list of the adjusted parameter values after model calibration. Overall, Figure 2.4 

shows good agreement between measured and simulated monthly discharge of 

streamflow and nitrate. It illustrates the 95 percent prediction uncertainty (PPU, the 

shaded region) of the SWAT simulation model with the monthly observed and the 

best simulated streamflow and nitrates. The 95 PPU of streamflow seems to quantify 

most uncertainties as the interval includes most of the measured data. However, the 

95 PPU of nitrate does not seem to represent all the uncertainty, particularly for the 

low-flow season when most of the simulated streamflow are not in good agreement 

with the observed streamflow. This could be caused by the limitations of SWAT itself 

and the large errors associated with calibration. The calibration was conducted over a 

short period and this could limit the capability of the calibrated model to capture the 

effects of weather variability on streamflow and nitrate. In addition, the nitrate load 

calculated based on the field sampling of nitrate stream concentration (i.e., the 

observed nitrate load) could be overestimated for the low flow season, if it is not 

based on sufficient coverage and consistency within the data set (e.g., continuous on-

site measurements). The P factor values for streamflow ranges between 0.62 and 0.75 

(as shown in Table 2.5), but most observed data outside the 95 PPU are not far off 

from this shaded region. These values could be well captured if a lower level of 

prediction interval (e.g., 90 %) is chosen. The nitrate simulation results produced a 
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much smaller P factor value than the streamflow, indicating much greater uncertainty. 

However, the R factor value of nitrate is smaller than that of streamflow, indicating 

the 95 PPU band for the nitrate is narrower (Table 2.5). 

 

 

Figure 2.4. Observed and simulated streamflow and nitrate loads during the 

monitoring period (1992-1995) at the watershed scale 
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Table 2.5. Model performance measures for streamflow and nitrate. 

Variable Period RSR NSE P-bias P factor R factor 

Flow 
Calibration  0.495***  0.744**  7.0*** 0.75 0.94 

Validation 0.517**  0.718**  -2.9*** 0.62 0.83 

Nitrate 
Calibration 0.550**  0.684**  -3.4*** 0.50 0.67 

Validation 0.688* 0.503* -15.6*** 0.29 0.62 

Note: performance rating indicates * satisfactory, ** Good, and *** Very Good.  The 

performance rating criteria are adapted from Moriasi et al. (2009) and these statistics 

are computed based on the monthly water quality record.   
 

Table 2.5 also presents a summary of model performance measures and their 

accuracy ratings based on the statistical evaluation guidelines reported by Moriasi et 

al. (2007). These performance measures are calculated based on a monthly water 

quality record. Overall, the model performance rating for streamflow and nitrate loads 

exceeded the “satisfactory” rating in both the calibration and validation periods. 

Model simulation results for streamflow were more congruent with the observed 

values than for nitrate, but the pattern of simulated nitrate was similar to the trend of 

simulated streamflow. Also, simulation results for the calibration period were in 

better agreement with the observed values, compared to the validation period. The 

largest discrepancy between simulated and measured streamflow and nitrate was in 

1994. Unlike the simulation output, a high peak in stream- flow and consequently in 

nitrate load was observed in August. This relatively high flow and nitrate were 

somewhat unusual, as the weather record for this site did not show any dramatic 

change in precipitation during August of 1994 compared to the previous years. 

However, the reported streamflow in August of 1994 was much higher than 

observations from other years. In addition, the streamflow record from an adjacent 

watershed, with similar characteristics and size, did not produce high peak values for 

streamflow during the same period. This difference could perhaps be explained due to 
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unexpected agricultural practices, localized thunderstorms that did not occur at the 

weather station and nearby watershed, or human/measurement errors, although the 

exact cause of such error could not be determined. The SWAT simulation provided 

considerably improved results compared to previous studies conducted in the study 

area (Lee et al., 2000; Sadeghi et al., 2007; Sexton et al., 2010). These improvements 

may be due to different model choice (Niraula et al., 2013), the recent update of the 

SWAT model to more accurately predict nitrate in groundwater (USDA-ARS, 2012; 

Seo et al., 2014), and use of more accurate higher spatial resolution DEMs (Chaplot, 

2005; Chaubey et al., 2005).  

Accurate simulation of WCC growth and biomass at various stages of production 

is crucial to accurately estimating the potential of WCC to uptake residual N and 

reduce nitrate load. The WCC program was implemented in 2005 at this site and, 

therefore, no data were available to validate predicted WCC biomass over the period 

of 1992 – 2000. However, we are confident in our biomass simulation, as the 

simulated 8-year averaged WCC biomass estimates obtained at the HRU scale were 

comparable to the range of WCC biomass reported by Hively et al. (2009). It is to be 

noted that without calibration, WCC growth was simulated at a much faster growth 

rate, and the growth trend over winter months did not match field data as reported in 

Hively et al. (2009). This study calculated above-ground WCC biomass with a range 

of planting dates, based on field survey and satellite images acquired over the period 

of 2005 – 2006. For example, the modeled growth rate of rye before calibration was 

substantially lower in the early growth stage, producing much less biomass than 

observed values. Figure 2.5 shows the agreement between measured and simulated 



 

 

 

37 

 

biomass estimates after calibration, at the field (HRU) scale. Note that the simulated 

estimates of WCC biomass were at the upper end of the reported values, as the 

simulation output included both above- and below-ground biomass.  

 

 

Figure 2.5. Estimation of winter cover crop biomass during the winter fallow period 

Note: This figure presents monthly average total biomass (both above- and below-

ground biomass) over the simulation period for three planting species obtained at the 

field (HRU) scale. The vertical red line represents the range of above-ground biomass 

estimates due to different growing/planting days from Hively et al. (2009). The 

simulated total biomass lies at the upper end of above ground biomass estimates. 

 

2.3.2 Multiple scenario analysis 

 WCCs had little impact on catchment hydrology but a profound effect on 

nitrate exports. Figure 2.6 presents 9-year average annual mean streamflow, annual 

ET, and annual nitrate loads, under baseline and multiple cover crop scenarios. As 

reported from previous studies (Kaspar et al., 2007; Islam et al., 2006), the inclusion 

of a winter cover crop reduced streamflow only slightly (< 10 %). Similarly, our 

study found streamflow reductions of less than 8 %. Winter cover cropping reduced 

stream- flow from 8.5 to 7.8 m3·s−1 (RE) and 8.4 m3·s−1 (WL), and increased ET from 

667 to 673 mm (WL) and 710 mm (RE), in comparison to the baseline scenario. 
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While the effects of winter vegetation on ET were relatively low, any water loss due 

to ET could be offset as cover cropping usually increases soil saturation by increasing 

water infiltration capacity (Dabney, 1998; Islam et al., 2006). Because the study site 

typically exhibits maximum streamflow during winter with rising groundwater levels 

(Fisher et al., 2010), the relative difference in streamflow due to WCCs remained 

small. Rye cover crops caused the most changes to the hydrologic budget followed by 

barley and winter wheat cover crops. Early planting scenarios produced slightly lower 

streamflow and higher ET, compared to those with the later planting date.  

 

 

Figure 2.6. The 9-year average streamflow, annual actual evapotranspiration (ET), 

and annual nitrate loads at watershed scale under multiple cover crop scenarios   

Note: Error bar (vertical line) represents standard deviation. The numeric value on the 

bar and dotted graphs indicates reduction rate (RR). RR is calculated by taking the 

relative difference in simulation outputs from the baseline and cover crop scenarios 

[RR = (Baseline − Cover crop Scenario) /Baseline]. 

 



 

 

 

39 

 

 Unlike its small hydrologic effect, winter cover cropping greatly reduced 

nitrate loads and there were large differences in nitrate loads by planting species and 

dates. Annual nitrate loads with WCC scenarios ranged from 4.6 (RE) to 10.1 kg 

N·ha-1 (WL). The difference in nitrate loads under different WCC scenarios ranged 

from 1.3 (when RE was compared to BE, barley early) to 5.5 kg·ha−1 (when RE was 

compared to WL). If the comparison of the removal efficiency was made within 

species, early cover cropping (3 October) lowered annual nitrate loads by 1.8 (rye and 

winter wheat) to 2.7 (barley) kg N·ha−1, compared to late cover cropping (1 

November). When compared with the baseline scenario (13.9 kg N·ha−1), the WCC 

scenarios reduced nitrate loads by 27 (WL) – 67 % (RE) at the watershed scale. This 

finding compared well with the results of previous studies that reported the 

importance of early planting date (Ritter et al., 1998; Feyereisen et al., 2006; Hively 

et al., 2009). Shorter day lengths and lower temperatures could also limit the growth 

of WCC biomass during the winter season. Therefore, earlier planting could increase 

the amount of nitrogen uptake by WCCs because of longer growing seasons and 

warmer conditions (Baggs et al., 2000). Similar research in Minnesota also 

demonstrated that WCCs planted 45 days earlier reduced 6.5 kg N·ha-1 more nitrogen 

than late planting (Feyereisen et al., 2006). Our simulation results are slightly lower 

than these published values, due to fewer growing days (∼ 30 days). The earlier 

planting occurred ∼ 30 days prior to the late planting.  

 The simulation results indicate that rye is the most effective cover crop at 

reducing nitrate loads. Rye is well adapted for use as a WCC due to its rapid growth 

and winter hardiness, and these characteristics enabled rye to consume a larger 
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amount of excessive nitrogen than other crops (Shipley et al., 1992; Clark, 2007; 

Hively et al., 2009). Barley is a cool-season crop and develops a strong root system 

during the winter season. Barley exhibits better nutrient uptake capacity than winter 

wheat (Malhi et al., 2006; Clark, 2007). Our simulation results were consistent with 

previous studies. As shown in Figure 2.5, rye grows faster than other WCCs 

particularly in the early growth stage, taking up higher levels of nitrate. Compared to 

the baseline scenario, rye removed more than 67 % of nitrate with early planting, and 

54 % with late plating (Figure 2.6). Barley had a nitrate reduction rate of 57 % and 

winter wheat 41 % with early planting, but this removal efficiency drops to 38 % for 

barley and 27 % for winter wheat with late planting (Figure 2.6). Figure 6 illustrates 

that late-planted rye was nearly as effective as early-planted barley and more effective 

than early-planted winter wheat.  

 Simulated nitrate removal efficiency was greatly affected by different levels 

of cover crop implementation as shown in Figure 2.7. As expected, removal 

efficiency increased with increasing coverage of cover crop implementation, though 

the slope of removal efficiency slightly decreased at the 60 % extent. This finding 

seems to indicate that the nitrate reduction rate does not increase linearly with 

increasing coverage, but its relative efficiency could decrease after the coverage of 

cover crop implementation exceeds 50 % of the croplands. While this finding seems 

to be reasonable, further field-based studies are needed to verify this finding. It was 

noted that 60 % cover crop coverage with an early planting date would reduce more 

nitrate than 100 % cover crop coverage with late planting, emphasizing the 
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importance of early cover crop planting as indicated by other studies (Ritter et al., 

1998; Hively et al., 2009).  

 

 
Figure 2.7. Nitrate reduction rates by varying degree of winter cover crop 

implementation evaluated at the watershed scale. 

 

 The effects of winter cover cropping were further assessed by quantifying the 

amount of nitrate transported from agricultural fields by different delivery pathways 

to waterways (surface runoff, lateral flow, and shallow groundwater) and nitrate 

leached to deep groundwater. Figure 2.8 presents nitrate loads per unit area leaving 

agricultural fields during the winter fallow period (October–March). The 

effectiveness of winter cover cropping to reduce nitrate leaching is particularly 

noticeable, as reported by earlier studies (McCraacken et al., 1994; Brandi-Dohrn et 

al., 1997; Francis et al., 1998; Bergstrom and Jokela, 2001; Rinnofner et al., 2008). At 

the field scale, the seasonal average of nitrate leaching (shown as “L” in Figure 2.8) 
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over the winter fallow period (October– March) without WCCs was estimated as 43 

kg N·ha−1. With WCCs, nitrate leaching decreased to 3.0 – 32.0 kg N·ha−1, depending 

on planting species and timing, resulting in a reduction rate of 26 – 93 %, compared 

to baseline values. In addition, the amount of nitrate transported from fields to 

waterways by surface runoff, lateral flow, or shallow groundwater (referred to as 

DPs, direct pathways, in Figure 2.8) was greatly reduced from 2.9 to 10.7 kg N·ha−1 

with WCC scenarios, a reduction rate of 25 – 80 %. Similar to the watershed-scale 

analysis, rye with an early planting date produced the most effective result at the field 

scale with the highest reduction rate both through direct pathways and leaching. 

 

 
Figure 2.8. The 8-year average nitrate leaching and delivery to waterways during 

winter fallow assessed at the field scale under multiple winter cover crop scenarios. 

Note: DPs (Direct pathways) refers to the amount of nitrate transported from 

agricultural fields (HRUs) to waterways by surface flow, lateral flow, and 
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groundwater; L is nitrate leaching to groundwater. The numeric value in parentheses, 

(), indicates reduction rate (RR). As the growth period of winter cover crop covers 

from October to March, results presented here were based on the eight years of 

simulation from October 1992 to March 2000. 

 

 

2.3.3 Geospatial analysis to identify high nitrate load areas 

 The 9-year annual and monthly nitrate loads from agricultural fields (HRUs) 

simulated under the baseline scenario were analyzed to pinpoint those areas with a 

high potential for nitrate loads and better understand the characteristics and variability 

of these high load zones. We classified all agricultural HRUs into five classes 

according to different levels of nitrate export potential. Nitrate export potential was 

computed by summing up nitrate transported by direct pathways and leaching to 

groundwater. We observed consistent spatial patterns in nitrate loads at the inter-

annual and monthly timescale. Figure 2.9 illustrates the geographical distribution of 

nutrient loads from all agricultural HRUs based on the 9-year annual and monthly 

average simulation results from selected months. Those selected months were chosen 

considering seasonal characteristics of climate and hydrology as well as the timing of 

agricultural practices and scheduling that may produce differences in nitrate loads 

(e.g., high precipitation and groundwater flow in March/April, killing WCC and 

fertilizer application in April, and cover crop application in November). 

 The location of high nitrate load areas was generally associated with 

moderately well-drained soils and agricultural fields more frequently used for corn 

over the simulation period. Nitrate leaching dominated the total nitrate loads from the 

fields (i.e., potential for nitrate export), as it outweighed nitrate transport by direct 

pathways (as shown in Figure 2.8). We hypothesize that areas with moderately well-
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drained soils allowed high nitrate leaching due to their high infiltration capacity 

(Figure 2.2). Because of the high N demand for corn growth and yield, corn cropping 

requires a considerable amount of fertilizer application during the early growth stage, 

while soybean does not require any fertilizer application (Table 2.4). Consequently, 

nitrate export from agricultural fields more frequently used for corn over the 

simulation period was significantly greater than those used for soybean, as reported 

by Kaspar et al. (2012). Therefore, it would be important to prioritize winter cover 

cropping application for those areas with well-drained soils used for corn production. 

 

 

Figure 2.9. The spatial distribution of nitrate export potential from agricultural fields 

Note: Nitrate export potential was computed by adding the annual or monthly 

averaged amount of nitrate leaching to the groundwater (L) and leaving to the streams 

by surface runoff, lateral flow, and groundwater (DPs) from the 9-year simulation 

results. Estimated nitrate loads from the HRUs were classified into five groups. In the 

legend M. High refers to Moderately High and M. Low Moderately Low. The HRUs 

within the black circle indicates outliers with extremely high nitrate loads. This area 

is characterized by poorly drained hydric soil (“Urban land”) and consistently 

produces extremely high nitrate loads throughout years and seasons. The white area is 

non-agricultural land as shown in Figure 2.2. 
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2.4 Conclusions 

 This study demonstrates the effectiveness of WCCs for reducing nitrate loads 

and shows that nitrate removal efficiency varies greatly by species, timing, and extent 

of WCC implementation. It also illustrates that nitrate exports vary based on edaphic 

and agronomic characteristics of the croplands upon which crops are planted. 

Therefore, it is important to develop management guidelines to encourage optimal 

planting species, timing, and locations to achieve enhanced water quality benefits. 

This study suggests that early-planted rye is the most effective cover crop practice, 

with the potential to reduce nitrate load by 67 % over the baseline at the watershed 

scale. We hypothesize that the relatively high nitrate removal efficiency of early-

planted rye is due to the more rapid growth rate of rye, especially in the early growth 

stage, compared to other species. As expected, nitrate removal efficiency increased 

significantly with early planting of all species and increasing cover crop 

implementation. The study also illustrates that locations of high nitrate export were 

generally associated with moderately well-drained soils and agricultural fields more 

frequently used for corn. Therefore, it would be important to prioritize WCC 

application with early-planted rye for those areas with well-drained soils used for 

corn production. 

 This study also provides a new approach to calibrate WCC growth parameters. 

Growth parameters for WCCs need to be carefully calibrated for shorter day lengths 

and lower temperatures during the winter, to provide an accurate estimation of the 

nutrient uptake efficiency of WCCs. Unfortunately, at present there are limited data 

available on WCC growth and biomass estimation at the field or landscape scales. 
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However, this data limitation is expected to be resolved in the future, as the planting 

of WCCs becomes more common and monitoring programs are enhanced through the 

availability of no- or low-cost time series of remotely sensed data (e.g., Landsat). 

With multiyear cover crop biomass and growth data, the methodology presented in 

this paper could be extended to better calibrate growth parameters and validate WCC 

biomass, improving the accuracy of SWAT in estimating nitrate removal efficiency 

by WCCs. 
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Chapter 3 Impacts of Watershed Characteristics and Crop 

Rotations on Winter Cover Crop Nitrate-Nitrogen Uptake 

Capacity within Agricultural Watersheds in the Chesapeake 

Bay region2 

3.1 Introduction 

The Chesapeake Bay (CB) is the largest and most productive estuary in the 

United States (US). Eleven major rivers flow into the bay's 166,000 km2 drainage 

basin. Despite significant restoration efforts, the health of the bay has continued to 

deteriorate primarily as a result of load of nutrients and sediments from agricultural 

land (Reckhow et al., 2011). Nitrate in soil and groundwater can be stored for a 

relatively long time before discharging to streams. The lag time between the 

implementation of land-based Best Management Practice (BMP) and the realization 

of nutrient reductions can cause uncertainty regarding the effect of BMPs (Reckhow 

et al., 2011). Nitrogen (N)-enriched groundwater on the eastern shore of the 

Chesapeake Bay Watershed (CBW) has significant implication on the Bay’s 

ecosystem, as groundwater in the Mid-Atlantic Coastal Plain contributes a large 

portion of streamflow (~70%) (Reckhow et al., 2011). Previous studies have 

demonstrated that nitrate flux in groundwater is spatially related to the proportion of 

                                                 
2 The material presented in this Chapter has been published in Lee, S., Yeo, I.-Y, 

Sadeghi, A. M., McCarty, G. W., Hively, W. D., & Lang, M. W. (2016). Impacts of 

Watershed Characteristics and Crop Rotations on Winter Cover Crop Nitrate-

Nitrogen Uptake Capacity within Agricultural Watersheds in the Chesapeake Bay 

Region. PLoS ONE, 11(6), e0157637 
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agricultural land in coastal watersheds (Fisher et al., 2010). For example, Ator and 

Denver (2012) reported that a watershed dominated by agriculture exported 9-fold 

more nitrate flux from groundwater to streams than other watersheds dominated by 

non-agricultural lands in coastal regions.  

Winter cover crops (WCCs) have been identified as a potentially important BMP 

for reduction of nitrate loads in the CBW (McCarty et al., 2008). Specifically, in the 

Coastal Plain of the CBW, in-stream nitrate concentration during the winter season 

from October (after harvest of summer crops) to the following March (before planting 

of summer crops) can be very high (Denver, 2004). An earlier study by Fisher et al. 

(2010) showed that winter nitrate concentration can be nearly five times greater than 

that during the late summer. During the winter season, rising groundwater level can 

also increase nitrate concentration. This collectively leads to higher in-stream nitrate 

loads to the bay (Fisher et al., 2010; Brinsfield and Staver, 1991). The WCCs can 

reduce residual soil N after harvest of summer crops and therefore N leaching by 

converting it to crop biomass N (Dabney et al., 2001; Hively et al., 2009). Therefore, 

WCCs have become a promising BMP for improving water quality in this region. 

Because of their potential to improve water quality, federal and state government 

agencies are providing technical assistance and financial incentives to local farmers to 

encourage planting WCCs in the agricultural lands within the watershed.  

The potential of WCCs to reduce nitrate loads to the bay, however, has not been 

fully assessed at the watershed scale considering different land characteristics and 

agricultural practices. Field studies have demonstrated reduction in soil nitrate 

concentration after planting WCCs, but they were limited to plot-scale studies 
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(Brinsfield and Staver, 1991; Hively et al., 2009). Findings from these field studies do 

not necessarily reflect the long-term impacts of WCCs at the watershed scale and 

have limited ability to evaluate the performance of WCCs under various soil and 

weather conditions. Recently, Yeo et al. (2014) conducted a watershed-scale 

assessment of WCC efficiency in a small agricultural watershed. They, however, did 

not demonstrate the effects of drainage condition of soils and agricultural practices on 

WCC performance. Hydrogeological conditions and agricultural practices including 

crop rotations can affect nitrate loads and the performance of WCC. For instance, 

well-drained soils characterized by greater infiltration rates promote the downward 

movement of water and N leaching. With aerobic soils and aquifer conditions, nitrate 

tends to remain stable in groundwater and can later be transported to streams (Ator 

and Denver, 2012). Meanwhile, poorly-drained soils characterized by lower 

infiltration rates have water-saturated (i.e., anaerobic) conditions, favorable to 

denitrification (Denver et al., 2010). Agricultural production on poorly-drained soils 

often requires extensive artificial drainage system, which can shorten flow pathways 

and reduce the amount of time it takes for nitrate to reach nearby streams (Fisher et 

al., 2010; McCarty et al., 2008). In addition, soil residual N after harvest of previous 

crops can vary by crop species (Smith and Sharpley, 1990). Mineralization of crop 

residue and soil organic matter can also affect nitrate concentration in the soil (Gentry 

et al., 2001). The chemical composition (i.e., C/N ratio) and the amount of crop 

residue returned to the soil can also affect nitrate (Gentry et al., 2001). For example, 

Kaboneka et al. (1997) reported that soybean residue released greater N from 

mineralization than corn and wheat due to higher N concentration.  
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Despite similar climatic conditions, agronomic practices, and watershed size, in-

stream nitrate concentrations (and therefore nitrate loads) are quite different in the 

Tuckahoe Creek and Greensboro watersheds, two adjacent agricultural watersheds 

located in the coastal plain of the CBW. The goal of this study was to assess the long-

term (2001 – 2008) impact of WCC practices, watershed characteristics, and crop 

rotations on catchment hydrology and nitrate loads in the Tuckahoe Creek and 

Greensboro watersheds using the Soil and Water Assessment Tool (SWAT) model 

and statistical methods. Process-based water quality models, such as the SWAT, have 

been shown to be promising tools for the evaluation of long-term BMP effectiveness 

on water quality improvement at the watershed scale (Van Liew et al., 2007) and 

development of site-specific management plans. The SWAT model was applied to 

both watersheds under multiple WCC implementation scenarios (e.g., crop species 

and timing). Using this model, we 1) investigated how different soil and land use 

characteristics affect the generation and transport of nitrate fluxes, and the nitrate 

removal efficiency of WCC at the watershed and cropland scale, and 2) evaluated the 

effects of crop rotations on soil N and nitrate concentration. Following the SWAT 

modeling, multiple statistical analyses were performed to assess if the simulation 

outputs under the WCC scenarios were statistically different from those under the 

baseline scenario (no WCC). We integrated various time series geospatial data layers 

and county statistics to develop more realistic scheduling and placement of crop 

rotations, and used WCC reports to develop different WCC management scenarios. 

Extending the methodology used by Yeo et al. (2014), the plant growth model 
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embedded in the SWAT was further calibrated to accurately simulate WCC biomass 

and nutrient uptake. 

 

3.2 Data and Methods 

3.2.1 Study area 

This study was undertaken in two adjacent watersheds defined by U.S. Geological 

Survey (USGS) gauge stations at Tuckahoe Creek near Ruthsburg (USGS#01491500) 

and the Choptank River near Greensboro (USGS#01491000) which are referred to as 

the Tuckahoe Creek Watershed (TCW, ~ 220.7 km2) and Greensboro Watershed 

(GW, ~ 290.1 km2), respectively (Figure 3.1). They are located on the headwaters of 

the Choptank River watershed in the coastal plain of the CBW (Figure 3.1). The 

Choptank River watershed is a U.S. Department of Agriculture (USDA) Conservation 

Effects Assessment Project (CEAP) Benchmark Watershed (McCarty et al., 2008). 

Due to high nutrient levels (in particular nitrate) in addition to sediments and bacteria, 

the Choptank River is listed as “impaired” by the U.S. Environmental Protection 

Agency (USEPA) under Section 303(d) of the 1972 Clean Water Act and is subject to 

extensive monitoring (McCarty et al., 2008).  
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Figure 3.1. The location of the Tuckahoe Creek Watershed and Greensboro 

Watershed near Chesapeake Bay. 

 

The two adjacent watersheds have very different characteristics in terms of 

soil properties and land use (Figure 3.2 and Table 3.1). In TCW, major land uses are 

agriculture (54.0%) and forestry (32.8%) dominated (56.1%) by well-drained soils 

(Hydrologic Soil Group, HSG-A&B) where 69.5% of the area are under croplands. In 

comparison, GW has a higher percentage of forest (48.3%) and a lower percentage of 

agricultural area (36.1%). A large portion of soils in GW (74.5%) is poorly-drained 
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(HSG-C&D) where 67.2% of croplands are located (Ator and Denver, 2015). In this 

region, drainage ditches have been established mostly on poorly-drained croplands 

for crop production. As a result, drainage ditches are widespread in GW compared to 

TCW (McCarty et al., 2008). Artificial subsurface drainage (e.g., tile drains) is less 

common in both watersheds. In general, well-drained soils have higher water 

infiltration capacity, produce little surface runoff, and facilitate the downward 

movement of water (Chiang, 1971). In comparison, poorly-drained soils have lower 

water infiltration capacity, substantial surface runoff, and limited water percolation 

(Chiang, 1971). Given the contrasting soil properties and land use in two watersheds, 

nitrate is expected to be lost mainly through leaching in TCW and near-surface runoff 

in GW (McCarty et al., 2008). Nitrate concentration in streamflow has been shown to 

vary with cropland soil properties according to regional water quality studies 

(Denver, 2004). Water quality records showed that the in-stream nitrate concentration 

in TCW is nearly two times higher than GW (McCarty et al., 2008). It is expected 

that nitrate removal by WCC would be greater in TCW due to greater area under crop 

production than GW. 
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Figure 3.2. The physical characteristics of the Tuckahoe Creek Watershed (left) and 

Greensboro Watershed (right); (a) land use, (b) hydrologic soil groups, and (c) 

elevation.  
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Table 3.1. Soil properties and land use distribution of TCW and GW 

Land use TCW GW 

Agriculture 54.0 % [69.5% / 30.5 %] 36.1 % [32.8% / 67.2 %] 

Forest 32.8 % 48.3 % 

Pasture 8.4 % 9.3 % 

Urban 4.2 % 5.6 % 

Water body 0.6 % 0.7 % 

HSG TCW GW 

A 0.3 % 3.1 % 

B 55.8 % 22.4 % 

C 2.2 % 4.2 % 

D 41.7 % 70.3 % 

Note: Hydrologic soil groups (HSGs) are characterized as follows: Type A- well-

drained soils with 7.6-11.4 mm·hr-1 (0.3-0.45 inch·hr-1) water infiltration rate; Type B 

- moderately well-drained soils with 3.8-7.6 mm·hr-1 (0.15-0.30 inch·hr-1) water 

infiltration rate; Type C - moderately poorly-drained soils with 1.3-3.8 mm·hr-1 (0.05-

0.15 in·hr-1) water infiltration rate; Type D – poorly-drained soils with 0-1.3 mm·hr-1 

(0-0.05 inch·hr-1) water infiltration rate. The values in the parenthesis [], denote the 

proportion of well-drained soils (HSG-A&B) and poorly-drained soils (HSG-C&D) 

used for agricultural lands, respectively. 

 

3.2.2 SWAT watershed process model 

The SWAT model has been widely used to evaluate water quality and assess 

effectiveness of BMPs (Neitsch et al., 2011). Major SWAT components include 

weather, hydrology, soil temperature, sedimentation, nutrients, pesticides, pathogens, 

plant growth, and land management (Neitsch et al., 2011). The model operates by 

partitioning a watershed into sub-watersheds, and then into hydrologic response units 

(HRUs) based on unique combinations of soil, land-use, and slope characteristics. 

Fluxes of water, sediment, nutrient, and other constituents of interest are simulated 

and computed at the HRU level and then aggregated to the sub-watershed and 

ultimately to the larger watershed through routing processes. Water balance within an 

HRU is determined based on precipitation, surface runoff, evapotranspiration (ET), 
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percolation, and groundwater recharge. Surface runoff is calculated using the Soil 

Conservation Service (SCS) Curve Number (CN) method (Neitsch et al., 2011). A 

daily CN is calculated based on soil permeability, land use, and antecedent soil water 

conditions. Once water enters the soil layers, it can evaporate, be taken up and 

transpired by plants, and flow into a surface water body through subsurface lateral 

flow, or percolate into groundwater through the vadose zone (i.e., unsaturated zone) 

between the bottom of soil layers (i.e., root zone) and the top of groundwater. 

Percolation, or downward flow, occurs when a soil layer exceeds its field capacity 

and the layer below is not saturated. The water entering the vadose zone flows into 

groundwater and its travel time in the vadose zone varies by the depth to the water 

table and hydraulic properties of the vadose and groundwater zones. The water in 

groundwater is partitioned into shallow groundwater, groundwater contribution to 

streamflow (i.e., groundwater flow), water discharge to the overlaying unsaturated 

zone, and deep groundwater.   

The N cycle is fully simulated in the SWAT model. Nitrogen is normally 

added by fertilizer, crop residue, N fixation, and wet and dry deposition, and removed 

by plant uptake, leaching, volatilization, denitrification, and surface runoff. Nitrate in 

the soil results from five processes: (1) nitrification (conversion of NH4-N to nitrate), 

(2) addition of manure and N fertilizer, (3) mineralization of soil organic N, (4) 

biological N fixation, and (5) mineralization of crop residue N.  
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3.2.3 Input data 

The SWAT model requires detailed information on the climate, soils, and land 

use for the study site (Table 3.2). Daily precipitation and temperature were 

downloaded from the National Oceanic Atmospheric Administration (NOAA) 

National Climate Data Center (NCDC) at Chestertown and Royal Oak 

(USC00181750 and USC00187806, respectively) (Figure 3.1). Other climatic 

variables, such as daily solar radiation, relative humidity, and wind speed, were 

generated by the weather generator (WXGEN) embedded in the SWAT (Neitsch et 

al., 2011) due to data unavailability. Since the two watersheds are located side-by-

side, we assumed that similar climate conditions prevail for both watersheds. By 

using the same climate inputs to both watersheds, we evaluated the impacts of soil 

properties and crop rotations on WCC performance. Monthly streamflow data for 

both watersheds were downloaded from USGS gauge stations on the Tuckahoe Creek 

near Ruthsburg (USGS#01491500) and the Upper Choptank River near Greensboro 

(USGS#01491000) (Figure 3.1). Nitrate concentration grab sample data were 

provided by the Chesapeake Bay Program (CBP, TUK#0181) for TCW and by USGS 

(USGS#01491000) for GW. These data were extrapolated to monthly NITRATE 

loads using the USGS LOAD ESTimator (LOADEST) program (Runkel, 2004) 

which has been widely used to estimate continuous water quality information from 

grab samples (Jha et al., 2007).  
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Table 3.2. List of data used in this study 

Data  Source Description Year 

DEM MD-DNR LiDAR-based 2 meter resolution  2006 

Land use USDA-NASS Cropland Data Layer (CDL) 2008 - 2012 

MRLC National Land Cover Database (NLCD) 2006 

USDA-FSA-APFO 
National Agricultural Imagery Program 

Digital Orthophoto Quad Imagery 
1998 

US Census Bureau TIGER road map  2010 

Soils USDA-NRCS Soil Survey Geographic database  2012 

Climate NCDC Daily precipitation and temperature 1999 - 2008 

Streamflow USGS Monthly streamflow  2001 - 2008 

Water quality USGS and CBP Daily grab NITRATE samples 2001 - 2008 

Note: MD-DNR stands for Maryland Department of Natural Resources. USDA-FSA-

APFO stands for USDA-Farm Service Agency-Aerial Photography Field Office. 

 

A soil map was prepared based on the USDA Natural Resources Conservation 

Service (NRCS) Soil Survey Geographic Database (SSURGO). Topography was 

delineated by resampling a 1 m Light Detection and Ranging (LiDAR)-based Digital 

Elevation Model (DEM, processed by the USDA-Agricultural Research Service 

(ARS) at Beltsville, Maryland) to 10 m using nearest-neighbor interpolation, since 

finer-scale DEMs have been found to overestimate slope parameter values in the 

SWAT (Beeson et al., 2014). The land use map and the scheduling of crop rotations 

were generated using 2008-2012 data from the USDA-National Agriculture Statistics 

Service (NASS) Cropland Data Layer (CDL), the Multi-Resolution Land 

Characteristics (MRLC) Consortium-National Land Cover Database (NLCD), 

digitized boundaries of agricultural fields, and the U.S. Census Bureau Topologically 

Integrated Geographic Encoding and Referencing (TIGER) road map. We assumed 

that there was no significant change in crop rotations (see Figure 3.3 and Table 3.3) 

between the period of our SWAT simulation (1999 – 2008) and the period of USDA-

NASS CDLs coverage (2008 – 2012). The boundaries of agricultural fields were 
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digitized based on National Agricultural Imagery Program Digital Orthophoto Quad 

Imagery (1:12,000) and other land use types were delineated using the NLCD. The 

TIGER road map buffered out by 40 m was intersected with land use maps to better 

represent urban (i.e., impervious land cover) areas. For each agricultural boundary, 

the major crop types and their rotations were identified. From the resulting sequence 

of observed crop rotations, we applied five most frequent crop rotations to the SWAT 

simulation years used in this study (Table 3.3). The placement and sequence of crop 

rotations for the two watersheds are provided in Figure 3.3 and Table 3.3. Corn, 

soybean, and double crop winter wheat/soybean were the most frequently grown 

crops in this region (Figure 3.3). 

 

 

Figure 3.3. The spatial distribution of crop rotations in agricultural fields over the 

simulation period.  
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Note: Dbl WW/Soyb stands for double crops of winter wheat and soybean. 

 

Table 3.3. Representative crop rotation information and distribution of corn and 

soybean fields 

Type 2001 2002 2003 2004 2005 2006 2007 2008 
Proportion (% 

TCW GW 

AGA1 Corn 
Dbl  
WW/Soyb 

Corn 
Dbl  
WW/Soyb 

Corn 
Dbl  
WW/Soyb 

Corn 
Dbl  
WW/Soyb 

14.5 12.8 

AGA2 
Dbl  

WW/Soyb 
Corn 

Dbl  

WW/Soyb 
Corn 

Dbl  

WW/Soyb 
Corn 

Dbl  

WW/Soyb 
Corn 21.9 11.1 

AGAB Corn Soyb Corn 
Dbl  

WW/Soyb 
Corn Soyb Corn 

Dbl  

WW/Soyb 
7.7 11.6 

AGB1 Corn Soyb Corn Soyb Corn Soyb Corn Soyb 11.3 17.5 

AGB2 Soyb Corn Soyb Corn Soyb Corn Soyb Corn 9.8 10.8 

AGC1 Corn Corn Corn Corn Corn Corn Corn Corn 17.1 10.8 

AGD1 Soyb Corn Soyb Soyb Corn Soyb Soyb Corn 10.2 12.0 

AGD2 Soyb Soyb Corn Soyb Soyb Corn Soyb Soyb 7.5 13.4 

TCW 
Corn (%) 50.6 59.0 58.1 48.8 60.8 56.3 50.6 59.0 - - 

Soyb (%) 49.4 41.0 41.9 51.2 39.2 43.7 49.4 41.0 - - 

GW 
Corn (%) 52.7 44.7 66.1 32.7 64.7 46.1 52.7 44.7 - - 

Soyb (%) 47.3 55.3 33.9 67.3 35.3 53.9 47.3 55.3 - - 

Note: The last two columns indicate the relative area (%) of each crop rotation 

applied to croplands. The bottom four rows indicates the relative area (%) of corn and 

soybean fields resulted from different rotations applied concurrently. Dbl WW/Soyb 

is regarded as double crop winter wheat and soybean. 

 

 Detailed agronomic management information for field crops was collected 

through literature reviews and extension agent familiar with the watersheds. Based on 

collected data, we established the most representative management practices for these 

regions. We reduced N fertilization rate by 45 kg N·ha-1
 for corn after soybean 

compared with corn after corn, due to N credit from soybean residue, based on local 

expert knowledge (Table 3.4). The specific agronomic practices, including the timing 

of planting and harvest of summers crops and the amount and type of fertilizer 

applications (Table 3.4 and Figure 3.4), were provided by personal communication 

with R. J. Kratochivil (Assoc. Prof., Dept. of Plant Science & Landscape 

Architecture, University of Maryland, MD) in May 2014.  
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Table 3.4. The management schedules for baseline and winter cover crop scenarios 

Baseline scenario (no winter cover crop) 

Crop Planting Fertilizer Harvest 

Corn (after corn) Apr. 30 (no-till) 
157 kg N·ha-1 (140 lb N·acre-1) of poultry manure on Apr. 20 45 

kg N·ha-1 (40 lb N·ha-1) of sidedress 30% UAN on Jun. 7 
Oct. 3 

Corn (after Soybean 
and Double crop 

soybean) 

Apr. 30 (no-till) 
124 kg N·ha-1 (110 lb N·acre-1) of poultry manure on Apr. 20 34 

kg N·ha-1 (30 lb N·ha-1) of sidedress 30% UAN on Jun. 7 
Oct. 3 

Soybean May 20 (no-till)   Oct. 15 

Double crop winter 

wheat (Dbl WW) 
Oct. 10 

34 kg N·ha-1 (30 lb N·acre-1) of sidedress 30% UAN on Oct. 8 45 

kg N·ha-1 (40 lb N·acre-1) of sidedress 30% UAN on Mar. 1 67 kg 
N·ha-1 (60 lb N·acre-1) of sidedress 30% UAN on Apr. 5 

Jun. 27 

Double crop soybean 

(Dbl Soyb) 
Jun. 29   Nov. 1 

Winter cover crop scenario 

Crop Planting Fertilizer Harvest 

Corn (after corn) Apr. 30 (no-till) 
157 kg N·ha-1 (140 lb N·acre-1) of poultry manure on Apr. 20 45 
kg N·ha-1 (40 lb N·acre-1) of sidedress 30% UAN on Jun. 7 

Oct. 1 or 30 

Corn (after Soybean 

and Double crop 

soybean) 

Apr. 30 (no-till) 
124 kg N·ha-1 (110 lb N·acre-1) of poultry manure on Apr. 20 34 
kg N·ha-1 (30 lb N·ha-1) of sidedress 30% UAN on Jun. 7 

Oct. 1 or 30 

Soybean May 20 (no-till)   Oct. 1 or 30 

Double crop winter 
wheat (Dbl WW) 

Oct. 10 

34 kg N·ha-1 (30 lb N·acre-1) of sidedress 30% UAN on Oct. 8 45 

kg N·ha-1 (40 lb N·acre-1) of sidedress 30% UAN on Mar. 1 67 kg 

N·ha-1 (60 lb N·acre-1) of sidedress 30% UAN on Apr. 5 

Jun. 27 

Double crop soybean 

(Dbl Soyb) 
Jun. 29   Nov. 1 

Winter cover crop Oct. 3 & Nov. 2   Mar. 31 (Killing) 

Note: The typical nitrogen content for poultry manure is 2.8% (Glancey et al., 2012).  
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Figure 3.4. The temporal sequence of crop rotations under baseline and winter cover 

crop scenarios.  

Note: Db WW & Soyb stands for double crops of winter wheat and soybean. 
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Guidelines for WCC implementation practices including recommended 

planting dates and species were developed by the Maryland Agricultural Water 

Quality Cost-Share (MACS) cover crop program (MDA, 2015a). The MACS offers 

varying incentives for planting winter cover crops, primarily depending on species 

and planting date (MDA, 2015a). Farmers can gain more incentives when they plant 

WCCs earlier because early-planted WCCs can reduce residual soil N content more 

effectively than late-planted WCCs. Based on the guideline of the MACS, WCC 

expert knowledge, and country-level statistics, we established typical early (October 

1) and late (October 30) planting dates for WCCs, two harvest dates of summer crops 

corresponding to the two WCC planting dates (Table 3.2), and three most commonly 

used planting species (i.e., wheat (Triticum aestivum L.), barley (Hordeum vulgare 

L.), and rye (Secale cereale L.) in our WCC scenarios (See Table 3.4). In our SWAT 

model, summertime agronomic practices were kept the same for both baseline (no 

WCC) and WCC scenarios, but management differed during winter seasons when 

WCCs were planted on fallow croplands. The WCCs were planted after harvesting 

summer crops, either in the beginning of October (early planting) or November (late 

planting), and were killed at the beginning of the subsequent growing season (March 

31) (Table 3.4). It was assumed that WCCs could not be placed concurrently with 

double crop winter wheat, but they could be planted late after harvest of double crop 

soybean. We did not predict differences in N uptake by summer crops due to shorter 

versus longer season varieties caused by the two WCC planting dates. The SWAT 

modeled the maturity for summer crops occurring by the end of September and 
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demonstrated that both early- and late-harvested summer crops (due to two WCC 

planting dates) have similar biomass and N uptake by the end of September. 

Note that the evaluation of WCC effects on water and nitrate budgets was 

carried out at two spatial scales. First the overall impacts of different WCC species 

and planting dates were assessed at the watershed scale. Then the effects of WCC 

placement on different soils and interaction with N availability based on modeled 

crop rotations were analyzed at the cropland scale, using the SWAT model results for 

only cropland areas.  

 

 3.2.4 Calibration and validation of the SWAT model 

The SWAT simulations were conducted at a monthly time step over the period 

of 1999 – 2008. Cumulative daily water and nitrate fluxes delivered to streams by 

surface runoff, lateral flow, groundwater flow, and percolation/leaching over a month 

were represented as monthly outputs. The simulations included a 2-year warm-up 

(1999 – 2000), 5-year calibration (2001 – 2005), and 3-year validation (2006 – 2008) 

time periods. The model was carefully calibrated based on information from previous 

SWAT modeling studies in the region (Yeo et al., 2014) and literature values (Table 

3.3). We first calibrated the parameters pertaining to streamflow and then nitrate 

loads. The model calibration was conducted manually by adjusting parameter values 

within an allowable range, following the technical guideline of the SWAT model. 

Parameter values were selected yielding the best statistical performance measures 

while satisfying the SWAT performance criteria suggested by Moriasi et al. (2007) 

(Moriasi et al., 2007). The following statistical performance measures were 
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considered: Nash-Sutcliffe efficiency coefficient (NSE), root mean square error 

(RMSE)-standard deviation ratio (RSR), and percent bias (P-bias), shown as in Eq. 

(3.1 – 3.3):  
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where iO  are observed and iS  are simulated data, O  is observed mean values, and n  

equals the number of observations. In addition, the model uncertainty was assessed 

using the 95 percent prediction uncertainty (95 PPU) range suggested by Singh et al. 

(2014). This was computed using all simulation outputs obtained during the manual 

calibration process. The 95 PPU value was calculated at the 2.5 and 97.5 percentiles 

of the cumulative distribution of simulation outputs (Singh et al., 2014). 

The SWAT parameters affecting summertime crop growth, N fixation, and 

soil N mineralization were at the default values. However, the parameters related to 

the growth of WCCs were adjusted to more realistically replicate observed WCC 

growth in the local region as N uptake by WCC is primarily dependent upon cover 

crop biomass (Hively et al., 2009). We used the method employed by Yeo et al. 
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(2014) to simulate “representative” biomass growth at the field scale per species, 

considering substantial variation. This method adjusts the plant growth parameters 

that control the leaf area development curve using the potential heat unit (PHU) 

theory as implemented in the SWAT to match estimates of biomass (simulated at the 

HRU scale) with those observed at the field scale as described by Hively et al. (2009). 

They reported landscape-level biomass estimates for three commonly used winter 

cover crop species categorized by various planting dates in the Choptank River region 

using multi-temporal satellite remotely sensed observations and field sampling data 

(133 sites) over the winter season (October – March) by including relative growth 

observations for a single winter growth period (2005 – 2006) (Hively et al., 2009). 

The SWAT cover crop growth was calibrated to produce 7-year average biomass 

outputs estimated at the HRU scale to be consistent with the 1-year observation. The 

WCC results, therefore, did not capture any inter-annual variation in biomass and N 

accumulation resulting from annual climatic conditions. However, this should not 

considerably affect plant growth simulation even if there is some inter-annual 

variability in weather conditions during the monitoring period. The plant growth 

cycle in the SWAT was simulated using the heat unit theory. It predicts plant growth 

based on the heat unit. Heat units are estimated based on the cumulative daily 

temperature above the base temperature relative to potential heat units required for 

the plant maturity. Not only significant changes in cumulative heat units normalized 

by potential heat units during the monitoring period, but also the small difference in 

heat units did not produce substantial variation in WCC biomass growth. See Yeo et 

al. (2014) for further discussion. Note that the simulated WCC biomass outputs were 
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analyzed for 7 years, as there are 7 full winter terms (October – March) over the eight 

calendar year (January – December) simulation period.  

 

Table 3.5. The list of calibrated parameters 

Parameter Description (unit) Range 
Calibrated value 

TCW GW 

CN2! Curve number -50 - 50 % -30 % 0% 

ESCO! Soil evaporation compensation factor 0 - 1 1 0.95* 

SURLAG! Surface runoff lag coefficient 0.5 - 24 0.5 0.5 

SOL_AWC! 
Available water capacity of the soil layer (mm H2O·mm 
soil-1) 

-50 - 50 % - 10% - 1% 

SOL_K! Saturated hydraulic conductivity (mm·hr-1) -50 - 50 % 50 % -50 % 

SOL_Z! Depth from soil surface to bottom of layer (mm) -50 - 50 % -20 % -31 % 

ALPHA_BF! Base flow recession constant (1·days-1) 0 - 1 0.07 0.051 

GW_DELAY! Groundwater delay time (days) 0 - 500 120 40 

GW_REVAP! Groundwater “revap” coefficient 0.02 - 0.2 0.10 0.02* 

RCHRG_DP! Deep aquifer percolation fraction 0 - 1 0.01 0.01* 

GWQMN! 
Threshold depth of water in the shallow aquifer required 
for return flow to occur (mm) 

0 - 5000 1.9 1.0 

CH_K2! Effective hydraulic conductivity (mm·hr-1) 0 - 150 0* 25 

CH_N2! Manning coefficient 0.01 - 0.3 0.29 0.025 

NPERCO& Nitrogen percolation coefficient 0.01 - 1 0.5 0.15 

N_UPDIS& Nitrogen uptake distribution parameter 5 - 50 50 50 

ANION_EXCL& Fraction of porosity from which anions are excluded 0.1 - 0.7 0.59 0.6 

ERORGN& Organic N enrichment ratio for load with sediment 0 - 5 4.92 4.1 

BIOMIX& Biological mixing efficiency 0.01 - 1 0.01 0.01 

SOL_NO3$ Initial NO3 concentration in soil layer (mg N·kg-1) 0 - 100 11.23 0 

CDN# Denitrification exponential rate coefficient 0 - 3.0 0.3 2.9 

SDNCO# Denitrification threshold water content 0.1 - 1.1 1.0 1.0 

LAIMX1^ 
Fraction of the maximum leaf area index corresponding 
to the first point on the leaf area development curve 

 

0.01 (Wheat)  

0.02 (Barley) 

0.12 (Rye) 

LAIMX1^ 
Fraction of the maximum leaf area index corresponding 

to the first point on the leaf area development curve 
 

0.14 (Wheat)  
0.31 (Barley) 

0.35 (Rye) 

Note: *(an asterisk) refers to a default value. The ranges of parameters were adapted 

from previous literature [! Citau and Chaubey (2010), & Yeo et al. (2014), $ Seo et al. 

(2014), # Neitsch et al. (2011), and ^ Hively et al. (2009)]. 
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3.2.5 Statistical analysis of WCC impacts 

Following the SWAT modeling, several statistical analyses were conducted to 

compare treatment effects (no WCC versus WCCs) on water and nitrate budgets 

within and between watersheds, using either annually or seasonally (winter season) 

simulated water and nitrate loads. We first asked if the two watersheds showed 

significantly different hydrological responses as hypothesized, using a one-way 

multivariate analysis of variance (MANOVA) and a two-sample t-test. A three-way 

analysis of variance (ANOVA) and the Bonferroni procedure were then used to 

investigate if the WCC N uptake efficiency varied by site characteristics (i.e., 

dominant soils in watershed), WCC planting species, WCC planting timing, and their 

interactions. The effects of cropland soils on nitrate delivery mechanisms were further 

investigated by performing a one-way ANOVA and the Bonferroni procedure which 

compared the overall WCC effects on the seasonal nitrate loads against the baseline. 

Note that the effect of the two crop rotations (i.e., continuous corn and corn-soybean 

rotation) on WCC performance in nitrate reduction was analyzed only for the early-

planted rye (RE) scenario in TCW, which resulted in the greatest reduction in nitrate 

budgets. A paired sample t-test was used to assess crop rotation effects on nitrate 

loads as compared to the baseline. As the statistical methods we employed were 

sensitive to the outliers, we carefully inspected the sample distribution of the 

hydrological variables and removed outliers prior to statistical testing. An outlier was 

identified when an observation point fell more than 1.5 times the interquartile range 

above the 3rd quartile or below the 1st quartile. The annual and seasonal hydrological 

variables obtained in 2003 were extremely high and thus were determined to be 
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outliers. This was most likely due to the extremely high precipitation that occurred in 

2003. The annual and seasonal precipitation in 2003 ranked the highest over the last 

30 years.  

 

3.3 Results 

3.3.1 SWAT calibration and validation 

Overall, monthly streamflow and nitrate loads simulated from the calibrated 

model were in good agreement with corresponding observed values (Figure 3.5). 

Seasonal variations in both the streamflow and nitrate loads were well depicted by the 

SWAT simulations. However, the 95 PPU band (shown by interval in Figure 3.5) did 

not capture observed peak streamflow for TCW and GW. The CN surface runoff 

method used in the SWAT limited predicting storm effect, because the duration and 

intensity of precipitation were not considered in surface runoff calculation. This 

resulted in underestimation of peak streamflow (Qiu et al., 2012). Precipitation 

obtained from remote weather stations (~ 35 km away from the outlet of the 

watersheds) may not have provided accurate values for the watershed (Larose et al., 

2007). Accordingly, localized storm effect might not be reflected in simulations. In 

addition, poorly simulated ET might increase water loss, resulting in underestimation 

of streamflow during summer periods (Larose et al., 2007). 

The SWAT underestimated nitrate loads during low-flow seasons, particularly 

for TCW. Underestimation of nitrate loads during the low-flow seasons in TCW have 

also been reported by several studies (Yeo et al., 2014; Lee et al., 2000; Sadeghi et 
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al., 2007). Previous studies (Yeo et al., 2014; Boithias et al., 2014) attributed lower 

estimates of nitrate loads to the underestimation of streamflow, inherent limitation of 

the SWAT’s capacity to simulate N cycle in lowlands, and inaccurate simulation of 

summer crop growth relative to N uptake by plants. The residence time of 

groundwater nitrate in the eastern shore region of the CBW range from a few years to 

several decades (McCarty et al., 2008). Fertilizer application rates in the 1970’s to 

1990’s were much higher than current rates (Ator and Denver, 2015) and 2 years of 

the model warm-up (1999 – 2000) might not be sufficient to represent this 

background nitrate from the past fertilization. Considering long residence time, N 

fertilizer applied several decades ago could presently be discharged to streams and 

lead to substantially higher in-stream nitrate concentration, lowering model 

predictability. Also nitrate loads based on field sampling of stream concentration (i.e., 

the observed nitrate load) could be inaccurate if field samples were not collected 

frequently over the long-term, leading to the extrapolation of misleading “observed” 

nitrate loads (Ullrich and Volk, 2010).  

Model performance measures and accuracy ratings under the baseline scenario 

are summarized in Table 3.6. Accuracy ratings were based on statistical evaluation 

guidelines from Moriasi et al. (2007). Overall model calibration and validation results 

were satisfactory for both watersheds. Simulations for streamflow were better 

matched with observations than for nitrate loads. Model performances for nitrate 

loads under the baseline condition were classified as satisfactory, good, and very 

good (Table 3.6). 
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Figure 3.5. Comparison of observed and simulated monthly streamflow and nitrate 

loads for the (a) Tuckahoe Creek Watershed and (b) Greensboro Watershed 

 

Table 3.6. Model performance measures for streamflow and nitrate loads 

Period Variable 
Streamflow nitrate loads 

TCW GW TCW GW 

Calibration 

NSE 0.705** 0.703** 0.687** 0.594* 

RSR 0.537** 0.540** 0.554** 0.631* 

P-bias (%) -9.4*** -9.4*** -10.8*** -13.7*** 

Validation 

NSE 0.759*** 0.661** 0.561* 0.631* 

RSR 0.483*** 0.573** 0.652* 0.598** 

P-bias (%) 2.7*** 12.8*** -12.9*** -9.8*** 

Note: model performances were rated based on the criteria of Moriasi et al. (2008); * 

Satisfactory, ** Good, and *** Very Good. 
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 Nitrate reduction by WCCs is achieved by the transformation of soil N into 

WCC biomass N. Therefore, accurate simulation of WCC biomass accumulation 

could lead to enhanced prediction of WCC N uptake and its effect on nitrate loads. 

The WCC growth was calibrated within the SWAT model to match with the actual 

regional growth pattern in the winter of 2005 – 2006 following methods used by 

Hively et al. (2009) (Figure 3.6). Note that in this region rye grows quickly and often 

has the greater biomass than barley and wheat (Hively et al., 2009). In contrast, pre-

calibrated simulation outputs (results not shown in this paper) using default SWAT 

growth parameters would have estimated greater winter wheat and barley biomass 

than rye biomass because their growth was considered during summer compared to 

winter growing season. Note that WCC biomass during 2001 – 2008 was calibrated to 

the specific remotely sensed observations made for 2005 – 2006 (Hively et al., 2009). 

An inter-annual assessment of WCC biomass could not be undertaken in this study 

due to data unavailability. However, the method described by Yeo et al. (2014) 

calibrated data over a limited timeframe (2005 – 2006) well represented the typical 

WCC performances in this region. Simulated WCC biomass growth patterns from 

Yeo et al. (2014) were consistent with field observations made for different years 

(Hively et al., 2009; Staver et al., 1989; Prabhakara et al., 2015). Furthermore, the 

estimates of Yeo et al. (2014) were consistent with cover crop N uptake assumed by 

the Chesapeake Bay Program Watershed Model version 5.3.2 (CBP, 2014). As the 

MACS cover crop program collected field WCC biomass data and longer term field 

observations became available, the WCC biomass calibration can be improved to 
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represent the inter-annual variations in WCC biomass and N uptake under various 

climate conditions and agricultural practices. 

 

 
Figure 3.6. 7-year average of early-planted winter cover crop biomass over winter 

seasons (October – March) calibrated to the field observation collected from 2005-

2006 
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3.3.2 Watershed-scale assessment of winter cover crop effects on water budget and 

nitrate loads 

The 8-year average annual SWAT model outputs were calculated at the 

watershed scale and summarized by WCC scenarios (Figure 3.7). Streamflows, ET, 

and transported nitrate were utilized for the watershed-scale assessment. As 

hypothesized, the two watersheds showed significantly different hydrological 

responses (p-value < 0.001 from the one-way MANOVA). A previous regional study 

showed that WCCs had negligible impacts on streamflow and ET, but greatly affected 

nitrate loads (Yeo et al., 2014). Similarly, our simulation results also showed small 

changes in streamflow and ET regardless of WCC implementation for both 

watersheds. Our findings showed that the slightly greater changes in streamflow and 

ET were caused by rye compared to barley and wheat due to its relatively higher 

growth rate and biomass yield. Early planting of cover crops induced a slight increase 

in ET and decrease in streamflow relative to late planting (Figure 3.7a). 

 The impacts of WCCs on nitrate loads were much more noticeable than the 

effects on streamflow (Figure 3.7b). Compared to the baseline, annual nitrate loads 

after WCC treatments were significantly different for the two watersheds (p-value < 

0.000) by WCC planting timing (p-value < 0.013) and species (p-value < 0.036) 

(Table 3.7). Annual nitrate loads decreased from 11.2 (Baseline) to 5.7 (RE) kg N·ha-

1 for TCW and from 4.5 (Baseline) to 3.3 (RE) kg N·ha-1 for GW. This is equivalent 

to nitrate load reductions of 0.9 to 5.8 kg N·ha-1 or from 33.8 % (WL) to 49.3 % (RE) 

for TCW and from 18.0 % (WL) to 26.5 % (RE) for GW. Relative to late planting, 

early-planted WCCs lowered nitrate loads by 0.5 kg N·ha-1 on average (95 % 



 

 

 

75 

 

confidence interval: 0.1 to 0.8 N·ha-1).  The difference in N uptake by WCC between 

two planting timings was greater in TCW (8.8 %, 0.6 – 1.0 kg N·ha-1), than in GW 

(5.3 %, 0.1 – 0.2 kg N·ha-1). Overall, this occurred most effectively in RE. The longer 

growing days and warmer conditions for early-planted WCCs promoted growth and 

biomass and therefore resulted in higher N uptake than late-planted ones (Feyereisen 

et al., 2006). Rye is a hardy species and establishes its root system more rapidly, 

thereby resulting in greater N uptake than other crops (Clark, 2007). The TCW 

showed higher nitrate loads and WCC N uptake compared to GW (95 % CI for the 

differences in nitrate loads between two watersheds: 3.35 to 4.06 kg N·ha-1), likely 

due to larger area of croplands mainly located on well-drained soils. 
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Figure 3.7. 8-year average of annual hydrologic variables under winter cover crop 

scenarios at the watershed scale: (a) streamflow and evapotranspiration (ET) and (b) 

nitrate loads normalized by the total watershed area. 

Note: The numeric values on the bar and dotted graphs indicate reduction rate (RR) of 

ET, streamflow, and nitrate loads, respectively. RR is calculated by taking the relative 

difference in simulation outputs from the baseline and WCC scenarios [RR (%) = 

(Baseline – WCC Scenario) / Baseline × 100]. Table A.3.3 summarizes the finding 

from the three-way ANOVA for the nitrate reduction by the watershed, WCC 

planting timing, and species. 
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Table 3.7. Analysis of variance for the reduction of annual nitrate loads by watershed, 

WCC planting species and timing 

Source of Variation Sum 

Squares 

Degree of 

freedom 

Mean Square  F-Statistics p-Value 

Watershed (Wshd) 287.939 1 287.939 438.43 0 

WCC Planting Species (Species) 4.576 2 2.288 3.48 0.036 

WCC Planting Timing (Timing) 4.228 1 4.228 6.44 0.0133 

Wshd × Species 2.019 2 1.01 1.54 0.2219 

Wshd × Timing 1.52 1 1.52 2.31 0.1326 

Species × Timing 0.212 2 0.106 0.16 0.8513 

Wshd × Species × Timing 0.082 2 0.041 0.06 0.9397 

Error 47.286 72 0.657   

Total 347.862 83    

 

3.3.3 Site characteristic impacts on nitrate fate and winter cover crop performance 

Differences in water and nitrate fluxes and WCC performances between the 

two watersheds were further explained by the cropland-scale outputs (i.e., cropland 

HRU), excluding other watershed land use over the fall and winter (October to 

March) of each year (Figure 3.8). The outputs described the amount of water and 

nitrate fluxes) delivered to streams by surface runoff and lateral and groundwater 

flow from croplands and 2) entering the groundwater (e.g., percolation from the 

bottom of soil profile or nitrate leaching). This partitioning elucidated the overall 

effects of different soil properties on the fate and transport of nitrate and on WCC 

performance.  

The simulation results illustrated that two watersheds have different water and 

nitrate delivery mechanisms (p-value < 0.000 from the one-way MANOVA). In 

TCW, croplands are mainly located on well-drained soils with high conductivity 

(Figure 3.8 & Table 3.1). Under the baseline condition, a large amount of water flux 

moved into deeper soils, passing the bottom of the soil profile and ~78.8 % of water 
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fluxes transported to streams by groundwater flow (Figure 3.8a). Because nitrate in 

TCW remains stable in subsurface soils and groundwater under aerobic conditions, 

high nitrate fluxes entered into groundwater (19.5 kg N·ha-1) and delivered to the 

streams by groundwater flow (8.9 kg N·ha-1) (Figure 3.8b). In contrast, 75.7 % of 

water fluxes delivered to streams from GW croplands was attributed to surface 

runoff, due at least in part to the abundance of poorly-drained soils and high-density 

ditch systems, while the subsurface flow contribution to streams (e.g., lateral flow and 

groundwater flow) was 24.3 % (Figure 3.8a). The anaerobic condition in poorly-

drained soils is expected to reduce nitrate export through denitrification. Our 

simulation results also indicated that the amount of nitrate removed by denitrification 

was 13.0 kg N·ha-1 greater in GW croplands during winter seasons compared to TCW 

croplands. These hydrologic characteristics in GW croplands might contribute to 

lowering nitrate leached into groundwater (6.5 kg N·ha-1) and nitrate fluxes delivered 

to streams by groundwater flow (4.5 kg N·ha-1) compared to TCW croplands. In both 

watersheds, nitrate leaching was a dominant transport mechanism. The amount of 

nitrate leached into groundwater was much higher than the amount delivered to the 

streams from the croplands under the baseline condition. 

Compared to the baseline, WCCs were effective at reducing nitrate fluxes 

delivered to streams (p-value < 0.0001 from the one-way ANOVA) and nitrate fluxes 

leached to ground water (p-value < 0.0000 from the one-way ANOVA) for both 

watersheds. The WCCs were more effective in TCW croplands than in GW croplands 

(Figure 3.8b) (one-sided p-value < 0. 0000 from a two-sample t-test). Overall, WCCs 

were more effective in TCW croplands with increased reduction in nitrate fluxes of ~ 
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2.5 kg N·ha-1 delivered to streams and ~ 10.1 kg N·ha-1 leached into groundwater 

compared to GW croplands. Compared to the baseline values, nitrate fluxes delivered 

to streams were lowered by from 3.5 (WL) to 5.5 (RE) kg N·ha-1 in TCW croplands 

and from 1.9 (WL) to 3.0 (RE) kg N·ha-1 in GW croplands. The WCCs reduced water 

percolation by up to ~ 37.2 mm·km-2 and ~ 20.6 mm·ha-1·104 in TCW and GW 

croplands, respectively, compared to the baseline scenario (no-WCC). This 

hydrological effect on percolation, combined with WCC effects on nitrate 

concentration in soils and groundwater, greatly reduced nitrate leaching for both 

watersheds, by up to ~ 15.7 kg N·ha-1 and ~ 5.6 kg N·ha-1 for TCW and GW 

croplands, respectively. Seven-fold greater reduction of nitrate fluxes transported to 

streams by surface runoff was achieved in GW croplands (~ 1.4 kg N·ha-1) compared 

to TCW croplands (~ 0.2 kg N·ha-1) (Table 3.8). Surface runoff accounted for the 

majority of water fluxes delivered to streams in GW croplands. Therefore, the WCC 

impact on reduction of nitrate fluxes delivered to streams by surface runoff was more 

effective in GW croplands than in TCW croplands. The simulated outputs were in 

good agreement with field observations (Singer, 2015). Rye cover crop was shown to 

reduce nitrate leaching by 70.3 – 86.1 % (Table 3.8) and field observations reported 

N reduction rate by rye cover crop ranging from 60 to 94 %. The results indicated that 

WCCs were more effective in reducing subsurface flow and nitrate leaching than in 

reducing nitrate losses to surface runoff. They also emphasized the importance of 

WCC implementation on well-drained agricultural soils, since these soils were shown 

to have higher nitrate levels and a greater potential for nitrate leaching than poorly-

drained agricultural soils.  



 

 

 

80 

 

 

Figure 3.8. 7-year average of annual (a) water and (b) nitrate fluxes at the cropland 

scale under winter cover crop scenarios over winter seasons (October-March) 

normalized by the total cropland area.  

Note: The SURQ, LATQ, and GWQ in (a) refer to water fluxes delivered to streams 

by surface runoff, lateral flow, and groundwater flow, respectively. The PERC refers 

to water percolation entering to groundwater from the bottom of the soil profile. The 

NSURQ, NLATQ, and NGWQ in (b) refer to nitrate fluxes delivered to streams from 

croplands by surface runoff, lateral flow, and groundwater flow, respectively. The 

LEA is nitrate leaching to groundwater. The PERC and LEA eventually affect the 

groundwater contribution to streams and nitrate loads in the groundwater flow over 

time, respectively. The numeric values on the top of the bar graph indicate the 

reduction amount of water and nitrate fluxes under winter cover crop scenarios 

relative to the baseline scenario. The reduction amount by each pathway is available 

in Table 3.8.  
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Table 3.8. The reduction amount and rate of water and nitrate fluxes by winter cover 

crops 

Watershed Scenario 
Water fluxes, mm·ha-1 (%) NO3-N fluxes, kg N·ha-1 (%) 

SURQ LATQ GWQ PERC NSURQ NLATQ NGWQ NLEA 

TCW 

WE 0.9 (2.3) 0.4 (4.4) 8.7 (4.9) 16.0  (6.0)  0.2 (21.7) 0.2 (63.1) 4.4 (56) 13.2 (67.5) 

BE 1.2 (3.2) 0.6 (6.2) 12.2 (7.0) 22.8 (12.6) 0.2 (23.8) 0.2 (70.5) 4.8 (60.6) 14.6 (74.8) 

RE 1.9 (5.0) 1.0 (9.9) 20.6 (11.7) 37.2 (12.6) 0.2 (25.8) 0.2 (73.8) 5.1 (65.1) 15.7 (80.5) 

WL 0.4 (1.0) 0.1 (1.3) 1.4 (0.8) 4.8 (12.6) 0.1 (16.6) 0.1 (50.3) 3.2 (41) 9.5 (48.9) 

BL 0.5 (1.3) 0.2 (2.2) 3.2 (1.8) 8.2 (12.6) 0.1 (19.9) 0.2 (58.7) 3.7 (47.2) 11.4 (58.4) 

RL 1.1 (2.8) 0.6 (5.6) 9.9 (5.6) 20.7 (12.6) 0.2 (24.3) 0.2 (67.7) 4.4 (55.5) 13.7 (70.3) 

GW 

WE 4.6 (2.4) 0.2  (4.5) 7.3 (12.6) 11.0 (12.6) 1.3 (48.9) 0.1 (64) 1.3 (71.4) 4.9 (74.9) 

BE 6.2 (3.3) 0.2 (6.2) 9.3 (16.0) 14.4 (12.6) 1.4 (53.5) 0.1 (71.4) 1.4 (78.3) 5.4 (82.4) 

RE 9.7 (5.1) 0.3 (8.6) 13.4 (23.1) 20.6 (12.6) 1.4 (55.9) 0.1 (72.6) 1.5 (81.4) 5.6 (86.1) 

WL 1.2 (0.6) 0.0 (1.2) 0.6 (1.1) 2.3 (12.6) 1 (38.2) 0.1 (53.1) 0.9 (46.9) 3.3 (50.1) 

BL 1.9 (1.0) 0.1 (2.2) 1.7 (3.0) 4.3 (12.6) 1.1 (44.1) 0.1 (60.5) 1 (55.6) 3.9 (59.9) 

RL 4.2 (2.2) 0.2 (5.5) 5.7 (9.8) 10.8 (12.6) 1.3 (51.6) 0.1 (68.3) 1.2 (66.2) 4.7 (71.8) 

Note: The numeric values show the reduction amount and rate (%) of water (mm·ha-

1) and NO3-N fluxes (kg N·ha-1), relative to the baseline. Pairwise comparisons (with 

the Baseline) showed that all reduction amounts were statistically significant (one-

sided p-value <0.05 from a paired t-test).   

 

3.3.4 Crop rotation impacts on winter cover crop performance over winter seasons 

Data from the 7-year average annual nitrate fluxes after corn-soybean rotation 

and continuous corn were compared to evaluate the effects of crop rotations and 

summer crop species on WCC nitrate uptake. To illustrate differences in the 

performance of WCC by crop rotations, we used simulation outputs from the RE 

scenario in TCW, as they had the largest relative reduction rate in comparison to the 

baseline values. When postharvest nitrate fluxes in two crop rotations were compared 

under the baseline scenario, corn-soybean rotation exported 4.0 kg N·ha-1 more 

nitrate fluxes than continuous corn (Figure 3.9a) (one-sided p-value = 0.10 from a 

paired t-test). Nitrate fluxes after the harvest of soybean in corn-soybean rotation 

were higher than after the harvest of corn, accounting for ~68.5 % of the total fluxes 

(Figure 3.9a). This is likely because soybean often leaves a greater amount of nitrate 
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in the soil due to the rapid rate of residue mineralization (Gentry et al., 2001). 

Mineralization is controlled by the C/N ratio of crop residue (Stevenson and Cole, 

1999). As the C/N ratio of residue decreases (i.e., greater N content), the rate of 

residue mineralization increases (Stevenson and Cole, 1999). Crops with higher N 

content (e.g., soybean) typically generate more nitrate than lower N content like corn 

(Smith and Sharpley, 1990). Therefore, crop rotations with soybean are expected to 

have more residual soil N than continuous corn. Our simulation outputs during winter 

seasons supported these assumptions (Figure 3.9b). They showed that corn-soybean 

rotation left 6.3 kg N·ha-1 more nitrate from mineralization of N in residue compared 

to continuous corn. Approximately 77.5 % of mineralized N originated from soybean 

residue in corn-soybean rotation (Figure 3.9b). The simulation results on postharvest 

nitrate fluxes after two crop rotations were consistent with the findings from previous 

observations (Weed and Kanwar, 1996; Klocke et al., 1999). Indeed, Figure 3.10ab 

shows that mineralized N was greater following earlier harvest than following late 

harvest when temperatures were relatively high compared to other winter months. 

This climate condition likely also influenced the amount of mineralized nitrate based 

on harvesting timing of summer crops (i.e., WCC planting dates). The simulation 

results showed early-harvested crops (October 1) had substantial N mineralization 

occurring in October, followed by reduced amounts of mineralization in subsequent 

months. In contrast, late-harvested crops (October 31) showed highest mineralization 

in November, with decreased monthly mineralization rates thereafter (Figure 3.10ab). 

Overall, the residue from early-harvested crops exhibited approximately 3.7 kg·ha-1 

more N from mineralization than late-harvested crops over winter seasons.   
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Because simulated residual mineralized N was substantially greater in 

soybean than in corn, the efficiency of the RE scenario at reducing nitrate was greater 

in corn-soybean rotation compared to in continuous corn (one-sided p-value = 0.007 

from a paired t-test). The RE scenario decreased nitrate fluxes from 32.4 kg N·ha-1 to 

3.6 kg N·ha-1 in corn-soybean rotation and from 28.4 kg N·ha-1 to 5.4 kg N·ha-1 in 

continuous corn (Figure 3.9a). The temporal distribution of nitrate fluxes differed 

considerably between the baseline and RE scenarios (Figure 3.10cd). With increasing 

biomass (Figure 3.6) and nitrate uptake, a smaller amount of nitrate fluxes was 

exported to streams and groundwater. This result illustrated the effect of crop 

rotations on postharvest residual soil nitrate and the WCC nitrate uptake efficiency. 

Overall, this result suggested that WCCs may have a greater impact on water quality 

when planted on fields under crop rotations that produce greater amounts of leachable 

nitrate. 

 

 



 

 

 

84 

 

 

Figure 3.9. 7-year average of annual (a) nitrate fluxes (delivered to streams and 

leached into groundwater), and (b) nitrate from mineralization of N in residue in two 

crop rotations at the cropland scale under the baseline and rye early scenarios over 

winter seasons (October-March).  

Note: Nitrate values are normalized by the total croplands used for these two crop 

rotations. Monthly values are represented in Figure 3.8.  

 



 

 

 

85 

 

 
Figure 3.10. Temporal distribution of 7-year average of (a & b) nitrate from 

mineralization of N in residue and (c & d) nitrate fluxes (delivered to streams and 

leached into groundwater) in two crop rotations at the cropland scale under early-

planted rye scenario over winter seasons (October-March).  

Note: Nitrate values are normalized by the total croplands used for these two crop 

rotations. Cumulative values are represented in Figure 3.7. 

 

3.4 Conclusions 

A physical model (SWAT) paired with statistical analysis was used to 

investigate the efficiency of WCCs for reducing nitrate loads under different WCC 

planting dates, species, soil characteristics, and crop rotations. Overall, the WCCs 

were more effective when baseline nitrate loads were high due to high leaching 

potential and/or high availability of residual and mineralized soil nitrate, resulting 

from soil characteristics and crop rotations. The WCC efficiency varied by planting 

time and species. Therefore, for the water quality improvements, it is crucial to 

establish an appropriate WCC treatment depending on local edaphic, hydrologic, and 
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agronomic characteristics. For example, well-drained areas used for frequent 

cultivation of soybean should adopt a more robust WCC practice (e.g., rye with early 

planting), while areas with lower infiltration rates, increased denitrification capacity, 

and lower available soil residual and mineralized N could achieve the same water 

quality standards with less robust WCC practices (e.g., barley and wheat). The 

findings of this study can provide key information to aid decision making and to 

develop effective WCC implementation plans suitable for local characteristics at the 

watershed scale. 
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Chapter 4 Reducing uncertainty of an integrated wetland-

watershed hydrologic model using remotely sensed data3 

4.1 Introduction 

Wetlands provide important ecosystem services, such as mitigating flood 

damage (Hillman, 1998), improving water quality by reducing pollution loads 

(Cooper, 1990), and serving as natural habitats to support biodiversity (Nygaard and 

Ejrnæs, 2009). These functions highly depend on wetland hydrology determined by 

its interactions with surrounding areas (Tiner, 2005; Kettlewell et al., 2008). For 

example, the denitrification process is triggered by anaerobic condition within a 

wetland and incoming nitrate loads, which are driven by water inflow to wetlands 

from the surrounding landscape (Cooper, 1990). Wetlands, in turn, exert a strong 

influence on the characteristics and functioning of downstream waters (USEPA, 

2015). Therefore, it is important to understand wetland hydrology as it relates to 

upstream and downstream landscapes to assess the cumulative benefits of wetlands at 

the watershed scale (USEPA, 2015).  

 It is challenging to predict wetland hydrology owing to complex hydrologic 

connections between wetlands and surrounding areas via surface and subsurface 

pathways (Ranalli et al. 2010). Computational models have been developed to 

simulate wetland hydrology at the individual site scale. For example, MODFLOW 

                                                 
3 The material presented in this Chapter is under review: Lee, S., Yeo, I.-Y, Lang, M. W., McCarty, G. 

W., Sadeghi, A. M., Sharifi, A., Jin, H. & Liu, Y. (2016). Reducing uncertainty of an integrated 

wetland-watershed hydrologic model using remotely sensed data. Environmental Modelling & 

Software  
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was used to simulate hydro-dynamics of wetlands induced by surface flow and 

interactions with aquifers (Restrepo et al. 1998), and its groundwater recharge 

function under different weather conditions (Bradley, 2012). WETLAND (Lee et al., 

2002) and Wetland Solute Transport Dynamics (WETSAND, Kazezyılmaz‐Alhan et 

al., 2007) were developed to simulate plant uptake and denitrification process within 

a wetland. These models were able to simulate water and nutrient cycling at the site, 

but the results were confined to individual wetlands. Thus, they could not represent 

the cumulative impacts of multiple wetlands on downstream waters at the watershed 

scale.   

  Recently, spatially distributed watershed models have been applied to 

examine catchment-scale benefits of wetland by including a wetland module as a 

component in a distributed watershed model. Vining (2002) simulated the Devils 

Lake Basin wetlands model to estimate water storage capacity of wetlands and its 

effects on downstream water balance at the watershed scale. Padmanabhan and 

Bengtson (2001) used the Hydrologic Engineering Center (HEC)-1 model to evaluate 

the integrated impacts of wetlands on mitigating flooding in a large drainage area (~ 

4150 km2). Hattermann et al. (2006) predicted the impacts of wetlands on overall 

water and nutrient budgets for an agricultural watershed using the Soil and Water 

Integrated Model (SWIM). The Soil and Water Assessment Tool (SWAT) has been 

applied to investigate various water quality and hydrological benefits of wetlands for 

agricultural watersheds (Gassman et al., 2007). For example, SWAT was applied to 

assess wetland effects on streamflow during wet and dry periods (Wu and Johnston, 

2008), to predict the impacts of wetland restoration and losses on water quantity and 
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quality (Wang et al., 2010; Yang et al., 2010; Records et al., 2014; Martinez-Martinez 

et al., 2014 and 2015), and to identify optimal locations for wetland restoration to 

improve water quality and mitigate flood damage (Babbar-Sebens et al., 2013; Comín 

et al., 2014). 

SWAT, similar to other semi-distributed watershed models, oversimplified 

physical processes and representation of wetlands in a watershed context. SWAT 

simulates the lumped effect of multiple wetlands within a sub-watershed (Neitsch et 

al., 2011), using the concept known as “equivalent wetland area” (Wang et al., 2008). 

For example, multiple wetlands within a sub-watershed are spatially aggregated, and 

simulated as one. The size of this hypothetical wetland is assumed to be equivalent to 

the aggregated areal extent of multiple wetlands located within a sub-watershed. Its 

upland area is set by the relative proportion of aggregated drainage areas of multiple 

wetlands to a sub-watershed, and its location is positioned at the outlet of the sub-

watershed. Hence outflow from an aggregated wetland is directly transported to the 

next downstream sub-watershed. This simplification significantly reduces 

computational demands. However, it disregards spatially variable wetland 

interactions with surrounding areas and local groundwater systems, such as recharge 

(Feng et al., 2013, McLaughlin et al., 2014, Evenson et al., 2015 and 2016), and the 

hydrological exchange with streams and groundwater along stream channels within a 

sub-watershed (Liu et al., 2008). Conceptually and spatially agglomerated 

representation of wetlands can be a large source of uncertainty in model prediction 

(Zhang et al., 2011). Several attempts are being made to improve wetland processes 

by disaggregating and modifying wetland representation by different types (Feng et 
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al., 2013), while considering hydrological connection with surrounding areas 

(Evenson et al., 2015 and 2016) and nearby streams (Liu et al., 2008).  

However, it still remains unclear if enhanced model capabilities would reduce 

wetland function prediction uncertainty. This is because simulation results with 

enhanced capabilities have been evaluated against “aggregate” hydrological variables 

(e.g., streamflow, nutrient and sediment loads referred to as “hard data” in Seibert and 

McDonnell, 2002) collected at the watershed outlet (Liu et al., 2008; Evenson et al., 

2015), while changes were made to improve spatial processes and patterns. The 

relative improvement in aggregated response cannot offer any insight into intra-

watershed responses. Thus wetland hydroperiod (i.e., change in inundation or root-

zone saturation through) and associated wetland functions affecting downstream 

waters should not be evaluated using aggregated response variables at various spatial 

scales.  

SWAT, similar to other wetland models, estimates change in inundation 

extent (i.e., water levels) using a wetland water volume-surface area relationship. 

This relationship is specified by four wetland parameters: i.e., surface area and 

volume within a wetland at normal and maximum water levels. Spatially explicit 

information that describes the geomorphic and inundation characteristics of 

individual wetlands is required. However, such data rarely exist, and thus these 

parameters have often been set uniformly for all wetlands, regardless of spatial 

locations and site characteristics (Liu et al., 2008; Wu and Johnsonton, 2008; Babbar-

Sebens et al., 2013; Comín et al., 2014; Records et al., 2014). Furthermore, spatially 

explicit in-situ data that can be used to evaluate simulated inundation within multiple 
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wetlands under various weather conditions rarely exist. To cope with data scarcity, it 

has been suggested that qualitative data (i.e., “soft data” in Seibert and McDonnell, 

2002), derived from expert knowledge, literature, and extensive field monitoring of 

similar sites, be used. These data have been used to constrain a range of model 

parameter values for calibration (Seibert and McDonnell, 2002 and 2013; Vaché and 

McDonnell, 2006; Julich et al., 2012) or to qualitatively evaluate if modeled 

behaviors and intra-watershed responses are reasonable (Seibert and McDonnell, 

2002).   

Remotely sensed data provide synoptic information on the spatial distribution 

of various hydrological variables (e.g., precipitation, soil moisture, and inundation) at 

multiple spatial and temporal scales (Nielsen et al., 2008; Huang et al., 2014). With 

improved technology and increasing coverage, significant efforts are being made to 

integrate remotely sensed data products (e.g., soil moisture and vegetation) into 

various land surface models. The aim is to reduce the degree of equifinality (i.e., 

many different parameter sets are equally good at reproducing an output signal; 

Beven, 2006) using observed spatial patterns to reduce ambiguity in the input data, 

change states/condition, parameters, and represented processes, and improve model 

prediction (e.g., soil moisture and streamflow) via data assimilation (Loumagne et al., 

2001). The results seem to be promising, particularly at the regional or global scale, 

when coupled with conceptual models. However, data assimilation was shown to be 

unsatisfactory when tested with more complex spatially distributed, process-based 

models, such as SWAT, at a local catchment scale (Chen et al., 2011). Moreover, 

most routinely collected remotely sensed data products of hydrological variables 
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(e.g., soil moisture) are acquired at a coarse spatial resolution (tens of kilometers; 

Lakshmi, 2013) and therefore are limited in their utility for characterizing small to 

moderate size wetlands which are dominant on the landscape. On the other hand, 

commonly available wetland mapping products are categorical maps at much higher 

spatial resolutions (e.g., US Fish and Wildlife Service (USFWS) National Wetland 

Inventory (NWI), US National Land Cover Database (NLCD) by the Multi-

Resolution Land Characteristics (MRLC) Consortium, US National Oceanic and 

Atmospheric Administration (NOAA) Coastal Change Analysis Program (C-CAP)). 

However, they cannot provide information on inundation changes in a wetland over 

time.  

The potential to routinely map inundated wetlands at a 30-m resolution with 

high accuracy (> 92%) was recently demonstrated using Light Detection and Ranging 

(LiDAR) and time series Landsat data (Lang and McCarty, 2009; Lang et al., 2013, 

Huang et al., 2014; Jin et al., 2017). The mapping algorithm was applied to detect 

inundated area for small seasonal forested wetlands, which are densely distributed in 

the Coastal Plain of the Mid-Atlantic Region of the US (Huang et al., 2014). Forested 

wetlands are difficult to map, due to the presence of the forest canopy and the fact 

that inundation and saturation in these wetland is often ephemeral. Inundation maps 

were produced annually using LiDAR intensity data and Landsat images acquired in 

early spring (Jin et al., 2017), when most standing water within a wetland was 

viewable due to the leaf-off status of the forest canopy (Lang et al., 2012, Huang et 

al., 2014). When applied to watersheds in the Coastal Plain Physiographic Province 

of the Chesapeake Bay Watershed (CBW), spatial patterns of inundation reflected 

http://www.noaa.gov/
http://www.noaa.gov/
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different weather conditions and followed the change trend of streamflow (Huang et 

al., 2014; Jin et al., 2017).  

In this paper, we present an integrated wetland-watershed modeling 

framework that capitalizes on time series inundation maps, with an aim to improve 

prediction of wetland inundation patterns at a landscape scale. We outline problems 

commonly arising from input data preparation and parameterization to represent 

spatially aggregated wetlands within a distributed watershed model. We demonstrate 

how intra-watershed processes can be better captured by setting spatialized wetland 

parameters developed from remotely sensed data, as doing so reduced the degree of 

equifinality. We then place particular emphasis on assessing model prediction using 

spatial maps of inundation under different weather conditions. This spatial data-

model integrated framework was tested with SWAT and the Riparian Wetland 

Module (RWM), an improved SWAT extension for riparian wetlands (RWs). The 

effects of improved parameterization and process representation on predicted 

inundation are demonstrated using a case study conducted in the upper river basin of 

Choptank Watershed, located in the Coastal Plain of the CBW. 

 

4.2 Data and Methods 

4.2.1 Study area 

The Tuckahoe Creek Watershed (TCW, ~ 220.7 km2) is located on the upper 

region of the Choptank River Watershed in the Coastal Plain of the CBW (Figure 

4.1). The Choptank River Watershed is on the list of “impaired watersheds” 
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designated by the US Environmental Protection Agency (USEPA), due to excessive 

sediment and nutrient loads from agricultural lands (McCarty et al., 2008). The site 

has been selected as one of the US Department of Agriculture (USDA) Conservation 

Effects Assessment Project (CEAP) benchmark watersheds, and extensively 

monitored and studied (McCarty et al., 2008; Yeo et al., 2014; Lee et al., 2016; 

Sharifi et al., 2016). It is characterized by a relative flat topography (Figure 4.2a), 

with humid and temperate climate (Ator et al., 2005). Overall, soils are evenly split 

between well-drained (USDA classification of Hydrologic Soil Group (HSG) – A or 

B) and poorly-drained soils (HSG – C or D) (Figure 2b). Land use is mainly 

comprised of agriculture (51.3%) and forest (38.4 %), followed by pasture (8.5%), 

urban areas (1.4%), and water bodies (0.3%) (Figure 4.2c). The study site includes 

abundant forested wetlands, such as wetland depressions (e.g., Delmarva bays), 

wetland flats, and riparian wetlands (Lang et al., 2012). According to the NWI map, 

most forested areas are indeed forested wetlands and the total coverage of wetlands is 

about 34.5 km2, accounting for 15.5% of the entire TCW (Figure 4.2d). The majority 

of forested wetlands are known to be seasonally inundated for a relatively short time 

period in early spring, when ET is low leading to seasonally high groundwater (Tiner 

and Burke, 1995). 
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Figure 4.1. The location of the Tuckahoe Creek Watershed and Greensboro 

Watershed near Chesapeake Bay. 
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Figure 4.2. The physical characteristics of the TCW: (a) elevation, (b) soil properties, 

(c) land use, and (d) wetlands identified by the NWI map (adapted from Lee et al. 

2016) 

Note: Hydrologic soil groups (HSGs) are characterized as follows: Type A- well-

drained soils with 7.6-11.4 mm·hr-1 (0.3-0.45 inch·hr-1) water infiltration rate; B - 

moderately well-drained soils with 3.8-7.6 mm·hr-1 (0.15-0.30 inch·hr-1) water 

infiltration rate; C - moderately poorly-drained soils with 1.3-3.8 mm·hr-1 (0.05-0.15 

in·hr-1) water infiltration rate; and D – poorly-drained soils with 0-1.3 mm·hr-1 (0-

0.05 inch·hr-1) water infiltration rate (Neitsch et al., 2011). The NWI polygons 

connected to the stream map are represented as “blue” and others as “green” in Figure 

4.2d. See section 4.2.4.1 for further details. 
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4.2.2 Soil and Water Assessment Tool (SWAT) model: an overall approach to 

watershed simulation 

SWAT is a distributed, continuous, process-based watershed model. It has 

been widely used to simulate hydrology, nutrient cycling, and sediment loads in an 

agricultural watershed (Neitsch et al., 2011). SWAT partitions a watershed into sub-

watersheds, the draining area of the stream segment, and further into Hydrologic 

Response Units (HRUs) based on unique combination of land use, soil type, and 

slope. The mass balance, transport, and cycling of hydrologic and water quality 

variables are simulated at each HRU, whose outputs aggregated for the sub-

watershed, and then routed to the outlet of the watershed through channel processes. 

SWAT uses the Soil Conservation Service (SCS) Curve Number (CN) method to 

compute surface runoff and infiltration, which is determined based on soil’s 

permeability, land use and antecedent soil water conditions. The Penman-Monteith 

method was used to simulate ET. Refer to Neitsch et al. (2011) for further details.  

SWAT input data consist of various geospatial and climate data (Table 4.1). A 

high resolution LiDAR-based Digital Elevation Model (DEM), land use map and Soil 

Survey Geographical Database (SSURGO) were used to characterize the study site 

and delineate stream network, sub-watersheds, and HRUs. In total, the watershed was 

divided into 71 sub-watersheds and further into 573 HRUs, by applying the threshold 

(%) of 10, 20, and 20 to land use, soil use, and slope, respectively. Delineation 

processes are fully described in Winchell et al. (2010). 

Daily precipitation and temperature were obtained from three weather stations 

located near the TCW, operated by NOAA National Climate Data Center (NCDC) 
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(Chestertown: USC00181750, Royal Oak: USC00187806, and Greensboro: 

US1MDCL0009). Daily solar radiation, relative humidity, and wind speed were not 

monitored, so they were generated using SWAT's built-in weather generator (Neitsch 

et al., 2011). Daily streamflow data collected at the outlet of the TCW was obtained 

from the US Geological Survey (USGS) gauge station (#01491500, Figure 4.1). A 

commonly available drought index (i.e., Palmer Drought Severity Index [PDSI]) was 

used to characterize weather conditions (e.g., drought, normal, and wet) based on 

historic climate records. It was downloaded from the NOAA NCDC for the climate 

division (MD Region 5) within where the study watershed is situated.  

 

Table 4.1. List of input data 

Data Source Description Year 
DEM MD-DNR LiDAR-based 1 meter resolution  2006 

Land use 

USDA-NASS Cropland Data Layer (CDL) 2008 - 2012 

MRLC National Land Cover Database (NLCD) 2006 

USDA-FSA-

APFO* 
National Agricultural Imagery Program digital 

Orthophoto quad imagery 
1998 

US Census Bureau TIGER road map  2010 

Soils USDA-NRCS Soil Survey Geographical Database (SSURGO)  2012 

Climate NCDC Daily precipitation and temperature 1999 - 2008 

Streamflow USGS Daily streamflow  2001 - 2008 

Wetland NWI National Wetlands Inventory  

Stream map 

ArcSWAT 
DEM-based delineation method using the 

threshold of a drainage area 
N/A Sub-watershed 

boundary 

Inundation 

map 
Huang et al. (2014) 

Annual time series inundation map developed 

from Landsat images and LiDAR intensity data  
2001-2008 

Drought Index NOAA-NCDC Palmer Drought Severity Index 2001-2008 

High 

resolution 

image 

USDA-FSA 
1-meter aerial imagery acquired at 8/15/2013 from 

the national agriculture imagery program  

available through ArcGIS online 
2015 

MD-DNR: Maryland Department of Natural Resources, USDA-NASS: USDA-

National Agriculture Statistics Service, USDA-FSA-APFO: USDA-Farm Service 

Agency-Aerial Photography Field Office, USDA-NRCS: USDA-National Resources 

Conservation Service, and USDA-FSA: USDA-Farm Service Agency 
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4.2.3 Representation of wetland processes 

This study used the built-in ‘conventional’ wetland module in SWAT to 

simulate non-riparian wetlands (NRWs) and the improved riparian wetland module, 

RWM (Liu et al. 2008), for riparian wetlands (RWs). This sub-section briefly 

describes the two modules. 

4.2.3.1 Non-riparian wetland (NRW) module 

SWAT treats a wetland like an impoundment and simulates its hydrological 

effects at the sub-watershed scale (Neitsch et al., 2011). It aggregates wetlands 

distributed within a sub-watershed. Then this lumped wetland is assumed to be 

located at the outlet of the sub-watershed (Neitsch et al., 2011) and its water balance 

is calculated at a daily time step, as (Eq. 4.1): 

seepevappcpflowoutflowinstored VVVVVVV                                                           (4.1) 

where V  is the volume of water stored in a wetland at the end of the day, storedV  the 

volume of water stored in the wetland at the beginning of the day, flowinV  the volume 

of water entering the wetland during the day, flowoutV the volume of water flowing out 

of the wetland during the day,  pcpV  the volume of precipitation falling onto the 

wetland during the day, evapV  the volume of water removed from the wetland by ET 

during the day, and seepV  the volume of water lost from the wetland by seepage during 

the day. Note that flowinV  is calculated based on the fraction of water draining into a 

wetland from a sub-watershed (including surface runoff, lateral flow and groundwater 
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flow). SWAT assumes outflow, flowoutV  to occur whenever water stored in a wetland 

exceeds its normal storage volume ( norV ), as: 

0flowoutV                                 if  norVV                                                                (4.2)  

10

nor
flowout

VV
V


                      if  mxnor VVV                                                       (4.3)  

mxflowout VVV                         if  mxVV                                                                (4.4)  

where mxV and norV  are the volume of water held in a wetland at maximum and 

normal water levels, respectively.  

Based on the daily volume of water stored in a wetland (i.e., V  in Eq. 4.1), 

the surface area of a wetland ( wetA ) is calculated at the daily time step, as:   

 VAwet                                                                                                               (4.5) 

where   and   are coefficients.  These coefficients are estimated as: 
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                                                                                                              (4.7) 

where mxSA  and norSA  are the surface water area of a wetland at maximum and 

normal water levels, and mxV  and norV the volume of water held in the wetland at 

maximum and normal water levels, respectively. Further details are available from 

Neitsch et al. (2011).  
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4.2.3.2 Riparian wetland module (RMW) 

 The riparian Wetland Module (RWM) developed by Liu et al. (2008) 

explicitly simulates the “bi-directional” exchange of water flow and sediments 

between a RW and the main stream segment in a sub-watershed. For example, RWM 

calculates the water balance of a RW ( rV ) as: 

rchflowrseeprevaprpcprflowoutrflowinrstoredrr VVVVVVVV ,,,,,,,                                (4.8) 

All the components in Eq (4.8) are identical to Eq (4.1), except that Eq (4.8) includes 

rchflowrV , , the volume of surface and sub-surface water exchange between RWs and 

reach. The subscript, r , denotes simulation of riparian wetlands. Note that the RWM 

simulates water flows from upland into a stream segment, NRWs, and RWs 

separately, as it divides the sub-watershed into three drainage zones (i.e., riparian 

wetland, non-riparian wetland, and stream drainage zones, Figure 4.3). The RWM 

estimates the amount of inflow (i.e., contributing upland flow) into three drainage 

zones according to its areal fraction relative to the total sub-watershed area. Note that 

flowinrV ,  can be estimated from surface runoff, lateral flow, and groundwater flow. 

Surface area within a RW is estimated similar to the NRW module (Eq. 4.5 – 4.7) 

after a slight modification (Liu et al., 2008). 
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Figure 4.3. The representation of riparian wetlands and non-riparian wetlands, and 

wetland drainage zones delineated by the ArcGIS geo-processing tools.  

Note: The inset map provides an enlarged view of the spatial arrangement of two 

wetland types and their drainage zones relative to the stream, within a selected sub-

watershed boundary (# 30). A wetland drainage zone indicates an upland area. The 

white background areas, which do not fall within riparian wetland and non-riparian 

wetland drainage zones, directly drain into the stream.  

 

Figure 4.4 illustrates the conceptual scheme that outlines the lateral exchange 

of water flows between a RW and a stream segment as in Liu et al. (2008). RWM 

assumes that wetland water level at its normal depth is equivalent to reach water level 

at its bank full depth. Then, the lateral surface flow exchange occurs under high flow 

conditions, when wetland water level is higher than its normal depth and/or the 

channel water level is higher than the bank full depth. Liu et al. (2008) describes how 
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the channel water depth can be estimated using rating curves based on channel 

geometry, watershed drainage characteristics, and Manning’s equation as in SWAT. 

The lateral subsurface flow exchange occurs when the water level is between the 

bottom and the bankfull level for both the wetland and stream reach, and the 

groundwater flow exchange was estimated by Darcy’s Law (Liu et al., 2008). Lateral 

subsurface flow exchange follows similar iterative algorithm as the lateral surface 

flow exchange illustrated in Figure 4.4 Groundwater flow from upland areas is 

assumed to pass under RWs (i.e., no groundwater inflow to RWs from upland areas) 

and directly contributes to streams, if water level in the stream is lower than the 

bottom of the RWs (Liu et al., 2008). See Liu et al. (2008) for further details.  

 

 

Figure 4.4. The conceptual model that illustrates lateral surface flow exchange 

between riparian wetlands and streams (adapted from Liu et al. (2008)).  
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4.2.4 Parameterization of wetlands 

4.2.4.1 Delineation of RWs and NRWs 

RWM defines RWs as those wetlands that intersect nearby streams, and 

assumes RWs to have bi-directional exchange with nearby streams (see discussion in 

4.2.3.2). We identified RWs within the study watershed by following this 

“operational definition” in Liu et al. (2008). This operational definition requires the 

exclusion of two particular groups of RWs, which are most unlikely to have bi-

directional exchange with streams. The first is headwater wetlands. These are 

initiating, intermittent headwater streams that typically have “one directional flow” 

into the stream (McDonough et al., 2015). The other is wetlands directly connected to 

artificial ditches, which are extensively developed in the region to drain wetlands to 

local streams during periods of low ET (Denver et al., 2014).  

Instead of using commonly available stream maps (e.g., USGS National 

Hydrography Dataset (NHD)) that are known to underrepresent streams and ditch 

length in the study site (Lang et al., 2012), we used a high resolution LiDAR DEM to 

delineate a more detailed, accurate stream network. A high resolution LiDAR DEM 

and the built-in “Stream Definition” function in ArcSWAT (Winchell et al., 2010) 

with multiple drainage density thresholds were used to create detailed drainage 

networks. The finer high resolution stream map helped to identify and isolate those 

NWI polygons that belong to two particular groups described above. We delineated 

stream maps by applying different drainage area thresholds and then selected one that 

did not intersect these two particular groups of NWI polygons. The delineation was 

done based on our local knowledge, field observation, and visual inspection of the 
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study site with high-resolution images. The selected stream map was overlaid with 

NWI polygons which were processed to aggregate wetlands in close proximity (with 

<10 cm threshold) using the ArcGIS Cartography Tool (ESRI, Redlands CA, ArcGIS 

v 10.2). Those NWI polygons which intersect with the stream map were considered 

RWs and the remaining as Non-Riparian Wetlands (NRWs). Aggregated areas of 

RWs and NRWs identified through this procedure were 13.4 km2 and 21.1 km2, 

accounting for 6.0 % and 9.5 % of the TCW, respectively.           

 

4.2.4.2 Model parameterization for wetlands: data and geospatial processing 

As aforementioned, wetland modules compute a daily water balance within a 

wetland (Eq. 4.1 and 4.8), and then update its surface water area using the nonlinear 

volume-surface area relationship (Eq. 4.5) specified by two parameters (i.e.,   and 



wetlands at normal and maximum water levels (Eq. 4.6 and 4.7) is required. 

However, such data rarely exist, especially from field monitoring. We used three 

geospatial datasets (i.e., NWI map, inundation maps, and DEM) to calculate surface 

area under the two conditions, and applied the GIS-based methods shown in Lane and 

D’Amico (2010) to estimate the water volume of wetlands. This GIS-based method 

takes the average elevation of each wetland polygon boundary as the maximum stage 

height of a wetland, and then estimates the maximum water storage volume using the 

ArcGIS 3D Analyst Tool (Lane and D’Amico, 2010). 

The NWI was used to calculate surface water area at the maximum water 

level. The NWI shows the spatial distribution and extent of wetlands (Tiner, 1997). 
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Developed from high resolution aerial photographs or multispectral satellite images 

commonly collected on multiple dates, the NWI dataset undergoes an extensive 

validation process (Tiner, 1997). NWI polygons located within a close proximity 

were spatially aggregated, and then partitioned into sub-watersheds based on the 

spatial distribution and positioning. This partitioning resulted in “slivers”, i.e., the 

extremely small portion of the NWI polygon to a sub-watershed (see examples from 

Figure 4.5a). Those slivers were removed for further processing. We used the median 

elevation value, instead of the average as shown in Lane and D’Amico (2010), of the 

polygon boundary as the maximum water stage and calculated the maximum water 

volume. We then aggregated the maximum surface area and storage volume 

separately, for NRWs and RWs, at the sub-watershed scale.  

Surface water area at the normal water level was estimated from the 

inundation map derived with the Landsat image acquired in early spring of 2007 

(Huang et al., 2014, Jin et al., 2017). The inundation maps showed surface water 

fraction (SWF), or percent inundation, within a 30-m Landsat pixel in early spring. 

We selected the 2007 inundation map to capture typical patterns of surface water area 

at the normal spring water level, as weather condition and seasonal streamflow was 

shown to be “normal” according to the PDSI and the long-term records of streamflow 

and precipitation over last 30 years. In addition, the 2007 map was evaluated with 

extensive field data collected at the study site, providing confidence for this spatial 

dataset (Lang et al., 2009; Huang et al., 2014; Jin et al., 2017). Surface area at the 

normal water level was estimated by calculating a weighted sum of inundation pixels 

(using SWF as a weight). The normal water volume was computed after we 
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delineated contiguous inundated polygons which show the edge of the flooded area. 

This data processing involved multiple steps, as follows: (1) conversion of inundation 

pixels into polygons, (2) aggregation of inundation polygons in a close proximity 

(with a threshold < 10 cm), and (3) filling holes (‘island polygon’, if any) inside 

aggregated inundation polygon (Figure 4.5b). We applied the GIS-based method by 

Lane and D’Amico (2010) to estimate normal water volume using the 2007 map and 

DEM. The normal depth of RW required for simulating the lateral water exchange 

between RWs and streams (Figure 4.4) was estimated by simply dividing the 

aggregate water volume by the aggregate surface area at the sub-watershed scale, 

assuming the geometry of this hypothetical wetland as a cubic (Liu et al., 2008). The 

spatial distribution of inundated areas could be irregular and uneven, relative to the 

NWI polygon coverage (Figure 4.5c). For example, some sub-watersheds (e.g., #22 

and #23 in Figure 4.5c) contained a very small portion of wetlands (aggregated NWI), 

which did not show any sign of inundation. In this case, we estimated inundated area 

using the original NWI polygon prior to aggregation (Figure 4.5d).  
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Figure 4.5. Estimation of the proportion of the inundated area at the normal and 

maximum water level using NWI and the 2007 inundation map: (a) the sub-watershed 

including the extremely small portion (“slivers”) of the NWI polygon after 

partitioning (# 54), (b) gaps inside inundation polygon created after vectorizing 

inundation pixels, (c) spatially aggregated NWI polygons and inundation pixels, and 
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(d) the aggregated NWI polygon (in C) ungrouped into original NWI polygons to 

estimate the relative inundated areas for the NWI (# 22 and 23). 

Note: A numerical value is used to label the sub-watershed. For those sub-watersheds 

that do not include inundation pixels (# 22 and 23 in Figure 4.5d), the proportion of 

normal to maximum wetland area was assumed to be same as the proportion of 

inundation pixels (red area in Figure 4.5d) within the original NWI to the original 

NWI polygon (light green area in Figure 4.5d). The normal wetland depth derived 

from the red area in Figure 4.5d was used to calculate the normal wetland volumes 

(area × depth). 

 

4.2.5 Model calibration and validation 

SWAT was simulated at a daily time step over 10 years, including 2-year 

warm-up (1999-2000), 5-year calibration (2001-2005), and 3-year validation (2006-

2008). We calibrated SWAT twice against observed streamflow collected at the outlet 

of the watershed (Figure 4.6) following Liu et al. (2008). For the first calibration, 

wetland modules were turned off (referred to as Flow_WO), and 18 parameters 

deemed to be most sensitive to streamflow were manually calibrated based on 

previous SWAT modeling studies conducted in the study watershed (Sexton et al., 

2010, Yeo et al., 2014, Lee et al., 2016) (Table 4.2). Model calibration was conducted 

manually by adjusting parameter values within an allowable range, following the 

SWAT model technical guideline. Selected were those parameter values that 

produced the best model performances while meeting SWAT performance criteria 

outlined by Moriasi et al. (2007) (Table 4.2). For the second calibration, wetland 

modules (referred to as Flow_W) were turned on, for the second calibration, and five 

parameters (Table 4.2) that control the routing processes, including surface water and 

groundwater routing to stream segments and then to watershed outlet via the main 

channels, were refined (Liu et al., 2008). Wetland parameters developed in section 
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4.2.4.2 were introduced in the second step, and other parameters required for wetland 

modules (e.g., saturated hydraulic conductivity of the wetland bottom and an 

evaporation coefficient) were set as the default values in SWAT (Arnold et al., 2012). 

The following statistical performance measures were considered to assess model 

performance during the calibration: Nash-Sutcliffe efficiency coefficient (NSE), root 

mean squared error (RMSE)-standard deviation ratio (RSR), and percent bias (P-bias; 

Moriasi et al., 2007). They were computed as:  
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where iO  are observed and iS  are simulated data, O is observed mean values, and n  

equals the number of observations. 
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Figure 4.6. Flow diagram illustrating SWAT wetland module calibration procedures.  

Note: The objective functions are shown in Eq. 4.9 – 4.11. 18 parameters used in the 

first calibration are listed in Table 4.2, and 5 parameters re-adjusted in the second 

calibration are highlighted in Table 2. “==” stands for “equal”. 
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Table 4.2. List of calibrated parameters 

Parameter Description (unit) Range 
First calibration 

(Flow_WO) 

Second calibration 

(Flow_W) 

CN* SCS runoff curve number -50 – 50 % - 15 % - 15 % 

ESCO* Soil evaporation compensation factor 0 – 1 0.89 0.89 

OV_N# Manning's "n" value for overland flow 0.01 – 30 1.81 1.90 

SLSUBBSN* Average slope length (m) -50 – 50 % -37 % -37 % 

EPCO* Plant uptake compensation factor 0 – 1 0.63 0.63 

CANMX# Maximum canopy storage (mm H2O) 0 – 100 0.18 0.18 

GW_DELAY* Groundwater delay (days) 0 – 500 53.60 55.61 

ALPHA_BF* Baseflow alpha factor (1·days-1) 0 – 1 0.73 0.73 

GWQMN* 
Threshold depth of water in the shallow aquifer 

required for return flow to occur (mm H2O) 
0 – 5000 0 0 

GW_REVAP* Groundwater "revap" coefficient 0.02 – 0.2 0.06 0.06 

REVAPMN* 
Threshold depth of water in the shallow aquifer for 

"revap" to occur (mm H2O) 
0 – 500 1 1 

RCHRG_DP* Deep aquifer percolation fraction 0 – 1 0.05 0.05 

SOL_AWC* 
Available water capacity of the soil layer (mm H2O 

·mm soil-1) 
-50 – 50 % - 6 % - 6 % 

SOL_K* Saturated hydraulic conductivity (mm·hr-1) -50 – 50 % - 47 % - 47 % 

SOL_Z* Depth from soil surface to bottom of layer (mm) -50 – 50 % + 21 % + 21 % 

CH_N2† Manning's "n" value for the main channel 0.01 – 0.3 0.011 0.015 

CH_N1† Manning's "n" value for the tributary channels 0.01 – 30 0.508 0.556 

SURLAG* Surface runoff lag coefficient 0.5 – 24 10.12 7.70 

Note: The ranges of parameters with superscripts (*, #, and †) are derived from Gitau 

and Chaubey (2010), Wu and Xu (2006), and Yen et al. (2014), respectively. The 

highlighted parameters are re-adjusted in the second calibration. 

 

4.2.6 Evaluation of inundated area prediction uncertainty: spatial pattern analysis 

Despite the fact that distributed hydrological models are used for a wide 

variety of applications, it is common to apply uniform parameter values at some point 

within spatial modeling units (Grayson and Blöschl, 2002). The implication of 

imposing uniform spatial parameters on simulated spatial results (e.g., inundated 

areas or inter-watershed response) is not easily measurable, as model performance is 

generally tested against aggregated hydrological variables. In this case, simulation 

results can be equally acceptable, regardless of the degree of spatial heterogeneity 

imposed on parameters or process representation. To illustrate this equifinality 
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problem with improved RWM, we prepared three sets (referred to as Set A, B, and C) 

of wetland parameters, imposing varying degree of spatial heterogeneity at the sub-

watershed scale (Table 4.3). Note that the sub-watershed scale is the elementary 

modeling unit of RWM. SWAT delineates a sub-watershed as a drainage area of each 

stream segment, and wetland are aggregated and interact with stream segment within 

a sub-watershed. The first set, Set A (i.e., spatialized wetland parameters), was 

prepared using spatially explicit information from inundation maps, as in section 

4.2.4.2. Two additional sets (Set B and C) were prepared by assuming uniform 

wetland parameters for the entire watershed, following typical approaches used in 

previous studies (Liu et al., 2008; Wu and Johnsonton, 2008; Babbar-Sebens et al., 

2013; Comín et al., 2014; Records et al., 2014). Set B was determined by taking mean 

values of the sub-watershed scale wetland parameters (from Set A), without 

separating RWs and NRWs. Set C was adopted from Liu et al. (2008), as it described 

parameters for forested wetlands, the most dominant type of wetlands at the study 

site. Figure 4.7 illustrates the differences in the parameter values from Set A-C 

summarized by stream order and hierarchy. 
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Table 4.3. Wetland parameters and normal depth of RW estimated by three 

parameterizations 

Parameters Set A Set B Set C 

Maximum 

area 
NWI NWI NWI 

Normal  

area 
2007 inundation map Maximum area × 12 % [1] Maximum area × 30 %[1] 

Maximum 

volume 
Geoprocessing using 

NWI and DEM 

Maximum area  × 

0.6 m [2] 

Maximum area  × 

0.5 m[2] 

Normal 

volume 

Geoprocessing using 

2007 inundation map and 

DEM 

Normal area  × 

0.2 m [3] 

Normal area  × 

0.1 m[3] 

Normal 

depth of RW 
Normal volume / normal 

area (0.02 – 0.8 m) 
0.2 m [3] 0.1 m[3] 

Note: The proportion ([1]), maximum depth ([2]), and normal depth ([3]) were estimated 

by calculating the mean value of the proportions of normal areas to maximum areas, 

maximum volume/maximum area, and normal volume/normal area for all wetlands in 

Set A, respectively. Normal depth of RW in Set A was calculated by dividing normal 

volume by normal area for individual RWs. Presented parameter values were 

separately estimated for RWs and NRWs.  
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Figure 4.7. The normal volume and area of RWs by stream orders; (a & b) Set A, (c 

& d) Set B, and (e & f) Set C. 

 

  The simulated inundated areas within RWs were compared with inundation 

maps at the sub-watershed scale. Inundated extent (estimated as a weighted sum of 

inundation pixels, as discussed in section 4.2.4.2) within RWs from inundation maps 

were spatially aggregated at the sub-watershed scale, and this was served as the 

baseline for the comparison. We computed the Spearman’s rank-order correlation 

coefficient ( sr ) to statistically measure similarity between the simulated and observed 
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inundated areas. After ranking inundated areas (aggregated at the sub-watershed 

scale) from the largest to the smallest and calculating differences ( d ) in ranks 

between the observed and the simulated inundation, the correlation coefficient ( sr ) 

was computed as: 
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where n is the number of sub-watersheds that included RWs ( n  = 60).  As sr  is closer 

to 1, the simulated is more closely matched to the observed.  In addition, a Mean 

Squared Error (MSE) was computed to quantify the difference between the observed 

and the predicted (Moriasi et al., 2007), as: 
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where iP  is predicted inundated area (ha) within RWs and iY  observed from 

inundation maps. The spatial pattern analysis was performed with annual inundation 

maps delineated over the period of 2001-2008 under different weather conditions. 

The 2007 inundation map was excluded from the analysis as it was used to develop 

Set A (section 4.2.4.2) and the model calibration. 

 

4.2.7 Evaluation of inter-annual variability of wetland water storage 

We analyzed seasonal variations in the water stored in RWs by stream 

hierarchy. It was to investigate whether spatial wetland parameterization (Set A) 

better captured local wetland characteristics and inter-annual variability in wetland 
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function, compared to two other sets with uniform parameters (Sets B and C). We 

computed 8-year monthly averages and coefficient of variation (i.e., mean normalized 

by the standard deviation) of wetland water storage. The monthly means and 

coefficients of variations were categorized by stream order and compared to each 

other. In total, there were 60 RWs, aggregated at the sub-watershed scale. We 

analyzed 57 RWs, excluding those outliers with extremely high water storage values.   

 

4.3 Results and Discussions 

4.3.1 Model calibration and validation 

Daily observations of streamflow at the outlet of the TCW were compared 

with simulated streamflow without the wetland modules (Flow_WO), and then those 

with the modules (Flow_W, Figure 4.8). Overall, both simulation outputs were in 

good agreement with corresponding observations of streamflow. The model 

performance statistics computed with daily simulation (Table 4.4) met evaluation 

criteria outlined by Moriasi et al. (2007) although NSE and RSR estimated during the 

calibration period was slightly below the “satisfactory” rank. However, it should be 

noted these criteria and accuracy ratings (Moriasi et al., 2007) were established based 

on monthly simulation and our study used a daily simulation period. Use of more 

relaxed criteria was recommended for daily simulation as model prediction naturally 

becomes less accurate at a finer time step (Moriasi et al. 2007). Indeed, these 

statistical performance measures, when computed using the monthly simulation 
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outputs (aggregated from the same daily simulation), were shown to exceed the 

“satisfactory” criteria (Table 4.4).  

 

 
Figure 4.8. Observed and simulated daily streamflow without and with wetland 

modules 

Note: “Flow_WO” and “Flow_W” represent simulated streamflow without and with 

wetland modules, respectively. 

 

Table 4.4. Model performance measures for streamflow 

 Period NSE RSR P-bias 

Daily simulation 

Flow_WO 
Calibration 0.424 0.758 - 0.3 

Validation 0.534 0.682 23.5 

Flow_W 
Calibration 0.458 0.735 - 4.85 

Validation 0.550 0.670 17.4 

Monthly simulation 

Flow_WO 
Calibration 0.783*** 0.461*** -0.2*** 

Validation 0.577* 0.641* 23.5* 

Flow_W 
Calibration 0.801*** 0.442*** -5.3*** 

Validation 0.617* 0.609* 17.2* 

Monthly model performances were rated based on the criteria of Moriasi et al. (2008) 

; * Satisfactory (0.5 < NSE ≤ 0.65, 0.6 < RSR ≤ 0.7, and ± 15 ≤ P-bias < ± 25), ** 

Good (0.65 < NSE ≤ 0.75, 0.5 < RSR ≤ 0.6, and ± 10 ≤ P-bias < ± 15), and *** Very 

Good (0.75 < NSE ≤ 1.0, 0.0 < RSR ≤ 0.5, P-bias < ± 10).  

 

 While the overall modeled discharge pattern depicted seasonal variations and 

low flows well, it did not capture peak streamflow after large storm events. This is 
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due to the inherent limitation of SWAT and input climate data. The SCS-CN method 

used in SWAT has a limited ability to accurately predict storm effects because its 

surface runoff calculation does not consider the duration and intensity of precipitation 

(Kim and Lee, 2008; Neitsch et al. 2011; Qiu et al., 2012). This may explain why 

SWAT poorly predicted streamflow following multiple storm events. In addition, 

climate input data were acquired from two weather stations located either ~ 15 or ~ 

35 km away from the study watershed. These datasets did not capture localized storm 

effects and instead provided inaccurate spatial distribution of rainfalls over the study 

area. Previous studies reported similar finding (Larose et al., 2009, Sexton et al., 

2010, Yeo et al., 2014).  

 Overall, Flow_W was slightly lower than Flow_WO. This was expected 

because the wetland modules simulate wetland water storage, i.e., the portion of 

inflow received from uplands that is stored in wetlands and then released slowly over 

time to the stream. The wetland modules are expected to reduce streamflow after 

precipitation and during wet periods. The overall performance statistics were slightly 

improved with wetland modules (Table 4.4). 

 

4.3.2 Effects of wetland parameterization on simulated inundated area 

Streamflows that were simulated using with the three different wetland 

parameter sets were very similar to each other. This near 1:1 relationship (Figure 4.9) 

indicates equifinality. However, the spatial distribution of simulated inundated areas 

within RWs varied with different parameterizations (Figure 4.10–4.12). While all 

parameter sets predicted the distribution of inundated area reasonably with RWM ( sr  



 

 

 

120 

 

> 0.68), the spatial pattern of inundation derived from Set A showed the highest 

correlation with inundation maps ( sr  = 0.86) with a much lower MSE value, 

compared to those from Sets B and C (Figure 10ab). Sets B and C considerably 

overestimated absolute inundated areas on upstream sub-watersheds (e.g., #1 – 4 and 

8 in Fig. 3) by ~ 8 ha and underestimated those on downstream sub-watersheds (e.g., 

#53, 60, 66 and 69 in Fig. 3) by ~ 35 ha, compared to observed inundation, resulting 

in great MSE (Fig. 10b). 

 

 
Figure 4.9. Comparison of simulated daily streamflow (m3·s-1) from three sets of 

wetland parameters  
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Figure 4.10. Statistical comparison of simulated and observed inundation within 

riparian wetlands: (a) Spearman’s rank-order correlation coefficient ( sr ) and (b) MSE 

value between inundation maps and simulated inundation with three 

parameterizations.  

Note: All relationships ( sr ) were significant with p-value < 0.01. The comparison was 

made with 7 annual inundation maps developed during the simulation period (2001 – 

2008). Std. stands for standard deviation. 

  

 Figure 4.11 illustrates how well simulated inundation patterns with different 

parameterization sets matched with inundation maps under different weather 

conditions (i.e., dry, normal, and wet). Weather conditions were determined 

according to monthly PDSI and long-term records of streamflow and precipitation. 

Regardless of weather conditions, inundation maps showed increasing inundation 

downstream, following the hierarchical structure of the stream network and 

associated floodplain. Inundation maps consistently showed most inundated area near 

the outlet where Tuckahoe Lake is located, and the sub-watershed located 

immediately downstream of the confluence of two main upstream channels. The 

inundation maps showed less inundation in upstream areas regardless of weather 

conditions (Figure 4.11). Simulated inundation from Set A replicated this spatial 
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pattern quite well for all sub-watersheds with varying degrees of inundation under 

different weather conditions (Figure 4.12), as indicated by the small MSE value. 

However, this spatial pattern was less pronounced within simulated results from Sets 

B and C. Set B resulted in underestimation of inundated area, particularly for those 

sub-watersheds that included larger inundation extent (i.e., downstream sub-

watersheds), regardless of weather conditions. Spatial inundation prediction from Set 

B remained more uniform for most sub-watersheds, with predicted inundated areas 

under 10 ha (Figure 4.11 and 4.12). While Set C showed more variable estimates of 

inundated areas compared to Set B, resulting spatial patterns of inundation in 

upstream sub-watersheds did not follow a logical distribution.  
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Figure 4.11. The spatial distribution of inundated areas (ha) within riparian wetlands 

derived from inundation maps and simulated inundation (A-C) under different 

weather conditions (Normal: 2003, Wet: 2005, and Dry: 2006).  

 

We noticed the largest disagreement between simulated and referenced 

inundation patterns was shown in 2004 (Figure 4.12a). This could be resulted from 

mapping errors caused by the processing algorithm or image/data quality.  Land cover 

maps derived from remotely sensed data have some degree of uncertainty. While 

overall accuracy of the inundation maps was quite high (> 93 %; Jin et al., 2017), the 

quality of each inundation map varies depending on image condition and training data 

samples used in the mapping algorithm. For example, the 2004 map showed more 

noticeable anomalies in SWF than other maps due to overfitting. This overfitting was 
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caused by insufficient training samples, which did not include varying degree of 

inundation in data processing for the mapping (Jin et al., 2017). This technical 

problem likely misrepresented inundated areas and resulted in the largest 

disagreement between simulated and ‘observed’ inundation patterns in 2004. The 

limitation of remotely sensed data products and associated mapping errors should be 

considered when developing the spatialized parameters or assessing the prediction 

uncertainty. 
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Figure 4.12. The relationship between inundation maps and simulated inundation 

areas within riparian wetlands from (a) Set A, (b) Set B, and (c) Set C, assessed at the 

sub-watershed scale under different weather conditions (×: Dry, +: Normal, and ∆: 

Wet condition). 
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4.3.3 Spatial parameterization to improve understanding on wetland function 

Figure 4.13 shows 8-year monthly averages of water volume stored in 57 

RWs with different parameterization sets, categorized by stream order. Overall, all 

simulation results, regardless of stream orders, showed that water stored gradually 

decreased from spring to summer and increased during winter season. It followed 

patterns exhibited in local field-based studies (Fisher et al., 2010; Denver et al., 

2014). However, the amount of water stored in RWs, when analyzed by stream order, 

varied by different parameterizations. Set A exhibited much lower water storage in 

upstream RWs (1st and 2nd order streams), but higher in downstream RWs (4th order 

stream). Sets B and C predicted relatively less difference in stored volume between 

upstream and downstream RWs. The seasonal variation in water storage remained 

relatively constant within these two sets, as exhibited by the monthly coefficient of 

variation which remained constant throughout year, regardless of stream order. 

We further analyzed two sub-watersheds (# 28 & 53 in Figure 4.3) including a 

similar coverage of NRWs in upland areas. It was to illustrate how different 

parameterizations represent hydrologic effects of RWs on upstream and downstream 

areas. Set A predicted 0.01 – 0.04 m3·s-1 higher peak flow from an upstream sub-

watershed outlet (i.e., #28 in Figure 4.3) after the two largest precipitation events (> 

90 mm) occurred during the study period (results not shown). This is likely due to the 

fact that the water holding capacity in the upstream RW under Set A was simulated to 

be smaller than those from Set B and C. However, a lower peak flow with slower 

recession characteristics was shown from the downstream sub-watershed stream (i.e., 

#53 in Figure 4.3) with Set A (results not shown). With Set A, the downstream RW 
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showed increased wetland capacity to stabilize overall streamflow (e.g., less increase 

in water discharge during wet period and higher during dry period), in comparison to 

Set B and C. Highly variable water storage in downstream RW simulated with Set A 

suggest its greater ability to control flows under variable weather conditions, 

modified by interaction with streams. Hydroperiod of downstream RWs would be 

longer than that of upstream RWs, as the mean residence time of water flows should 

increase with larger water storage and wetland size given equal soil transmissivity. 

Although mean differences in sub-watershed scale hydrologic responses among 

different parameterizations may seem to be subtle, Set A demonstrated logical 

spatially contrasting, seasonally and inter-annually varying water dynamics of RWs.  

The seasonal variation in water stored in RWs predicted by Set A also offers 

important insights to infer spatially varying wetland functions at the landscape scale. 

In this study site, the simulation results highlight the potentials of RWs in 

downstream areas. Downstream RWs were shown to be capable of controlling flows 

under different weather conditions, which likely indicates greater opportunity for 

water purification with larger water holding capacity and longer residence time of 

flows, compared to upstream areas. The representation of spatially-varying wetland 

hydrologic characteristics imposed by Set A helps to realize the value of downstream 

RWs and identify critical locations in need of wetland conservation/restoration 
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Figure 4.13. Seasonal variations in water volume stored in RWs by stream orders 

estimated using an 8-year monthly simulation.  

 

4.4 Summary and conclusion 

At the study site, significant efforts are being made to restore wetlands and the 

water quality benefits that they provide. Strategic targeting and prioritizing of areas 

for restoration require spatially explicit knowledge regarding wetland hydro-

geochemical functions and their interaction with the surrounding landscape. Recent 

advances in integrated wetland and watershed modeling offer the opportunity to study 

cumulative impacts of wetlands and their spatial interactions with surrounding areas, 

with improved process representation. However, improved models still suffer from 

the equifinality problem and the prediction uncertainty associated with spatial pattern 
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of inundation and related wetland function has been rarely evaluated. It is still 

commonly accepted to parameterize wetlands with uniform values, regardless of the 

spatial locations and characteristics, but implication of imposing uniform parameters 

has not been fully appreciated.  

Wetland inundation dynamics and changes in soil moisture (i.e., hydroperiod) 

are a key abiotic factor that controls wetland functioning, and hence a crucial 

simulation need. The large uncertainty in inundation spatial pattern can significantly 

decrease vital information content when inferring location-dependent wetland 

function to guide landscape scale decision making. Site specific information, such as 

reference inundation data, is needed to guide spatial parameterization for wetlands 

(e.g., wetland geometry and the area-volume relationship) and assess the model 

uncertainty. Recently developed inundation maps with LiDAR intensity and Landsat 

time series data provide crucial site information. These maps showed surface water 

fraction (SWF, or inundation percentage) at a 30-m resolution in early spring on an 

annual basis. We demonstrated how this new spatial information can be used to 

generate the landscape level wetland parameters, as required by (semi-) distributed 

hydrologic models such as SWAT.  We then quantified how the spatialized wetland 

parameters better capture inundated area under varying weather conditions, compared 

to those uniform spatial wetland parameters. The comparison of three different 

parameter sets with RWM highlights the importance of spatial parameterization, 

hence the spatial information to improve the model prediction.  

As the availability of LiDAR and Landsat data, as well as in-situ information 

increase, more accurate long-term inundation data should be used to develop wetland 
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parameters and evaluate the spatial prediction of inundation. In particular, the 

inundation maps that we used were produced during the leaf-off season (early spring), 

as dense plant canopies would obscure the ground surface from being observed by 

optical sensors (e.g., Landsat). The successful launch of the Landsat-8 and Sentinel-

1/2 missions may help to overcome this data limitation, and may offer unprecedented 

opportunities to improve the spatial prediction of inundation through wetland 

modeling. The use of synthetic aperture radar (SAR) data (e.g., Sentinel-1) can 

improve the ability to map and monitor seasonal inundation of wetlands as longer 

wavelength microwave signals can penetrate the tree canopy and detect the 

underlying ground (Lang et al., 2008). With the launch of Landsat-8 and Sentinel-1/2, 

a continuous stream of satellite data is now freely available for monitoring land cover 

with a higher temporal coverage. The continuous inundation maps derived from the 

use of satellite optical and radar data will be extremely useful to better understand the 

spatial processes that control wetland functioning, aid spatial parameterization via 

data assimilation, and improve the capability of integrated wetland-watershed 

modeling for the decision making. 
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Chapter 5 Summary and conclusions 

5.1 Summary and major findings 

 Agriculture is the single largest source of nutrient loads that degrade the CB. 

Therefore, mitigating nutrient loads from agriculture has been regarded as the most 

effective way to improve the overall health of the CB. Implementing both winter 

cover crops (WCCs) and wetland restoration and enhancement have been emphasized 

due to their effectiveness at reducing agricultural nutrient loads. However, little is 

known about their long-term, cumulative impacts at the watershed scale, which is 

crucial for ongoing conservation efforts to be successful. A watershed modeling 

approach has been widely used, because it can simulate agricultural runoff and 

nutrient loads from sources to receiving water bodies, as well as on-site effects of 

conservation practices on agricultural runoff and nutrient loads. When using a 

watershed modeling approach, accurate characterization of model parameters or 

structures associated with conservation practices and consideration of multiple 

stressors (e.g, climate change and human activities) are critical for obtaining reliable, 

actionable information. For effective implementation of the two conservation 

practices, it is crucial to understand nitrate uptake capacity of varying WCC 

implementation methods and their performances in different landscape settings. The 

spatial distribution of wetland inundation is key information to identify the location in 

need of wetland restoration and enhancement. 

 Chapter 2 demonstrated that WCCs are an effective conservation practice in 

reducing nitrate loads at the watershed scale, and their effectiveness differed by the 
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implementation methods. To accurately simulate WCC nitrate uptake efficiency at the 

watershed scale, landscape-level biomass observations derived from remotely sensed 

data and in-situ measurements were used to calibrate WCC biomass growth 

parameters. The calibrated results accurately depicted the typical growth pattern of 

three WCC species (e.g., wheat, barley, and rye) that was consistent with field 

observations. Early-planted WCCs (October 3rd) were more effective at reducing 

nitrate leaching than late-planted ones (November 1st) by ~ 50 % due to conducive 

conditions for WCC growth (e.g., warmer temperature). Rye exhibited better nitrate 

uptake efficiency than did barley or wheat by ~ 36 %, due to its rapid growth rate and 

winter-hardiness. Early-planted rye was shown to be the most effective WCC practice 

with the nitrate leaching reduction potential of 93.1 % in this region. Therefore, 

WCCs should be implemented on the Coastal Plain of the CBW to reduce agricultural 

nitrate loads, and planting timing and species of WCCs should be considered for 

enhanced WCC water quality benefits. 

Chapter 3 focused on WCC nitrate uptake efficiency in different soil 

characteristics (i.e., well-drained vs. poorly-drained soils) and crop rotations (i.e., 

continuous corn vs. corn-soybean rotation) to suggest effective WCC implementation 

plans considering local characteristics via a paired watershed study. Simulation 

results exhibited that WCCs mainly absorbed nitrate in soils and groundwater, and 

residual nitrate was high in well-drained soils, due to their higher infiltration rate. 

Accordingly, WCCs were more effective at reducing nitrate in well-drained areas, 

compared to poorly-drained soils. It was because poorly-drained soils are 

characterized by low soil nitrate levels due to denitrification and drainage ditch 
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system. The WCCs exhibited a greater nitrate uptake efficiency in fields under corn-

soybean rotation relative to continuous corn. This is because a faster mineralization of 

soybean residue resulted in a greater amount of soil nitrate being available to be 

absorbed by WCCs. Based on simulation results, it could be concluded that WCCs 

should be prioritized on the agricultural lands with high baseline soil nitrate (e.g., 

well-drained soils frequently used for soybean cultivation) for effective nitrate 

reduction. 

 Chapter 4 demonstrated that the use of remotely sensed data (i.e., inundation 

maps at a 30-m resolution) accurately predicted the spatial distribution of wetland 

inundation while decreasing model prediction uncertainty. This outcome was 

extremely important for understanding wetland quality benefits because wetland 

inundation can represent the interactions of wetlands with surrounding areas and 

pollutant loads. Accordingly, the pollutant removal function of wetlands can be 

inferred from inundation information. Model parameterized with inundation maps 

accurately replicated observed spatial pattern of wetland inundation with a varying 

degree of inundation in response to weather variability. However, simulations with a 

general, lumped parameterization approach used in previous literatures poorly 

represented wetland inundation while increasing prediction error. Thus, the 

simulation results using remotely sensed data provided accurate and practical 

information for wetland hydrology, which would contribute to understanding current 

watershed-scale wetland functioning and developing the wetland restoration and 

enhancement plan.  
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5.2 Policy-related contribution of this dissertation 

It has been challenging for conservation managers to determine appropriate 

actions for specific locations and management goals (Pullin and Knight, 2003). 

Allocation of appropriate conservation practices to the specific areas, which can be 

pollutant source areas or areas that are most vulnerable to environmental and 

anthropogenic stressors (i.e., critical areas), is an effective way to achieve 

conservation goals, while taking into consideration the trade-offs between cost and 

efficacy (Pionke et al., 2000; Wilson et al., 2007). This dissertation can guide the 

effective implementation plan for WCC and wetland restoration and enhancement 

while maintaining the balance between environmental benefits and economical cost. 

According to the Maryland Agricultural Cost Share (MACS) program, local 

farmers gain varying incentives when they plant WCCs on their croplands, and more 

incentives are offered for rye and early planting, compare to others (e.g., barely, 

wheat, and late planting) (MDA, 2015). Based on the results of this dissertation, the 

economically- and environmentally-efficient WCC implementation plans could be 

suggested as follows: 1) more robust WCC practices (e.g., rye and early planting) 

should be implemented in the areas characterized by a high level of remaining soil 

nitrate (e.g., well-drained agricultural areas used for frequent cultivation of soybean), 

and 2) less robust WCC practices (e.g., barley, wheat, and late planting) would be 

sufficient to achieve targeted water quality goals in the areas with less soil nitrate 

(e.g., poorly-drained agricultural areas used for frequent cultivation of corn). This 

implementation strategy could maximize WCC effects on reducing nitrate while 

minimizing cost for WCC installation. 
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Wetland restoration and enhancement are performed to bring degraded wetlands 

back to their original or enhanced conditions (Lewis, 1989). The important 

information is to know where those degraded wetlands are located within a 

watershed. On the Coastal Plain of the CBW, it is important to restore and enhance 

especially wetlands’ water quality function (Steven et al., 2011). N transports and 

their exposure to anaerobic conditions are the most decisive factors for mitigating 

agricultural nitrate loads in this region (Denver et al., 2014). Denver et al. (2014) 

found that the wetlands adjacent to nutrient source areas (e.g., agricultural lands) 

effectively removed nitrate because nitrate from source areas was readily trapped by 

those wetlands in this region. However, those wetlands with aerobic substrates and 

groundwater systems rarely reduced nitrate (Denver et al., 2014). This dissertation 

showed spatially explicit wetland inundation strongly associated with the nutrient 

removal process. The simulated inundation information can help to identify the 

wetlands with limited hydrologic connections to water and nutrient transports. 

Accordingly, restoring and enhancing the hydrologic connectivity of those specific 

wetlands to critical areas or flow pathways can lead to increasing the potential of 

wetlands to intercept nutrient loads, eventually resulting in increased nutrient 

reduction by wetlands. Continuous monitoring and management should be carried out 

in order to maintain the functions of restored or enhanced wetlands (Gray et al., 

1992).  

The findings of this dissertation can also lead to effective nutrient reduction at the 

operational level (e.g., cropland or farm level). There is a gap in implementing 

conservation practices between regulatory and operational levels. Nutrient reduction 
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goals are set at the jurisdictional or watershed levels, but actual conservation 

activities occur at the operational level (Shirmohammadi et al., 2005). Depending on 

the scales, associated groups have different viewpoints and their interests can be in 

conflict with each other. For example, policy-makers may only focus on improving 

the overall health of ecosystems using conservation practices, but local farmers or 

people who actually implement conservation practices would have more concern 

about their economic gain/loss (Shirmohammadi et al., 2005). Thus, it is important to 

apply conservation policies and plans set at the regulatory level into the operational 

level. 

Local farmers are required to register the WCC program to receive a subsidy for 

WCC implementation. It is possible to be aware of the characteristics (e.g., crop 

rotation and soil types) of croplands adopting WCCs before implementing WCCs. 

The wetlands that are especially adjacent to agricultural lands are commonly situated 

within local farmers’ properties. Hence, the results of this dissertation can help to 

identify local farmers whose properties are identified as critical areas. If decision 

makers at the regulatory level allocate more economic incentives and technical 

support to the these local farmers, implementing conservation practices on critical 

areas would be achieved, resulting in effectively reducing nutrient loads at the 

operational level.  

  

5.3 Scientific contribution of this dissertation 

Processes-based (semi-) distributed watershed models, such as SWAT, have been 

widely used to examine the impacts of conservation practices on water and nutrient 
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budgets at the watershed scale (Gassaman et al., 2007). However, data for 

characterizing the physical processes that drive conservation practices benefits and 

validating model predictions of intra-watershed processes are limited. Model 

simulation using the limited data poses a major concern, as it increases model 

uncertainty while decreasing model reliability. Remotely sensed data can be used to 

eliminate temporal-spatial constraints in monitoring environmental and natural 

processes for ecological conservation and management (Palumbo et al., 2016). 

Remotely sensed data offer landscape- or regional-level information (e.g., WCC 

biomass and inundation patterns) that is not easily measurable at the field scale. 

However, few studies assess the effects of conservation practices on watershed 

processes using a watershed modeling approach supported by remotely sensed data. 

This dissertation demonstrates the usefulness of remotely sensed data to improve 

model parameters associated with conservation practices. In addition, remotely 

sensed data used for model validation help to quantitatively assess intra-watershed 

processes. The integration of remotely sensed data into a watershed modeling 

approach contributes to extending the capacity of a watershed model for addressing 

environmental problems. 

 

5.4 Future research 

Climate change is regarded as the potential greatest natural threat to coastal 

ecosystems (IPCC, 2007). Current water quality problems in the CB are expected to 

be worsen under climate variability and changes due to increased nutrient loadings 

(Najjar et al., 2010; Lee et al., 2015). Moreover, climate change is also expected to 
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profoundly affect the performance of conservation practices (Bosch et al., 2014). 

Accordingly, great uncertainty exists regarding whether current conservation 

practices would be effective for mitigating nitrate loads caused by climate change. 

For example, elevated CO2 concentration can lead to reduced plant stomatal 

conductance and transpiration, increasing water and nitrate loads (Field et al., 1995). 

This uncertainty can further increase when considering that current activities in 

agricultural lands (known as the single greatest nutrient source) may be altered to 

adapt to climate change. For example, planting timing of summer crops can be shifted 

earlier than the current condition to reduce increased heat stress caused by climate 

change (Woznicki et al., 2015). Accordingly, a comprehensive understanding of 

natural and human responses to climate change impacts is crucial.  

Numerous studies have been conducted to project future climate data using 

Global Circulation Models (GCMs) resulting in CO2 emission scenarios (Mearns, 

2001). A watershed modeling approach has been extensively applied to predict 

potential climate change impacts on various parameters of concerns, such as crop 

yield, water/nutrient cycles, and conservation/management practices, using projected 

climate data (Gassman et al., 2007). The simulation outputs provide plausible changes 

in overall watershed processes, and these projections play a key role in developing 

climate change adaptation strategies (Shrestha et al., 2012). Hence, further studies 

should consider climate change impacts on watershed processes to increase the 

resilience of the CB region to climate change. 

This dissertation characterizes key physical processes of WCCs and wetlands 

within a watershed model using remotely sensed data. However, more 
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parameterization and validation are required to understand the model structure and 

assumptions under varying climate conditions. For example, WCC growth parameters 

inferred from remotely sensed data acquired at a single winter period cannot 

demonstrate the long-term variability of WCC nitrate uptake efficiency. The use of 

longer-term remotely sensed data along with field-based studies is critical to gaining 

more accurate model parameters, and to validating WCC growth during multiple 

winter periods. Wetland parameters were carefully prepared using remotely sensed 

data in order to meet model assumptions. However, the validation of intra-watershed 

processes is only available to the early spring season due to the limited availability of 

remotely sensed data. Continuous inundation maps derived from the long-term 

remotely sensed data are necessary for an enhanced understanding of wetland 

functioning to best support wetland protection and restoration. The availability of 

remotely sensed data is increasing. These long-term remotely sensed data, being 

highly accurate, offer the opportunity to further enhance model prediction of 

watershed processes and reduce model uncertainty. 

 Due to limitations of a SWAT extension (e.g., riparian wetland module), the 

cumulative impacts of wetlands on nitrate reduction have not been quantified at the 

watershed scale. Biochemical processes is also significantly oversimplified in 

watershed models because numerous elements interact one another under varying 

conditions (e.g., aerobic and anaerobic conditions). Accurate simulation of nutrient 

reduction process within a watershed model is still a great challenge and multiple 

groups have worked on improving wetland biochemical processes. In the future, 
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further research should be conducted for contemporary understanding of cumulative 

impacts of multiple wetlands on nutrient reduction on the Coastal Plain of the CBW. 

 

5.5 Concluding remarks 

Baseline annual N loads estimated on 2015 are required to decrease by 20 % 

in order to achieve N reduction goal of the CBW by 2025 (CBP, 2016). Although 

multiple sources account for N loads, agriculture is still the single largest nutrient 

source (CBP, 2016). WCCs were capable of reducing annual nitrate loads by ~ 50 % 

and wetlands were estimated to reduce incoming nitrate by ~ 25 % on the Coastal 

Plain of the CBW (USEPA, 2010c). Effective implementing two conservation (WCCs 

and wetland restoration and enhancement) based on this dissertation could 

collectively lead to reduction of agricultural nitrate loads by up to ~ 63 %. Therefore, 

two conservation practices should be implemented to successfully attain the target N 

reduction goal and eventually improve the health of the CB.  
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