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Climate and land use have been changing significantly. Climate and land use changes are 

intricately linked to the hydrological processes that have a significant impact on water resources. 

The availability of water resources is crucial for food and energy production. In the U.S., about 

42% of water is used for agricultural irrigation to improve the productivity of grain crops, including 

corn and soybeans. About 30% of the corn produced in the U.S. is used for ethanol production, 

which raises serious concerns regarding the food-fuel competition and detrimental environmental 

impacts. The expansion of corn production competes for water resources, as corn requires 

irrigation. To address these issues, the cultivation of bioenergy crops on marginal lands is proposed 

as a solution that also alleviates water demand, as they do not require irrigation. This cultivation 



  

could involve complex interactions among climate, crops, and hydrological processes, which may 

lead to significant environmental consequences. This necessitates an understanding of how land 

use and climate changes will affect hydrological processes and, subsequently, food production. 

To understand these processes, I use the hydrological model, Soil and Water Assessment 

Tool (SWAT). SWAT has a distinct advantage in its capability to simulate water and sediment 

transport, crop growth, agricultural management, and land management practices, and has 

specialized extensions for groundwater simulation (SWAT-MODFLOW). In this study, I focus on 

large agricultural watersheds in the U.S. Northern High Plains (NHP) Aquifer region. The NHP is 

a vast and critical agricultural area that relies heavily on groundwater irrigation, which has resulted 

in streamflow and groundwater level decline. 

Although the SWAT model can quantify the environmental impacts of climate and land use 

changes, its utility is limited by: (1) deficiencies in the auto-irrigation algorithms in SWAT that 

continue irrigation during the non-growing season, (2) optimization of the SWAT model with 

streamflow data only, without considering other hydrological components such as 

evapotranspiration and soil moisture, (3) failure to explicitly account for shoot and root biomass 

development when simulating bioenergy crops, and (4) standalone climate and land use change 

simulation that do not consider the influence of climate-crop feedback on hydrological processes. 

To provide an accurate assessment of the impact of climate and land use changes on 

hydrological processes in the NHP, my first effort involved improving the irrigation algorithms in 

both SWAT and its extension SWAT-MODFLOW to provide an improved representation of 

irrigational water use conditions. The use of SWAT-MODFLOW provides an improved 

representation of hydrological processes, particularly when considering the significant role of 

groundwater dynamics in the overall water budget of the NHP. The modified SWAT and SWAT-



  

MODFLOW were applied to the NHP which exhibited improved performance in simulating 

groundwater irrigation volume, groundwater level, and streamflow in the NHP. I also examined 

the effects of groundwater irrigation on the water cycle. Based on simulation results from SWAT-

MODLFOW, historical irrigation has increased surface runoff, evapotranspiration, soil moisture, 

and groundwater recharge by 21.3%, 4.0%, 2.5%, and 1.5%, respectively. Irrigation also improved 

crop water productivity by nearly 27.2% for corn and 23.8% for soybean. 

 To optimize the SWAT model for addressing climate and land use change issues in the 

NHP, I tried to identify the best approach to calibrate the SWAT. Traditionally, SWAT is calibrated 

using streamflow only. I hypothesize that calibrating SWAT with streamflow only, without 

considering broad hydrological processes like evapotranspiration and soil moisture causes model 

overfitting. I utilized the best available remotely sensed data, including Atmosphere–Land 

Exchange Inverse (ALEXI) Evapotranspiration (ET), Moderate Resolution Imaging 

Spectroradiometer (MODIS) ET, and Soil MERGE (SMERGE), to examine if multi-variate 

calibration could improve model performance. Contrary to my hypothesis, using remotely sensed 

data does not improve model performance because of two reasons: (a) remotely sensed data may 

lack physical constraints and has large uncertainty, and (b) SWAT may not provide an accurate 

representation of hydrological processes due to deficiencies in its model algorithms. Further 

investigation is required to address these issues. 

SWAT utilizes standalone climate change data without considering climate-crop feedback 

in environmental impact assessments of climate and land use change scenarios. To address this 

gap, I used another tool, the Climate-Weather and Research Forecasting (CWRF) model, both in 

standalone mode and coupled with the BioCro model. This approach incorporates the climate-crop 

feedback associated with the cultivation of perennial grasses on marginal lands. The climate data 



  

from these two scenarios: (i) Climate-only without climate-crop feedback, and (ii) Climate-crop 

feedback turned on, were used in SWAT to investigate hydrological responses to simulated climate-

crop feedback in the NHP. The incorporation of climate-crop feedback produced cooler and wetter 

conditions in the NHP. These changes in temperature and precipitation have substantial 

environmental consequences. The cultivation of miscanthus on marginal lands increases 

evapotranspiration and decreases surface runoff, soil moisture, and percolation. At the watershed 

scale, surface runoff substantially increases during the growing season, both in the present (1985-

2014) and the future (2031-2060). The differences in the extent of marginal land use for miscanthus 

cultivation between the Platte (4%) and Republican (20%) River basins result in different 

responses in streamflow and nitrogen loading. For example, in the future, annual streamflow and 

nitrogen loading increases by 5.5% and 2.3%, respectively, in the Platte River basin. In contrast, 

the Republican River basin exhibits negligible changes in annual streamflow and an 8.6% decrease 

in nitrogen loading during this period. These results highlight the importance of including climate-

crop feedback in addition to the impact from land use change when assessing the impacts of climate 

and land use changes on hydrological processes. 

The SWAT model does not explicitly account for shoot and root biomass development. I 

integrated the grass growth sub-model from the DAYCENT into SWAT (SWAT–GRASSD) and 

further modified it by considering the impact of leaf area index (LAI) on potential biomass 

production (SWAT–GRASSM). Based on testing at eight sites in the U.S. Midwest, SWAT–

GRASSM generally outperformed both SWAT and SWAT–GRASSD in simulating switchgrass 

biomass yield and the seasonal development of LAI. Additionally, SWAT–GRASSM can more 

realistically represent root development, which is key for the allocation of accumulated biomass 

and nutrients between aboveground and belowground biomass pools. 



  

From these model experiments and analyses, I realized that there are still a lot of model 

and data gaps that need to be addressed. Consequently, the results of the impacts of the climate 

and land use changes on hydrological processes could be subjective due to inherent model 

deficiencies and calibration issues because of uncertainty in observed data. 

I, therefore, revisited the observed data screening approaches to identify near-natural 

streamflow data that are representative of actual watershed processes. Assuming that the 

hydrologic response of the watershed is primarily driven by precipitation and runoff processes, I 

applied lagged correlation analysis between precipitation and streamflow at various temporal 

scales, complemented by a systematic screening process using basin properties to select 

streamgages with near-natural streamflow. The screening method introduced here is objective and 

easy to implement in other data-sparse regions. The selected streamgages serve as valuable 

calibration and validation points for hydrological models, thereby it could help enhance the 

accuracy and confidence in model projections.  

In summary, my work improved the SWAT auto-irrigation algorithm for a better 

representation of irrigation water use and integrated the DAYCENT grass growth sub-model to 

enhance biomass yield predictions. The hydrological consequences of land use change for 

miscanthus cultivation highlighted the importance of incorporating climate-crop feedback into 

hydrological modeling. This integration had a substantial impact on the hydrological processes in 

the NHP. Despite the model improvements through changes in model algorithms and optimization, 

my work reveals that model and data gaps result in subjectivity in the study’s findings. To address 

this, I propose an objective screening process for streamgage selection that reflects natural 

watershed processes. The enhancements introduced to the modeling framework, coupled with the 

objective streamgage screening approach, will assist water resource managers and the regional 



  

hydrologic modeling community in the credible assessment of the hydrological impacts resulting 

from climate and land use changes. 
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Chapter 1: Introduction 
 

1.1 Background and motivations 

The food-energy-water (FEW) nexus is a complex and interrelated system that 

underpins the sustainability of human societies (Cai et al., 2018; Smidt et al., 2016; 

Zhang et al., 2018). Understanding the intricate connections and dependencies between 

food production, energy use, and water availability, and how changes in one component 

can impact the others is crucial for addressing pressing challenges related to food-

energy-water security, environmental degradation, and climate change (Cai et al., 2018; 

Scanlon et al., 2017).  

The current trend of non-renewable fossil fuel use is environmentally 

unsustainable, which has substantially increased CO2 emissions resulting in a warmer 

climate. Furthermore, the enhanced global energy demand has resulted in concerns 

regarding energy security and the need for sustainable carbon-negative or carbon-

neutral energy sources (Antar et al., 2021). One potential approach to address this issue 

is the use of bioenergy. The government level policies such as the Renewable Fuel 

Standard (RFS), were established by the U.S. Energy Independence and Security Act 

(EISA) 2007 (Schnepf and Yacobucci, 2013; U.S. EPA, 2022) for renewable biofuel 

production, which requires an increase in biofuel to 36 billion gallons by 2022. 

However, the wide use of grain crops for biofuel production in the U.S. has raised 

serious concerns regarding the competition between food and fuel and detrimental 

environmental impacts (Lark et al., 2022; Searchinger et al., 2008; Zhang et al., 2010). 

For example, about 38% of corn grown in the U.S. was used for ethanol production 
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(Golden et al., 2018), which accounts for 98 percent of ethanol production in the U.S. 

(Dohlman et al., 2022). On the other hand, this has also led to the rapid expansion of 

croplands (corn/soybean) to marginal lands/grassland for bioenergy production from 

2008 to 2011 in the U.S., with hotspots over northern Missouri and Ogallala aquifer 

region (Lark et al., 2015). The cropland expansion over the water-stressed Ogallala 

aquifer region followed by increased irrigation demand further raises concerns about 

water use and sustainability. Globally, 70% of freshwater is used for irrigation (FAO, 

2011; Rost et al., 2008) and nearly 18% of the world’s agricultural land is irrigated, 

which produces about 40% of global agricultural products (Garces-Restrepo et al., 

2007). The expansion of water-intensive corn production in this region and the 

continuous use of nonrenewable groundwater may further threaten the environment and 

agricultural production. While acknowledging the significance of complexities 

involved in addressing uncertainties within the FEW nexus systems, few studies offer 

a comprehensive approach to assess the synergies and trade-offs from the FEW nexus 

perspectives and their implications for regional FEW sustainability.  

1.1.1 Effects of climate and land use change on food, energy, and water resources 

Human activities have led to the continued increase in carbon dioxide emission 

in conjunction with the agricultural intensification and expansion of cropland in the last 

century (Fischer et al., 2001; IPCC, 2023). These activities have disturbed the energy 

system at the local and global scale causing an increase in atmospheric temperature and 

changes in large-scale atmospheric circulation (Trenberth, 2011). The changes in 

energy distribution and general atmospheric circulation could lead to spatial and 

temporal variability in regional precipitation and evapotranspiration that may have 
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severe consequences on water use and water management, especially in semi-arid 

regions (Sivakumar, 2011). Additionally, the hydrological cycle is projected to 

intensify in response to a warming climate in the future (IPCC, 2023; Oki and Kanae, 

2006). Specifically, climate change is likely to increase the duration, frequency, and 

intensity of floods and droughts in the future (IPCC, 2023), which would have a 

significant impact on water resources and agricultural production.  

Land use change together with climate change further complicates the response 

of the hydrological cycle. Agriculture, land use change, and climate change are linked 

together and have a strong influence on the availability of water resources, which 

presents a significant challenge to the sustainability of water resources (Trenberth, 

2011) and agricultural production systems (Kukal and Irmak, 2018). Changes in 

precipitation and temperature pattern in combination with land use changes influence 

the hydrological processes such as surface runoff, evapotranspiration, groundwater 

recharge, and streamflow (Schilling et al., 2008a; Sivakumar, 2011; Van Liew et al., 

2012). In addition, it has been found that climate variability may have a spatially 

variable influence on crop yield depending on the crop types and locations (Kukal and 

Irmak, 2018; Paul et al., 2020). The increased water stress during crop growth as a 

result of a warming climate can be offset through irrigation (Kukal and Irmak, 2018; 

Paul et al., 2020; Troy et al., 2015). However, prolonged irrigation could have an 

adverse impact on crop yield due to nutrient runoff (Paul et al., 2020). Climate 

variability, crop water requirement, availability of water resources, and water 

management strategies are factors limiting irrigation and agricultural productivity 

(Kukal and Irmak, 2018; Marek et al., 2017; Troy et al., 2015). Hence, appropriate 
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agricultural water management strategies are required to minimize the increased risks 

associated with climate change and land-use change. 

The last few decades have been marked by significant land-use change through 

deforestation, expansion of agricultural land, and subsequent increase in irrigation 

(Carruthers et al., 1997; Lark et al., 2015; Yasarer et al., 2020). Tilman et al. (2011) 

examined the future food demand based on current trends and projected a 100-110% 

global crop demand increment by 2050 which would be supplemented through 1 billion 

ha of land obtained from land clearing or pre-existing cultivated land. The 

intensification of agriculture and land-use change in combination with the variability 

and intensification of extreme events (floods/droughts/rainfall) is anticipated to have 

dramatic effects on hydrological processes with possible implications on regional 

agricultural water use and management practices (Tilman et al., 2011; Troy et al., 2015; 

Zhang et al., 2016). 

Bioenergy has been promoted as one of the carbon-neutral or carbon-negative 

energy sources that could partially substitute fossil fuels, which is expected to make a 

significant contribution to meeting greenhouse gas reduction targets (Chum et al., 

2011). However, bioenergy production can lead to land-use change that may cause food 

insecurity and have unintended environmental consequences (Qin et al., 2012; 

Searchinger et al., 2008). The economic and land-use policies are directed towards 

increasing bioenergy production from dedicated energy crop production. Current 

economic and energy policies have influenced land use change decisions made by 

farmers (Wallander et al., 2011) leading to the expansion of corn production for biofuel 

(Lark et al., 2015; Wallander et al., 2011). Climate change in combination with land 
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use change will lead to increased stress on water resources and agricultural production 

(Piao et al., 2010; Taylor et al., 2013).  

The land-use change and climate change are likely to have a significant effect 

on the regional climate patterns and hydrological cycle that may affect the availability 

of water resources. In this context, there is a need for efforts to reduce the impact of 

land use change and climate change on water resources. Given the complex and 

interconnected nature of food, energy, water, and the climate system, an integrated 

climate-food-energy-water assessment is necessary to investigate the effects of climate 

change, land use change, and water management strategies on hydrological processes. 

1.1.2 Hydrological responses to land-atmosphere feedback from bioenergy crop 

production  

Multiple studies examining the local direct impact of bioenergy crop production 

on basin scale or regional scale, without considering the land-atmosphere feedback on 

regional climate, have shown that land use change to perennial bioenergy crops could 

enhance ET and infiltration, reduce surface runoff, soil moisture, and streamflow, and 

improve the water quality (Guo et al., 2018; Schilling et al., 2008; Wu et al., 2012). For 

example, Feng et al. (2018) simulated streamflow reduction by 16% when marginal 

land was converted to switchgrass, and by 23% when converted to Miscanthus. 

Similarly, Hickman et al. (2010) and McIsaac et al. (2010) also found the reduction of 

streamflow under bioenergy crop scenarios mainly because of higher infiltration and 

evapotranspiration, and lower soil moisture. However, in terms of water quality, Ng et 

al. (2010) reported a 10% land use change from cropland to miscanthus decreases 

nitrate loading by 6.4%. Song et al. (2016) found that bioenergy crop cultivation 

https://www.zotero.org/google-docs/?fnpBBp
https://www.zotero.org/google-docs/?pgPrCz
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reduces nitrogen leaching relative to row crops and herbaceous plants when grown 

without applying N fertilizer. They also reported the variable response of soil water 

content depending on the location and land use change for bioenergy crop production. 

For instance, they found that switchgrass reduced soil moisture content when grown 

over croplands and forests but decreased when grown on grassland. Meanwhile, 

miscanthus resulted in an overall decrease in soil water from high water use. These 

findings suggest that the production of bioenergy feedstock can greatly affect 

groundwater depletion in water-limited watersheds/regions. 

When the land-atmosphere interactions associated with bioenergy crop 

cultivation on marginal land are considered, the regional climate feedback lowers the 

minimum and maximum temperature by 0.4 and 0.9 °C in the summer months and 

increases precipitation in the U.S. (He et al., 2022). A land-atmosphere feedback impact 

assessment on crop and biomass yield of corn, soybean, and switchgrass by Brown et 

al. (2000) found that the higher temperatures lead to rapid accumulation of heat units, 

which speeds up the vegetation growth, shortens the growing season, and increases 

temperature stress that results in reduced yield for corn and soybean. In contrast, they 

found that the switchgrass biomass yield improved in warmer climates. Whereas, 

precipitation increases improved crop yield by reducing the water stress in Kansas and 

Nebraska. Also, precipitation increase leads to higher runoff from the cropland but not 

from switchgrass. The results from these studies highlight the complex land-vegetation-

atmosphere interactions and the changes in water fluxes due to differences in vegetation 

phenology. 

https://www.zotero.org/google-docs/?j0zySY
https://www.zotero.org/google-docs/?uLc8hE
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The US Great Plains region, already a biofuel-producing area, is an intensively 

farmed region with a large portion of the landscape covered by rangeland, pastureland, 

and wetlands of low productivity (Cai et al., 2011). The large area of marginal land 

around the US Great Plains has been identified to be suitable for bioenergy feedstock 

production (Cai et al., 2011; Gelfand et al., 2013). The state government's support for 

ethanol production combined with national policies such as the Food, Conservation, 

and Energy Act of 2008 provides favorable conditions to produce bioenergy crops in 

marginal land (Harris et al., 2008). A study by Lark et al. (2015) indicated the rapid 

expansion of croplands (corn/soybean) to marginal lands/grassland for bioenergy 

production from 2008 to 2011 in the U.S. 

Given the prospects of large-scale cultivation of bioenergy crops in the U.S., 

further research is required to comprehend the hydrological effects of converting 

landscapes to perennial bioenergy crops. The utilization of refined hydrologic models, 

like the one implemented in this study, can provide clearer scientific insights and better 

inform policymakers. Models are crucial for assessing system-level responses to 

bioenergy production scenarios, considering site-specific characteristics and drivers 

that influence system behavior. Previous studies have explored the impacts of 

bioenergy production on system behavior, but the capability of these models to 

accurately simulate the hydrologic response of climate feedback under new bioenergy 

cropping systems in changing climate remains unassessed.  

Previous studies have mainly been conducted for watersheds or river basins in 

an energy-limited region where precipitation is sufficient to sustain crop growth (e.g., 

Mississippi River basins, Illinois aquifer). However, watersheds or river basins in 

https://www.zotero.org/google-docs/?PJLERd
https://www.zotero.org/google-docs/?2GGowD
https://www.zotero.org/google-docs/?2zmiT4
https://www.zotero.org/google-docs/?wkF5Wh
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semiarid regions, with a large area of marginal land available for bioenergy feedstock 

productions have received little attention. The US Northern High Plains Aquifer region 

(NHP), already a biofuel-producing area, is representative of such a semiarid region. 

The NHP is an intensively farmed region with a large portion of the landscape covered 

by rangeland, pastureland, and wetlands. The large area of marginal land around the 

NHP has been identified to be suitable for bioenergy feedstock production (Gelfand et 

al., 2013a). The state government's support for ethanol production combined with 

national policies such as the Food, Conservation, and Energy Act of 2008 provides 

favorable conditions to produce bioenergy crops in marginal land (Harris et al., 2008). 

However, changes in land use and management practices induced by bioenergy crop 

production can affect the hydrological processes of the region. For this region, many 

earlier studies have evaluated the hydrological response (ET, surface runoff, water 

yield, and soil moisture content) to potential land use change scenarios for bioenergy 

crop production. The land use change scenarios consist of conversion to bioenergy 

crops from food crops (e.g., corn, maize, soybean, sorghum) or grassland or a 

combination of both in fertile and marginal land that includes application of fertilizer 

for optimum growth (Davis et al., 2012; Dolan et al., 2020a; Gelfand et al., 2013a; Qin 

et al., 2015; Wu et al., 2012a). These studies show that depending on the choice of 

bioenergy feedstocks, type of land use expansion or conversion, management practices 

(e.g., use of tillage, fertilizer, and irrigation), and climatic condition, the effect on 

hydrological processes could be different. Generally, land use change to perennial 

bioenergy crops may enhance ET and infiltration and reduce surface runoff, soil 

moisture, and streamflow (Guo et al., 2018a; Schilling et al., 2008a; Wu et al., 2012a). 
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Their analysis of ET, surface runoff, soil moisture and water yield, and soil moisture 

content has been limited to regions with abundant precipitation. There are still 

knowledge gaps concerning changes in the spatio-temporal distribution of water 

resources and the hydrological cycle associated with bioenergy feedstock production 

under rainfed conditions in marginal land over semi-arid regions such as the US Great 

Plains. Therefore, investigating the surface and subsurface processes in such water-

stressed intensively cultivated regions is crucial for effective water resource 

management. 

1.1.3 Overview of the Northern High Plains aquifer region 

 The Northern High Plains aquifer region is a vast and critical 

agricultural area spanning across parts of Colorado, Kansas, Nebraska, and Wyoming. 

The NHP is known for its intensive agricultural practices, including large-scale 

irrigation and the use of fertilizers and pesticides (Peterson et al., 2020). Its agricultural 

productivity heavily relies on groundwater resources, primarily sourced from the U.S. 

High Plains aquifer also known as the Ogallala aquifer, one of the largest aquifers in 

the world (Peterson et al., 2020; Scanlon et al., 2012). 

 The Northern High Plains aquifer region faces a multitude of challenges 

that threaten its long-term sustainability. For instance, the rapid expansion of irrigation 

in the region has led to overexploitation of groundwater pumping from the aquifer. As 

a result, water levels in the aquifer have declined drastically in many areas, resulting in 

increased pumping costs and reduced well yields. Although the efficiency of irrigation 

has increased over the past few decades, it still faces challenges in water loss due to 

evaporation and inefficient distribution.  
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The use of agrochemicals also poses significant threats to water quality in the 

NHP and its downstream region. The agrochemicals can leach into the soil and runoff 

from agricultural fields can carry these contaminants into nearby water bodies, 

contributing to water pollution and potentially leading to eutrophication and harmful 

algal blooms. Several studies have been conducted to investigate the impact of 

fertilizer, pesticides, and herbicide applications in the Mississippi River basin on 

eutrophication in the Gulf of Mexico.  

Moreover, climate change-induced variations in precipitation patterns and 

increased temperatures further exacerbate water quantity and quality concerns. As 

water availability declines, agricultural activities and food production face growing 

uncertainties, impacting the regional economy and livelihoods of local communities. 

In the context of the Northern High Plains aquifer region, understanding the inherent 

linkages between food, energy, and water, is critical for sustainable food production 

and water resource management.  

To address the challenges posed by water availability and water quality issues, 

and to improve water use efficiency in agriculture, various crop and water management 

strategies have been proposed in the Northern High Plains aquifer region. These include 

the selection of optimal crops that are drought resistant, optimal crop rotation practices 

that help maximize soil health and water use efficiency, optimal fertilizer application 

and timing, and implementing water-use regulations to incentivize farmers to adopt 

more efficient irrigation practices and encourage sustainable water resource 

management. Overall, the adoption of crop and water management strategies in the 

Northern High Plains aquifer region holds significant potential to ensure the 
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sustainability of water resources and food production in the face of changing climate 

and land use change. 

 

1.1.3.1 Climate and land use change impact on water cycle 

 

Because of the warming climate, winter and spring precipitation is anticipated 

to increase while summer precipitation is likely to decrease in the future with high 

variability in climate extremes (Easterling et al., 2017). Several studies have 

investigated the impact of climate variability, land use change, and agricultural water 

use on hydrological processes (eg. aquifer-river interactions, streamflow, groundwater 

recharge, water budget) of the US High Plains aquifer. Rowe et al. (1994) examined 

the sensitivity of streamflow to changes in temperature and precipitation in the Little 

Blue River basin, in Nebraska. They found that in the semi-arid region where runoff is 

a small fraction of precipitation, streamflow is more sensitive to changes in 

precipitation than temperature changes. Ng et al., (2010) investigated the groundwater 

recharge characteristics in the US Southern High Plains where precipitation changes 

had a greater impact on groundwater recharge compared to temperature changes. They 

found that increased spring and winter precipitation resulted in increased recharge than 

in summer. Using observed groundwater level and streamflow data from USGS over 

the High Plains aquifer, Kustu et al., (2010) found that excessive groundwater 

withdrawal has significantly reduced the baseflow in most of the rivers in NHP with an 

increasing trend of low flow days. Meanwhile, Meixner et al., (2016) found that 

irrigation recharge is likely to increase in the areas of the NHP aquifer where surface 

water irrigation is used. This study stressed the need for a climate-food-energy-water 
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integrated modeling approach to understand and project the basin-scale response to 

climate change. 

These studies indicate significant changes in surface and subsurface 

hydrological processes in response to changing climate conditions, irrigation practices, 

and land use change, subsequently affecting the surface water and groundwater 

resources. Climate variability and land use change are most likely to alter the quantity 

and quality of surface water and groundwater systems in the future. Therefore, the 

evaluation of hydrological responses to complex land-atmosphere interactions 

associated with climate change and land use change is important for sustainable water 

resource management. Quantifying their effects necessitates the use and enhancement 

of hydrological models such as the Soil and Water Assessment Tool (SWAT) for 

improved assessment of hydrological processes that would help guide future water 

management strategies to adapt against changing climate and land use. 

 

1.1.4 Hydrological model overview 

Hydrological modeling is a commonly used approach to evaluate the 

environmental impacts of climate and land use change, and agricultural and water 

management practices. Some examples of available models include the SWAT, 

Topography based hydrological Model (TOPMODEL), Modular Finite Difference 

Model (MODFLOW), Groundwater and Surface-water FLOW model (GSFLOW), 

SWAT-MODFLOW, and PCRaster Global Water Balance coupled to MODFLOW 

(PCR-GLOBWB-MOD). SWAT has been widely used in several hydrological studies 
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conducted to date in parts of the NHP region for small and large river basins (Daggupati 

et al., 2016; Strauch and Linard, 2009; Zeng and Cai, 2014).  

The SWAT is a physically based, semi-distributed, and continuous-time 

hydrological model used to simulate the quality and quantity of surface and ground 

water and predict the environmental impact of land use, land management practices, 

and climate change in watersheds (Neitsch et al., 2011). The model was developed to 

assess water resources and predict the impacts of land use/cover changes, land 

management practices on soil erosion, sedimentation, and non-point source pollution 

on watersheds or large river basins. 

Many studies have utilized the SWAT (Soil and Water Assessment Tool) model 

to assess the potential of biofuel feedstock production and its environmental benefits 

in geographically and climatically diverse regions and various land use types (Cibin et 

al., 2016; Gelfand et al., 2013a; Panagopoulos et al., 2017; Srinivasan et al., 2010). 

Most of these studies deal with the parametrization of plant growth parameters for 

Switchgrass/Miscanthus and its impact on soil properties, water quality, and 

hydrological processes. However, the application of SWAT for analyzing the impact 

of bioenergy feedstock production and the regional climate feedback in a semi-arid 

region, such as the NHP where groundwater has a significant contribution to 

streamflow is limited. Most of these studies were done in the energy deficit region 

where precipitation was sufficient to sustain the water demand of food crops as well as 

bioenergy crops. Therefore, additional research is needed to understand the effect of 

bioenergy crop production on ET, river-aquifer exchange, groundwater storage, and 

streamflow in a semi-arid region such as the NHP, where the streamflow is primarily 
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driven by subsurface flow and only 9-10% of precipitation reaches the stream as runoff 

(Reidmiller et al., 2018). 

SWAT has undergone major enhancements over the past few years, resulting 

in SWAT-MODFLOW (Bailey et al., 2016), SWAT-Carbon (SWAT-C) (Yang and 

Zhang, 2016), and SWAT+ (Bieger et al., 2017). These enhancements are aimed at 

improving skills in modeling watershed systems to provide a more flexible 

representation of interactions and processes within a watershed, such as river-aquifer 

interactions, soil carbon storage, and freeze/thaw cycles in soil. Despite these major 

improvements, there still exist some well-documented limitations of  SWAT. For 

example, the SWAT auto-irrigation routine can falsely trigger irrigation events even 

after the crop harvest (Chen et al., 2017; Marek et al., 2017), resulting in an 

overestimation of irrigation demand and surface runoff. Likewise, In the SWAT-

MODFLOW groundwater irrigation sub-module, the irrigation well remains active 

throughout the simulation period. However, each year, new irrigation wells are drilled 

depending on the irrigation requirement or wells can become inactive due to 

maintenance requirements. The inability to account for such changes could 

overestimate/underestimate the well pumping rate which affects the model's ability to 

provide an accurate representation of groundwater dynamics and sub-surface 

processes.  Additionally, SWAT still utilizes a simplified vegetation growth sub-model 

adapted from EPIC (Williams et al., 1989). This vegetation growth sub-model uses a 

single plant growth pattern for all plant types (forest, grass, and annual crops), which 

lacks the representation of complex plant phenology, such as the growth of different 

plant compartments (root, shoot, leaf, etc.), and carbon and nutrient dynamics between 
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above and belowground pools (Luo et al., 2008). Hence, there is a need to improve the 

SWAT by modifying the equations related to these processes.  

 

1.2 Research Objectives 

The main objective of this research is to enhance the SWAT and evaluate the 

potential influence of regional climate feedback in the context of large-scale cultivation 

of bioenergy crops and irrigational water use under changing climate on the regional 

hydrological processes, particularly in vulnerable regions like the NHP, to help make 

informed decisions for FEW resources management and address sustainable issues. The 

specific objectives of this study are: 

 

Objective 1: Enhance the SWAT model to improve the representation of irrigation 

practices and validate the model for the NHP using observed datasets  

To do this, first, the irrigation sub-module in the SWAT and SWAT-MODFLOW 

was improved and the hydrological model was set up for the NHP region. The modified 

model was validated using observed and remotely sensed data to assess its performance 

as a predictive tool without calibration. The modified model was then used to examine 

the impact of historical irrigation on the hydrological processes and agricultural 

productivity in the NHP. The simulation results showed that the SWAT and SWAT-

MODFLOW overestimated evapotranspiration in the absence of calibration. Therefore, 

to further improve the model performance multiple model calibration approaches were 

explored. 
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Objective 2: Evaluate the single and multivariate calibration methods using streamflow 

and remotely sensed data 

To do this, we calibrated the SWAT using different combinations of streamflow 

and remotely sensed hydrologic variables such as ET and soil moisture. The results 

showed that adding remotely sensed ET and soil moisture to the traditionally used 

streamflow for model calibration does not necessarily improve the model performance. 

 

Objective 3: Evaluate the hydrologic responses of the NHP to land use change and 

regional climate feedback associated with large-scale bioenergy crop cultivation in the 

U.S. 

To do this, first, the SWAT model for the NHP was calibrated and validated 

using observed streamflow, including instream total nitrogen, using the regionalization 

approach. The validated model was then run using multiple climate feedback scenarios 

to assess the differences in local direct impact from the cultivation of Miscanthus on 

marginal land and local indirect effect at the basin scale from changes in temperature 

and precipitation because of the climate feedback from the complex land-atmosphere 

interactions. The examination of the vegetation growth sub-model in SWAT revealed 

that there are limitations in the simulation of biomass production and biomass 

allocation to shoots and roots that could affect the representation of soil organic carbon 

and nutrient cycling. 

 

Objective 4: Enhance the SWAT model for improved representation of biomass 

production and biomass allocation of perennial grasses 
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To do this, we integrated the grassland sub-model from DAYCENT into the 

SWAT vegetation growth sub-model for perennial grasses. The modified model was 

calibrated and validated for Switchgrass using observed biomass yield. The modified 

model performance is further evaluated for LAI and root/shoot based on expected 

ranges from published observational studies. 

 

Objective 5: Develop an objective data-driven approach to screen near-natural 

streamgages to facilitate environmental impact assessment associated with climate and 

land use change, and hydrologic model optimization 

The findings from the previous endeavors to achieve Objectives 1,2 and 3 

indicated the need for streamflow data from near-natural streamgages that are 

representative of climatic conditions and watershed properties to help improve model 

optimization, trend analysis, and environmental impact assessment. For this, we 

developed an objective data-driven but simple screening method to identify 

streamgages minimally influenced by human activities. 

 

1.3 Outline of Dissertation 

The dissertation contains 7 chapters. Chapter 1 provides an overview of (a) 

hydrological changes in response to climate and land use change, water management 

practices, and bioenergy crop production, (b) the need for an enhanced hydrological 

model to examine the basin scale response to land use change and associated climate 

feedback, and (c) research objectives. Chapter 2 describes the enhancement of the 

groundwater irrigation scheme in SWAT-MODFLOW to improve the representation 
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of water balance components, streamflow, and irrigation practices to examine the 

impact of historical irrigation on crop productivity, river-aquifer interactions, and 

hydrologic processes in the Northern High Plains Aquifer region. Chapter 3 explores 

the SWAT model calibration strategies using combinations of streamflow and remotely 

sensed based dataset and their impact on model performance in simulating streamflow, 

evapotranspiration, and soil moisture to identify the suitable calibration strategy for our 

study region. In Chapter 4, we examine the influence of land use change on marginal 

lands for bioenergy crop production and the corresponding climate feedback on the 

hydrologic processes in the NHP. In Chapter 5, to enhance the simulation of biomass 

crop production and allocation to different plant components with an aim to improve 

the representation of soil organic carbon, I modified and enhanced the grass growth 

sub-model in the SWAT model. The findings from Chapters 2, 3, and 4, indicated the 

need for a standard streamflow dataset for model optimization and environmental 

impact assessment. Chapter 6, describes the objective data-driven method based on 

correlation analysis to develop the near-natural streamflow dataset. Chapter 7 provides 

an overview of the key findings of this research work and the scope for future studies. 
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1 

Chapter 2: Agricultural Irrigation Effects on Hydrological 

Processes in the United States Northern High Plains Aquifer 

Simulated by the Coupled SWAT-MODFLOW System 
 

Materials presented in this chapter have been published in the journal Water as  

Dangol et al. (2022) 

 

2.1 Introduction 

Irrigation is important for proper crop growth and consistent food supply 

(Carruthers et al., 1997). Globally, 70% of freshwater is used for irrigation (FAO, 2011; 

Rost et al., 2008) and nearly 18% of the world’s agricultural land is irrigated, which 

produces about 40% of global agricultural products (Garces-Restrepo et al., 2007). 

Especially in semi-arid regions, agricultural productivity relies heavily on groundwater 

resources for irrigation (Colaizzi et al., 2009). For instance, the U.S. High Plains 

aquifer, one of the world’s largest aquifers (Aldaya et al., 2010), accounts for about 

88% of total freshwater withdrawn for irrigation (Maupin and Barber, 2005) in the 

country. The continuous use of nonrenewable groundwater has already and may further 

threaten the environment and agricultural production (Scanlon et al., 2012). For 

example, excessive groundwater removal relative to natural recharge can lower the 

water levels of an aquifer and regional streams through coupled surface–groundwater 

dynamics (Barlow and Leake, 2012; Wen and Chen, 2006). 

                                                 
Dangol, S.; Zhang, X.; Liang, X.-Z.; Miralles-Wilhelm, F. Agricultural Irrigation Effects on 

Hydrological Processes in the United States Northern High Plains Aquifer Simulated by the Coupled 

SWAT-MODFLOW System. Water 2022, 14, 1938. https://doi.org/10.3390/w14121938. 
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Groundwater depletion levels in the U.S. Northern High Plains (NHP) aquifer 

vary across the region due to varying water demand for irrigation and recharge 

dynamics (Scanlon et al., 2012). For instance, the groundwater storage level in the 

Sandy Hills region in the NHP has remained relatively stable due to a higher recharge 

flux (Haacker et al., 2016; Scanlon et al., 2012; Smidt et al., 2016). The streamflow in 

the NHP decreased annually between 23 and 73%, and in the dry season (July–August) 

between 21 and 77%, from 1940 to 1980, primarily because of the decline in the 

groundwater level caused by increased groundwater pumping (Kustu et al., 2010). 

Furthermore, from 1996 to 2015 there was an 11% increase in irrigated acres on the 

NHP (Smidt et al., 2016). As a consequence of the increased irrigation, declining 

streamflow and groundwater levels, most river basins of Nebraska have been classified 

as fully appropriated, i.e., existing water uses and rights are equal to available water 

supplies, or over appropriated, i.e., existing water uses and rights exceed available 

water supplies (NDNR, 2016). Over the past century, the NHP has experienced several 

short-term and prolonged severe droughts resulting in considerable agricultural losses 

(Hua et al., 2019; J. Zhang et al., 2018), and such events are likely to increase in the 

future (Bathke et al., 2014). This could lead to severe water stress in the region. As 

such, there is an urgent need to improve understanding of hydrological processes and 

adapt future water management strategies in the NHP to recurring drought and 

improved water conservation. 

Hydrological modeling is a commonly used approach to evaluate the effect of 

agricultural practices on surface and groundwater resources (Gao and Li, 2014). 

Multiple hydrological modeling studies conducted to date in parts of the NHP have 
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been based on SWAT or MODFLOW for small and large river basins (Daggupati et 

al., 2016; Peterson et al., 2016; Rossman et al., 2018; Strauch and Linard, 2009; Zeng 

and Cai, 2014). In general, most SWAT modeling studies have been focused on 

evaluating and analyzing best management practices, water quality, water and sediment 

transport, irrigation, bio-energy crops, climate change and land use change (Daggupati 

et al., 2016; Srinivasan et al., 2010; Zeng and Cai, 2014). Meanwhile, MODFLOW 

based studies in the region primarily examined groundwater dynamics, e.g., river-

aquifer interactions, groundwater level changes, groundwater irrigation and climate 

change (Chen and Chen, 2004; Hrozencik et al., 2017; Peterson et al., 2016; Rossman 

et al., 2018). Recently, these two models were coupled into SWAT-MODFLOW by 

Bailey et al. (Bailey et al., 2016). The coupled model improved the skills in simulating 

watershed systems where both surface water and groundwater processes (as well as 

their interactions) play a significant role on overall water budget (Molina-Navarro et 

al., 2019; Rumph Frederiksen and Molina-Navarro, 2021). The improvement can be 

attributed to a more realistic representation of physically based surface and subsurface 

processes, such as runoff, soil water storage, evapotranspiration, and aquifer 

recharge/discharge. Some other examples of coupled surface–groundwater models 

include ParFLOW (Kollet and Maxwell, 2006), PCR-GLOBWB-MOD (Sutanudjaja et 

al., 2011), and GSFLOW (Markstrom et al., 2008). These models are grid based and 

fully distributed (ParFLOW and PCR-GLOBWB-MOD) or semi-distributed 

(GSFLOW) with high data requirement and computation costs. Among them, SWAT-

MODFLOW has a distinct advantage in its capability to simulate crop growth, 

agricultural management, land management practices, water and sediment transport, 
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and its ability to use the existing SWAT and MODFLOW models of varying spatial 

extents.  

SWAT-MODFLOW has been continuously enhanced over the last two decades 

(Bailey et al., 2016; Kim et al., 2008; Sophocleous et al., 1999). It links surface and 

groundwater flow processes to provide an improved understanding of complicated 

hydrological processes in large agricultural basins. SWAT-MODFLOW can assess the 

hydrological and agronomic responses of a fully integrated river–aquifer system to land 

use change (Jin et al., 2021), climate change (Chunn et al., 2019; Liu et al., 2020) and 

agricultural management practices (Aliyari et al., 2019; Wei and Bailey, 2019), which 

greatly benefits water resource management. SWAT-MODFLOW has been applied in 

watersheds of different spatial scales, ranging from 357 km2 in the Uggerby River 

Catchment, Denmark (Liu et al., 2019), to 72,000 km2 in the South Platte River Basin 

(Aliyari et al., 2019). In this study, we used the version of SWAT-MODFLOW 

developed by Bailey et al. (Bailey et al., 2016). 

When modeling the hydrology in a semi-arid region such as the NHP with 

intensive agricultural activities, a careful selection of the irrigation method is needed. 

Varying irrigation methods can produce different results because of differences in 

irrigation volume, timing, frequency, and recharge. Aliyari et al. (Aliyari et al., 2019) 

updated the SWAT auto-irrigation subroutines and MODFLOW Well package to link 

MOFDLOW pumping wells and SWAT HRUs for groundwater irrigation in SWAT-

MODFLOW, and successfully implemented it in the South Platte river basin in the 

United States. In SWAT-MODFLOW, the groundwater irrigation volume can be 

prescribed by two methods: the MODFLOW Well package and the SWAT auto-
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irrigation routines (Bailey and Park, 2019). The first method allows the user to specify 

the pumping rate of each well in the MODFLOW grid cell, and provides a reasonable 

estimate of groundwater irrigation volume. This will provide irrigation water to the 

associated SWAT HRU. However, application of this approach is difficult in an 

intensively irrigated large agricultural basin in the absence of measured pumping rates.  

The second method calculates the groundwater irrigation volume for the HRU 

using the auto-irrigation routines of SWAT. The irrigation volumes are converted to 

the pumping rate and fed to the associated pumping well in the MODFLOW grid cells. 

This method is commonly used in the case of inadequate irrigation scheduling data. It 

also accommodates the effects of spatiotemporal variability in climate, soil moisture, 

and plant growth conditions. However, this method could overestimate the irrigation 

amount because irrigation is performed even after crop harvesting (Chen et al., 2017). 

It can also underestimate the pumping rate because the number of pumping wells in the 

model domain remains constant throughout the simulation period, whereas, in practice, 

the number of active pumping wells can vary. This study tries to overcome these 

limitations by modifying the groundwater irrigation routine to better simulate irrigation 

practices. There is currently no study assessing the benefits of two groundwater 

irrigation methods in SWAT-MODFLOW. Hence, a careful evaluation of the two 

approaches is needed to seek an accurate representation of irrigation practices and 

water balance components. 

In this study, we aimed to examine and make multiple changes to the SWAT-

MODFLOW framework to enhance the representation of irrigation and hydrological 

processes in the NHP and understand the role of irrigation practices in affecting 



 

 

24 

 

watershed hydrology in the 347,058 km2 extent of the NHP. Specifically, we aimed to: 

(1) design a SWAT-MODFLOW model in the NHP and improve its capability of 

simulating irrigation processes; (2) evaluate the performance of the two irrigation 

options (SWAT auto-irrigation based on plant water stress and MODFLOW-based 

prescription of irrigation well-pumping rates) for simulating the groundwater demand 

and regional water budget; and (3) understand the effects of irrigation on various 

hydrological processes, such as groundwater recharge, evapotranspiration, and 

streamflow. This modeling exercise helps to represent the hydrology in an 

agriculturally intensive large watershed and generates knowledge regarding the role of 

irrigation in influencing hydrological processes. Such efforts hold promise to better 

support sustainable agricultural water management in large irrigation systems in the 

face of imminent climate change and potential groundwater shortages. 

2.2 Materials and Methods 

2.2.1 Study Area 

The NHP aquifer (Figure 2.1a), located in the Midwest U.S.A., spans Nebraska, 

Colorado, Kansas, Wyoming, and North Dakota, covering an area of about 347,058 

km2 (Peterson et al., 2016). The NHP is comprised of multiple watersheds where 

intensive agricultural activities are carried out. The dominant land cover category in 

the NHP is range and pasture land (57.72%), followed by agriculture (33.47%), urban 

(3.38%), forest (3.01%), wetlands (1.42%), water and barren land (1%).  

The region is dominated by convective storms in summer (April–September), 

which overlaps with the crop growing season (Scanlon et al., 2012). The annual 
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precipitation (Figure A.1) shows a strong east–west gradient, decreasing from 900 mm 

in the east to 350 mm in the west. The estimated crop water use ranges from 584 to 711 

mm for corn, and 508 to 635 mm for soybean, with higher crop water use in eastern 

Nebraska (Klocke et al., 1990). This difference in crop water demand and precipitation 

results in different irrigation needs. For example, according to (NDNR, 2016), the net 

corn irrigation requirement ranges from ~355 mm in the west to ~152 mm in the east 

of Nebraska for the entire growing season (May to September) for high yields. To meet 

these varied irrigation needs, both surface water and groundwater are used in the NHP 

(Peterson et al., 2016; Scanlon et al., 2012). Historically, most of the irrigation water 

was taken from the rivers and reservoirs in the region, but since 1940, irrigated areas 

using groundwater rapidly expanded (Peterson et al., 2016). By 2000, almost 97% of 

the total groundwater withdrawals in the High Plains were used for irrigation (Maupin 

and Barber, 2005) and nearly 84% of irrigation water was from groundwater in 

Nebraska (Hutson et al., 2004). In 2015, groundwater accounted for about 77% of the 

total water supply and about 84% of irrigation water in NHP; thus, irrigation used about 

95% of the total groundwater withdrawals (Dieter et al., 2018). 
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Figure 2.1. Modeling domains for SWAT and MODFLOW (a), and land use map (b), 

for the U.S. Northern High Plains. 
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2.2.2 SWAT Setup 

SWAT is a physically-based model that simulates the hydrological processes by 

dividing the watershed into sub-basins which are further divided into fundamental units 

called hydrological response units (HRU) based on a unique combination of land use, 

soil type and slope (Neitsch et al., 2011). SWAT is capable of simulating reservoirs, 

wetlands, and a wide range of agricultural and water management practices (Douglas-

Mankin et al., 2010; Garg et al., 2012). 

Multiple geospatial datasets were used to configure the SWAT model setup 

(Table 1.1). Land use data was obtained from the Cropland Data Layer (CDL) 2008 

(USDA NASS Cropland Data Layer, 2008) which contains detailed crop-specific 

information. Different cropland types were reclassified into corn, soybean and other 

small grains. The resulting digital map was then combined with Moderate Resolution 

Imaging Spectroradiometer (MODIS) irrigated land layers 2007 (Pervez and Brown, 

2010a) to generate a land use map with cropland separated into irrigated and dry 

cropland (Figure 2.1b). Soil properties were derived from the State Soil Geographic 

(STATSGO) dataset. Soil properties from STATSGO were used in order to keep the 

number of HRUs manageable and reduce the computation time of the model 

simulation. Two slope classes 0–5% and >5% were used for defining HRUs. The 

unique combinations of land use, soil type, and slopes resulted in a total of 51,035 

HRUs for the entire basin. Crop management operations (planting, harvesting, and 

fertilizer application) were included for corn, soybean and winter wheat, based on 

existing literature (Ferguson et al., 2006; Van Liew et al., 2012; Woznicki and 

Nejadhashemi, 2012). 
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Table 2.1. SWAT model input summary. 

Data Resolution Source 

Precipitation, Temperature, 

Relative Humidity, Wind Speed, 

Solar Radiation 

0.3° × 0.3° NARR (Mesinger et al., 2006a) 

Digital Elevation Model (DEM) 90 m × 90 m 
Shuttle Radar Topography Mission (SRTM) (Jarvis 

et al., 2008a) 

Land Use 30 m × 30 m (USDA NASS Cropland Data Layer, 2008) 

MODIS Irrigated Land 250 m × 250 m (Pervez and Brown, 2010b) 

Soil Property 1:250,000 STATSGO (USDA-NRCS, 1994a)  

Reservoir 22 large reservoirs 

USBR, USACE (United States Bureau of 

Reclamation, 2019; US Army Corps of Engineers, 

2013) 

 

We used climate forcing data from the North American Regional Reanalysis 

(NARR) database to drive the SWAT simulations. NARR climate forcing data have 

assimilated multiple sources of observations (Mesinger et al., 2006a), including 

satellite observations, and have shown to provide good simulation of streamflow when 

used as climate forcing in hydrological models (Essou et al., 2016). The 22 large 

reservoirs that were identified to lie within the stream network (Figure 2.1a) in the 

SWAT domain were incorporated into the model. A detailed description of reservoir 

parameters and operations is provided in the Supplementary Information (Table A.1). 

A large portion of the watershed is dominated by depressions, especially the 

Sand Hills in northern and northeastern Nebraska. The pothole module simulates 

depressions at the HRU-level and can reasonably represent the spatial distribution of 

seepage to MODFLOW grids. Therefore, the pothole module was applied to HRU 

classified as wetlands. Most of the lakes and wetlands in the Sand Hills are shallow and 
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have a mean depth of ~800 mm (Rossman et al., 2018). Hence, the maximum pothole 

water depth in SWAT (POT_VOLX) was set to 800 mm which allows water to pond 

on the surface up to the depth of 800 mm before runoff takes place. 

 

2.2.3 MODFLOW Setup 

We used an existing MODFLOW model configured for the NHP by (Peterson 

et al., 2016) in our SWAT-MODFLOW setup. The groundwater model consists of 565 

× 795 grid cells, with a resolution of 1 × 1 km2, and a single layer. Originally, the 

model setup used the Streamflow Routing package to simulate the discharge in rivers, 

but in the SWAT-MODFLOW setup, it was replaced by the River package (Harbaugh, 

2005). This enabled the calculation of groundwater–surface water exchanges between 

the aquifer and rivers. The boundary conditions, including general head boundary, 

constant head, drain, well, and horizontal flow barrier packages (Figure 2.2) based on 

Peterson (Peterson et al., 2016) were also enabled in the present study. As most of the 

irrigation scheduling in the NHP takes place in the growing season, the groundwater 

irrigation was assumed to take place from May to September in the well package. The 

domain of the watershed delineated for SWAT was larger than the MODFLOW model 

boundary and the number of sub-basins in the southern section of the SWAT domain 

lay in the no-flow boundary or outside the MODFLOW boundary (Figure 2.1a). The 
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original capability of each model was maintained in the non-overlapping region (Bailey 

et al., 2016).  

Figure 2.2. Boundary conditions of the MODFLOW model domain. 

 

2.2.4 SWAT and MODFLOW Coupling 

2.2.4.1 Irrigation Scheme 

 

The groundwater irrigation operation can be simulated in SWAT-MODFLOW 

through two methods: First, the well pumping rate and locations defined in the 

MODFLOW well package were based on Peterson et al. (Peterson et al., 2016); it was 

used to dictate the groundwater irrigation amount in the SWAT auto-irrigation module. 

This setup is henceforth called Well-Irr. Second the groundwater irrigation amount 

determined by the SWAT auto-irrigation module was used to determine the pumping 

rates for irrigation wells in the MODFLOW grid cells. This setup is henceforth called 
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Auto-Irr. A plant water stress, defined as the ratio of actual to the potential plant 

transpiration, was used to trigger the irrigation in SWAT.  

The SWAT auto-irrigation module requires an irrigation source (surface water 

or groundwater) as input. The irrigated cropland, corn, soybean and winter wheat, 

HRUs close to the irrigation wells were assigned groundwater as the irrigation source; 

the remaining HRUs were assigned river as the irrigation source. Additional details on 

irrigation source assignment to the cropland HRUs is provided in the Supplementary 

Information (Section 2.1). The coupling between the SWAT HRU and the MODFLOW 

grid was achieved following the manual coupling procedures described in detail by 

Bailey and Park (Bailey and Park, 2019). The SWAT HRUs were first disaggregated 

into individual polygons with specific geographic locations (DHRUs), and then 

intersected with the MODFLOW grid cells to determine the spatial relationship 

between HRUs, DHRUs, and MDFLOW grid cells. The mapping scheme in SWAT-

MODFLOW passed SWAT variables (recharge, ET, and stream stage) to the 

corresponding MODFLOW grid. Additionally, the MODFLOW river grid cells were 

intersected with the SWAT sub-basins for the river–aquifer water exchange. 

 

2.2.4.2 SWAT-MODFLOW Modifications 

 

SWAT-MODFLOW was modified to improve simulations of water 

management practices for intensively irrigated watersheds (Aliyari et al., 2019; Wei 

and Bailey, 2019). In particular, the irrigation modules were modified to: (a) link 

MOFDLOW pumping wells and SWAT HRUs for groundwater irrigation, (b) include 

the canal irrigation, and (c) groundwater evapotranspiration. These changes improved 
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model ability to produce more realistic effects of groundwater irrigation on streamflow 

and groundwater level than SWAT.  

The SWAT-MODFLOW model developed by (Bailey et al., 2016) was modified 

and used in this study. Generally, each year, new irrigation wells are drilled depending 

on the irrigation requirement but limited by the groundwater regulations of the Natural 

Resource Districts in the region. Conversely, some wells become inactive or are taken 

out of service because of high operation cost or general modernization leading to 

replacement by a new well. The records of active irrigation wells and their locations 

can be obtained from the Nebraska Department of Natural Resources Groundwater 

Wells Database (Nebraska Department of Natural Resources., 2020). However, in the 

case of the SWAT auto-irrigation derived groundwater pumping rate, the irrigation well 

that is associated with the SWAT HRUs remains active throughout the simulation 

period. Therefore, the coupled irrigation function in SWAT-MODFLOW was modified 

to account for the annual changes in the number of irrigation wells during the growing 

season. In doing so, each irrigation well mapped to a SWAT HRU was activated or 

deactivated for a simulation year based on the irrigation well activation information in 

the MODFLOW Well package (Harbaugh, 2005). The SWAT auto-irrigation routine 

can falsely trigger irrigation events even after the crop harvest (Chen et al., 2017; Marek 

et al., 2017). Hence, the SWAT auto-irrigation function was modified to allow irrigation 

only when the MODFLOW wells were active during the growing season of that year. 

The coupled model deactivated the SWAT groundwater module and replaced it 

with MODFLOW in the overlapping areas. Hence, the SWAT groundwater module 

was turned off even in the regions overlapping with inactive MODFLOW grid cells, 
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where MODFLOW did not simulate the groundwater flow process. Therefore, when 

the SWAT domain overlaid the MODFLOW inactive grid cells (Figure 2.1a), the 

seepage and the subsurface flow were not considered in the SWAT-MODFLOW 

simulation. Additional modification of the coupled SWAT-MODFLOW model was 

performed in this work to keep the SWAT groundwater module active for the 

overlapping region with inactive MODFLOW grid cells. 

 

2.2.4.3 River–Aquifer Interaction 

 

In SWAT-MODFLOW, the interaction between surface water and aquifers was 

simulated using the MODFLOW River package. However, the MODFLOW model 

designed for the NHP (Peterson et al., 2016) used the Stream Flow Routing (SFR) 

package to simulate rivers. Hence, the SFR package was replaced by the River package 

in this study. The river network generated by SWAT was used to identify the 

MODFLOW river grid cells which varied spatially from the original MODFLOW SFR 

grids. The riverbed hydraulic conductivity had a significant impact on quantifying and 

understanding the stream–aquifer interactions (Chen, 2004; Cheng et al., 2011) that 

determine the baseflow and the effect of groundwater irrigation on streamflow. The 

riverbed hydraulic conductivity estimated by (Peterson et al., 2016) for the major rivers 

of the NHP that ranged from 0.03 to 3.00 m/d were linearly interpolated to the river 

grid cells. These values lay within the lower range of riverbed vertical hydraulic 

conductivity estimated by previous studies (Chen, 2004; Song et al., 2010) for the 

major rivers within the NHP. The river bed thickness values for river segments from 

(Peterson et al., 2016) were used in the MODFLOW River package. 
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2.2.4.4 System Parameter Adjustment 

 

The calibration of integrated groundwater surface water models such as SWAT-

MODFLOW is complex and computationally expensive (Chunn et al., 2019; Liu et al., 

2019). Hence, only SWAT model parameters for crop and irrigation volume were 

optimized. SWAT model parameter adjustment was conducted in two parts. First, the 

fractional potential heat units for planting and harvest dates for corn, soybean, and 

winter wheat were adjusted until the model-simulated planting and harvest dates were 

within the beginning (planting) and end dates (harvesting) as provided on the document 

(Usual Planting and Harvest Dates) published by USDA (USDA-NASS, 2010).  

Second, the model parameter for irrigation, plant water stress threshold, was 

then manually adjusted to reduce the bias in simulated annual groundwater irrigation 

volume in the NHP. For this purpose, the plant water stress that triggers irrigation was 

varied between 0.95 and 0.5 to obtain the lowest percent bias between the simulated 

and USGS estimated annual groundwater irrigation volume. 

 

2.2.4.5 Experiment Design 

 

To determine the appropriate irrigation management method between the Auto-

Irr and Well-Irr setups, the SWAT-MODFLOW model was run from 1979 to 2008 with 

a 3-year warm-up period. The model performance for simulating streamflow, 

evapotranspiration, groundwater level, and annual groundwater irrigation volume was 

evaluated in the above-mentioned two scenarios. In addition, the Auto-Irr and Well-Irr 

performances for simulating monthly streamflow were compared with the SWAT 
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model simulation results. The same SWAT parameters were used for the consistent 

surface water hydrological parameterization in all three setups.  

Finally, the SWAT-MODFLOW setup that provided better model performance 

was used to evaluate the impact of irrigation on hydrological processes and agricultural 

productivity.  

 

2.2.4.6 Evaluation Metrics 

 

The model performance on crop yield, monthly streamflow, evapotranspiration, 

groundwater level, and annual groundwater irrigation volume simulated by the above-

mentioned three model setups, was evaluated. The statistical metrics: coefficient of 

determination (R2), Nash-Sutcliffe efficiency (NSE), root mean square error 

normalized against the observed mean value or normalized root mean square error 

(NRMSE), and percent bias (PBIAS), were used to evaluate model performance. R2 

measured if the variation in observed data was explained by the model. Its value ranged 

from 0 to 1, with values closer to 1 indicating good agreement; model performance was 

considered acceptable if R2 > 0.5 (Moriasi et al., 2007). The NSE measured agreement 

between observed and simulated data. Its value ranged from negative infinity to 1, with 

values closer to 1 indicating good agreement. Following (Motovilov et al., 1999), the 

model performance for streamflow was considered to be satisfactory if NSE was 

between 0.36 and 0.75, and considered good if NSE was greater than 0.75. The NRMSE 

provided the (%) relative measure of simulated and observed values where the lower 

value indicated better performance. The model performance was often considered good 

when NRMSE < ±20%. PBIAS measured the tendency of simulated values to be 
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greater or lower than observed values. PBIAS of 0% was the optimal value, with 

positive value indicating underestimation and negative value indicating overestimation 

by the model. Following (Daggupati et al., 2016), PBIAS of ±15% was considered 

good and PBIAS of ±25% was considered satisfactory. 

The corn, soybean, and winter wheat yield simulated by the model were 

compared with county-level USDA National Agricultural Statistical Survey (NASS) 

data (USDA, 2016). County-level NASS data was aggregated to each sub-basin using 

an area-weighted average. NASS-reported crop yield in bushels per acre was converted 

to kg per hectare, as reported in SWAT output, following the method described in 

(Srinivasan et al., 2010). To further evaluate the effect of irrigation on the corn and 

soybean yield in the region, the spatial distribution of crop water productivity (CWP), 

defined as the ratio of crop yield to actual evapotranspiration (Jiang et al., 2015) at the 

sub-basin scale, was estimated. The CWP represented the water use efficiency of the 

crop, presented here in units of kg/m3. 

The model-simulated groundwater irrigation volume values were compared 

with the county-level USGS estimates. We aggregated the USGS county-level 5-year 

averaged groundwater irrigation volume data (US Geological Survey, 2016) to 

represent the overall groundwater irrigation volume in the NHP aquifer. The observed 

groundwater level values were obtained from the network of 39 USGS observation 

wells in the study region (Figure 2.1a). The mean of observed data was used if multiple 

observation wells were located within a 1 km2 MODFLOW grid cell. A total of 2029 

monthly groundwater level measurements were available for the period of 1982–2008. 
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In a semi-arid region, evapotranspiration (ET) plays an important role in the 

hydrological cycle. The Moderate Resolution Imaging Spectroradiometer (MODIS) 

based monthly ET dataset from 2000–2008 was utilized as the benchmark for model 

evaluation at the sub-basin scale. For this, the 8-day total 500 m gridded ET data from 

MODIS (MOD16A2) (Running et al., 2019) was spatially aggregated into monthly ET 

values for each of the 203 SWAT sub-basins that overlay the NHP aquifer. 

In this study, R2 and NSE were used as model performance indicators for 

streamflow, R2 and NRMSE for groundwater level, R2 for evapotranspiration, and 

PBIAS for crop yield. In the case of groundwater irrigation volume, the model 

performance was evaluated qualitatively due to limited observations. 

2.3 Results 

2.3.1 Model Performance 

2.3.1.1 Annual Groundwater Irrigation 

 

Figure 2.3 shows the annual groundwater irrigation volume for the NHP 

simulated by the SWAT-MODFLOW model with the two irrigation schemes described 

in Section 2.4.1. Both Well-Irr and Auto-Irr overestimated the annual groundwater 

irrigation volume. The Auto-Irr achieved much lower bias than the Well-Irr method 

(−30% vs. 86%). The model results generally indicated a gradual upward trend in the 

groundwater irrigation volume from 1995. 

The annual groundwater irrigation volume estimated by Auto-Irr was closer to 

the USGS estimates compared with the Well-Irr setup. The use of the auto-irrigation 

module allowed for the irrigation demand to be based on climatic conditions, resulting 
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in high irrigation demand during drought years. The years with peak irrigation volume 

simulated by the Auto-Irr corresponded well with the observed drought years in the 

NHP: 1989, 2002, and 2006. In the Well-Irr setup, the irrigation frequency and intensity 

were based on the MODFLOW Well package and stress period. Such detailed 

information was not available for each irrigation well over the simulation period, 

leading to less sensitivity of Well-Irr estimated irrigation volume to climate conditions. 

The normal water requirement for corn and soybean is 762 and 531 mm/year in 

Nebraska (Yonts et al., 2008), 642 and 580 mm/year in eastern Colorado (Schneekloth 

and Andales, 2009), 624 and 518 mm/year in Kansas (Rogers et al., 2015). The average 

annual precipitation in the NHP fell to 395, 354, and 517 mm in 1989, 2002, and 2006, 

respectively, well below the normal water requirement for corn and soybean in the 

region. The water deficit during these years increased groundwater irrigation 

substantially (Figure 2.3). 

Figure 2.3. Reported and simulated total annual groundwater irrigation volume in the 

U.S. Northern High Plains aquifer. 
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2.3.1.2 Groundwater Level 

 

The monthly mean groundwater level simulated by the Auto-Irr and Well-Irr 

setups were compared with the observed monthly groundwater level from USGS as 

shown in Figure 2.4. The R2 for Auto-Irr and Well-Irr were found to be 0.998 and 0.997, 

respectively. This suggests that both irrigation settings were able to capture the 

dynamics of groundwater level variations. The NRMSE values also showed small 

differences between the two coupled model setups (13.55% (good) for Well-Irr, and 

12.47% (good) for Auto-Irr). High hydraulic conductivity and specific yield across the 

NHP likely stabilized the saturated thickness of the aquifer despite large differences in 

groundwater withdrawals. However, for both setups, SWAT-MODFLOW 

underestimated the groundwater level compared with the observed values. The 

tendency of the model to simulate higher irrigation volumes (Figure 2.3) was a possible 

reason for the model underestimation of the groundwater level. The mean bias error 

(MBE) and mean absolute error (MAE) for Auto-Irr were −25.5 m and 25.6 m, 

respectively. The corresponding values for the Well-Irr were −27.8 m and 27.8 m. In 

general, these errors were <3% of the mean measured groundwater levels. The model 

biases may have arisen from multiple reasons. For example, the mean elevation of the 

model grid cell of 1 km2 was different from the elevation of the USGS observation 

well, which was a single location in the cell. Errors may also have resulted from 

uncertainty in specifying model parameters, and pumping rates.  
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Figure 2.4. Comparison of observed and simulated mean monthly groundwater level of 

Auto-Irr and Well-Irr for the period of 1982–2008. 

 

2.3.1.3 Streamflow 

 

The Auto-Irr, Well-Irr, and SWAT simulated streamflow were evaluated against 

the observed mean monthly streamflow data obtained from USGS gauges at the outlet 

corresponding to sub-basins 119 (northern) and 244 (southern) (Figure 2.1a). The 

model performance for three model setups is summarized in Table 2. More details about 

the time series of monthly mean simulated and observed streamflow at the outlet of 

sub-basins 119 and 244 are shown in Figure A.2. For outlet 119, the R2 values were 

0.66, 0.63, and 0.62 for SWAT, Auto-Irr and Well-Irr, respectively. All were greater than 

0.5, suggesting that all model setups could capture the streamflow variation 

satisfactorily for the northern section of the NHP. The NSE values increased from 0.13 

for the SWAT, to 0.55 and 0.51 for Auto-Irr and Well-Irr, respectively, in SWAT-

MODFLOW. For outlet 244, SWAT outperformed SWAT-MODFLOW with Auto-Irr 

and Well-Irr setups in terms of both R2 and NSE. Auto-Irr slightly outperformed Well-

Irr with an NSE of 0.53 vs. 0.51. Overall, at both locations, the SWAT-MODFLOW 

Auto-Irr (NSE = 0.53 and R2 = 0.6) simulation performed better than Well-Irr. 
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Table 2.2. Statistical parameters for SWAT and SWAT-MODFLOW simulated 

(uncalibrated) stream discharge for 1982–2008. 

 

We further used flow duration curves (FDC) to better understand the model’s 

capability to simulate the streamflow regime. Figure 2.5 displays the streamflow 

regime (i.e., high flow to low flow conditions at outlets 119 and 244). Although the R2 

and NSE values from the SWAT alone simulation at outlet 244 were greater than other 

coupled simulation results, it failed to capture the low flow regime at this site. The FDC 

analysis indicated that SWAT significantly underestimated the low flow regime at these 

two sites. The simplified representation of an aquifer in SWAT may have resulted in 

the rapid depletion of the aquifer water level when the aquifer was used as an irrigation 

source (Chen et al., 2018). This could have reduced the baseflow and hence resulted in 

the underestimation of low flow regimes. Meanwhile, the low flow regime simulated 

by the coupled SWAT-MODFLOW setups were closer to the observed conditions when 

compared with SWAT. However, both SWAT-MODFLOW setups underestimated the 

high to mid-range flow regime for outlet 119. In the case of outlet 244, both SWAT-

MODFLOW setups underestimated the entire flow regime. Among the coupled 

simulations, the largest underestimation of the low flow regime was found for Well-Irr. 

Overall, the performance of Auto-Irr for simulating stream discharge was the best 

Sub-basin Model Type Irrigation Type R2 NSE 

120 

SWAT Auto Irrigation 0.66 0.13 

SWAT-MODFLOW Auto Irrigation 0.63 0.55 

SWAT-MODFLOW MODFLOW Well 0.62 0.51 

244 

SWAT Auto Irrigation 0.76 0.75 

SWAT-MODFLOW Auto Irrigation 0.68 0.53 

SWAT-MODFLOW MODFLOW Well 0.68 0.51 
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among the coupled model setups. The SWAT-MODFLOW improved the R2 and NSE 

of streamflow in the northern section (i.e., sub-basin 119) of the NHP, demonstrating 

the positive influence of including a spatially variable groundwater system. In general, 

these results showed that SWAT-MODFLOW could simulate stream discharge at a 

large-scale watershed such as the NHP within the acceptable ranges based on model 

performance evaluation criteria.  

Figure 2.5. Simulated and observed flow duration curve at the outlets of U.S. Northern 

High Plains from 1982–2008. 

 

 



 

 

43 

 

2.3.1.4 Subbasin Evapotranspiration 

 

Figures 1.6a and A.3 show the Auto-Irr, Well-Irr and SWAT simulated mean 

annual ET for all the sub-basins in the NHP. The simulated monthly and annual ET in 

three model setups were similar. The model setup had negligible effects on ET. The 

simulated ET from Auto-Irr and MODIS ET (Figures A.3 and A.4) shows the spatial 

resemblance over the NHP with a west to east gradient, generally lower ET in western 

and northcentral sub-basins, and higher ET in the eastern sub-basins of the NHP 

(Figures 1.6a and A.4). The west–east gradient could be attributed to the west–east 

gradient in annual rainfall and irrigation distribution in the NHP. The average annual 

ET for the entire basin was found to be 512 mm and 376 mm for Auto-Irr and MODIS, 

respectively. The model estimated mean annual ET values for the NHP were 38% more 

than MODIS. The sub-basins with high ET in the east and south of the NHP coincided 

with the irrigated croplands which suggests that additional moisture from irrigation 

during the growing season facilitated the crop growth that could have contributed to 

higher ET in these regions. 

The R2 of mean monthly ET at the sub-basin scale (Figure 2.6b) predicted by 

the Auto-Irr ranged from 0.01 to 0.80. The model simulated monthly ET with a mean 

R2 of 0.54 and more than 70% of sub-basins had an R2 greater than 0.5. Overall, the 

model performance indicated that the Auto-Irr with default SWAT parameters could 

provide reasonable estimates of monthly variation in ET at the sub-basin level. 
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Figure 2.6. Sub-basin level (a) mean annual evapotranspiration simulated by Auto-Irr, 

and (b) R2 between Auto-Irr simulated and MODIS evapotranspiration on a monthly 

scale from 2000–2008. 

 

2.3.1.5 Crop Yield 

 

The NASS corn yield ranged from 5464 to 7820 kg/ha with an average of 6771 

kg/ha, and the soybean yield ranged from 1389 to 2157 kg/ha with an average of 1774 

kg/ha. The simulated corn yield shown in Figure 2.7 ranged from 3840 to 7927, and 

3837 to 7925 kg/ha with an average of 6080 and 6078 kg/ha for Auto-Irr and Well-Irr, 

respectively. The simulated soybean yield ranged from 802 to 2533 kg/ha and 802 to 

2532 kg/ha with an average of 1719 and 1717 kg/ha for Auto-Irr and Well-Irr, 

respectively. The small difference in simulated corn and soybean yield by Auto-Irr and 

Well-Irr showed that the crop yield was less sensitive to the choice of the irrigation 

scheme. The overall PBIAS values for corn and soybean were 10.21 and 3.13% for 

Auto-Irr, and 10.23 and 3.21% for Well-Irr. This indicates the good performance of the 

coupled model setups in simulating the corn and soybean yields.  
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Figure 2.7. Comparison between Auto-Irr simulated and NASS corn and soybean yield 

in the NHP. 

 

Given that the monthly stream discharge, groundwater level, annual 

groundwater pumping volume and corn and soybean yield simulated by the Auto-Irr 

were comparable with the observed values, and that the performance statistics indicated 

that the model could provide a reasonable characterization of the regional hydrological 

processes, Auto-Irr was used to assess the impact of water management practices in the 

NHP. 

2.3.2 Irrigation Impacts on Groundwater Recharge 

Groundwater recharge can be spatially variable depending on the vegetation, 

soil type, and climate. First, groundwater recharge over the NHP was examined under 

the current land and water management practices and then compared with a “no-

irrigation” scenario to understand the overall impact of irrigation on groundwater 

recharge. 

The spatial distribution of the long-term (1982–2008) mean annual recharge 

rate is displayed in Figure 2.8a. The mean annual recharge averaged across the NHP 

aquifer was 48.01 mm yr−1, close to the value of 48 mm yr−1 obtained by (Szilagyi et 
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al., 2005), a regional recharge study for Nebraska based on a simple water balance 

method. It was spatially variable with significant recharge around the north-central 

NHP (Sand Hills) and along the Platte and Elkhorn rivers. The recharge rate reached 

as high as 500 mm yr−1 in the Sand Hills and less than 0.5 mm yr−1 over the southern 

NHP and west of Sand Hills where precipitation is minimal and where the aquifer 

consists of clay soils. The elevated recharge rates in the northern part relative to the 

south of the NHP were associated with the soil properties which follow a gradient of 

high permeability in the north, to low permeability in the south (Smidt et al., 2016). 

The highly permeable sandy soils in Sand Hills reduce evapotranspiration and promote 

infiltration (Wang et al., 2009). The combination of low evapotranspiration and high 

infiltration rates over Sand Hills could explain the higher groundwater recharge rate. 

The spatial pattern of recharge was consistent with previously published studies (Smidt 

et al., 2016; Szilagyi et al., 2005; Zhang et al., 2016). A study by Zhang et al. (Zhang 

et al., 2016) used the Soil Water Balance (SWB) model to estimate the mean annual 

recharge for the period of 1950–2010 in the NHP that ranged from 0 to 499 mm yr−1, 

matching closely with the 0–500 mm yr−1 range estimated in this study.  
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Figure 2.8. Auto-Irr estimated long-term (1982–2008) average (a) mean annual 

recharge, and (b) difference in annual recharge between irrigation and no-irrigation 

scenarios. 

 

The spatial distribution of the difference in precipitation and ET (P-ET) in 

Figure 2.9a illustrates negative P-ET terms in the western and southern sub-basins. 

These sub-basins mostly corresponded with the areas of high irrigation demand 

dominated by irrigated crops (Figure 2.9b–d), low precipitation (Figure A.1), and low 

permeability of soils, which contributed to negligible recharge ~0 mm yr−1 (Figure 

2.8a) despite additional water from irrigation in the region. Meanwhile, we found that 

in the eastern part of the NHP which receives high precipitation, despite high irrigation 

demand, mean annual precipitation exceeded the mean annual ET, resulting in a 

relatively higher recharge rate in the eastern NHP than in the western and southern parts 

(Figure 2.8a). Our result was supported by the similar findings of Crosbie et al. (Crosbie 

et al., 2013), which identified the high recharge rate in eastern Nebraska which was 

linked with the irrigation and coarse-textured soils.  

Upon comparing the Auto-Irr and “no irrigation” scenarios from Figure 2.8b, 

we found that the regions with increased recharge overlapped the areas with irrigation 

wells. In irrigated areas, irrigation resulted in an overall increase in annual recharge 
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that could exceed 10 mm yr−1. The high recharge rates (>5 mm yr−1) as a result of 

irrigation were found along the Platte and Elkhorn rivers. The groundwater recharge 

change due to irrigation was relatively small (~3.6%) in the study region. The previous 

studies that evaluated the effect of irrigation on groundwater recharge within our study 

region reported similar results. A study by Zhang et al. (Zhang et al., 2016) also found 

the negligible impact of irrigation on groundwater recharge in the NHP.  

 Figure 2.9. Simulated mean annual (a) difference in precipitation and 

evapotranspiration, (b) corn irrigation volume, (c) soybean irrigation volume, and (d) 

winter wheat irrigation volume, at the subbasin level from 1982–2008. 

 

2.3.3 Irrigation Impacts on Surface-Groundwater Exchange 

A comparison of the change in surface and groundwater exchange indicated that 

intensive irrigation could have a significant influence on the river discharge. In the 
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absence of irrigation, on average there was an increase in groundwater discharge to all 

of the major rivers (Figure 2.10). Comparing the long-term annual average surface–

groundwater exchange rates between irrigated and non-irrigated scenarios (Table 1.3) 

shows that irrigation practices decreased the groundwater discharge by 1.60 to 9.66 

m3/s. The greatest decrease of 9.66 m3/s was found in the Platte River, followed by the 

Loup, Elkhorn, South Platte, Republican, Niobara, and North Platte rivers. These 

results indicated the significant effect of intensive irrigation on surface-groundwater 

exchange in the NHP, in good agreement with the Kustu et al. [13] finding that stream 

discharge was highly sensitive to irrigation pumping. 

 

Figure 2.10. Auto-Irr estimated differences in the long-term (1982–2008) mean annual 

surface–groundwater exchange between irrigated and non-irrigated scenarios. 
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Table 2.3. Long-term (1982–2008) mean annual surface–groundwater exchange in 

major rivers of the NHP, where negative values indicate groundwater discharge. 

 

2.3.4 Hydrological Responses to Irrigation 

A comparison of the effects of irrigation on the watershed scale water budget 

components (streamflow, groundwater recharge, and evapotranspiration) relative to the 

no-irrigation scenario over 1982–2008 for sub-basins overlaying the NHP aquifer is 

shown in Figure 2.11. The intensive irrigation in the region resulted in the largest 

impact on surface runoff (particularly during the growing season) and altered other 

water budget components. On the annual scale, as a result of irrigation, surface runoff 

increased 21.3%, groundwater infiltration increased 1.5%, soil water content increased 

2.5% and ET increased 4.0%, compared with the no-irrigation scenario. It can be 

inferred that additional water from irrigation slightly increased soil water content and 

infiltration, resulting in more groundwater recharge and evapotranspiration, as well as 

higher surface runoff. The significant increase in seasonal surface runoff (up to 67% in 

July) demonstrates the potential impacts on the aquatic ecological system in the NHP 

caused by intensive irrigation. 

Rivers 
Irrigation 

(m3/s) 

No-Irrigation 

(m3/s) 

Difference 

(m3/s) 

North Platte River −20.88 −22.48 1.60 

South Platte River 3.72 0.63 3.09 

Platte River −18.97 −28.63 9.66 

Loup River −64.05 −69.99 5.94 

Republican River −16.26 −19.09 2.83 

Elkhorn River −10.65 −14.77 4.12 

Niobara River −24.31 −26.67 2.35 
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 Figure 2.11. Long-term (1982–2008) seasonal hydrological processes analysis of U.S. 

Northern High Plains for irrigation scenario relative to no-irrigation scenario. 

 

2.3.5 Irrigation Impacts on Crop Water Productivity 

Figure 2.12 shows the changes in the average CWP (1982–2008) of corn and 

soybean, respectively, for the irrigation and no-irrigation scenarios. In the absence of 

irrigation, the CWP (corn and soybean) showed an upward west–east gradient, with 

lower values in the west and higher values in the east, which correlated with the 

precipitation distribution in the region (Figure A.1). This illustrates that the drier 

climate in the western sub-basins limited the crop yield. The simulated CWP for corn 

and soybean ranged from 0.39–1.8, and 0.01–0.39 kg/m3, respectively. With irrigation, 

the average CWP of corn and soybean increased by 27.2 and 23.8%, respectively, at 

the sub-basin level. Correspondingly, the simulated irrigated CWP for corn and 

soybean ranged from 0.39–1.9, and 0.01–0.44 kg/m3, respectively. Note that, the CWP 

increase in the eastern sub-basins under the irrigation scenario was minimal or closer 

to the no-irrigation scenario. The minimal CWP increase in the east of the NHP was 
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not a surprise as the water deficit under no-irrigation was minimal. Meanwhile, in the 

western and central sub-basins where the water deficit was large, we observed 

pronounced increases in CWP, which suggested that the additional water from 

irrigation significantly increased the crop yield in those dry regions. 

Figure 2.12. Simulated average annual values of crop water productivity for corn and 

soybean in the irrigation and no-irrigation scenarios. Gray shades represent regions 

without corn or soybean production. 

 

2.4 Discussions 

Caution should be used when interpreting the results from this study, which are 

subject to multiple caveats. For example, our model configuration assumes constant 

land use and land cover throughout the simulation period that presents difficulty in an 

accurate estimation of the irrigation demand and recharge rates. Additionally, the canal 
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seepage was not simulated, which adds to the uncertainty in the modeled recharge rates. 

Therefore, further studies to allow dynamic land-use change and better representation 

of canal irrigation systems are needed.  

Note that in our model evaluation and application, we did not apply automatic 

parameter calibration algorithms to adjust numerous parameters within the model. We 

made this choice for two reasons. First, the SWAT model was originally developed to 

operate in large-scale ungauged watersheds with minimal calibration efforts (Arnold et 

al., 1998), and Zhang et al. (Zhang et al., 2013b) and Arnold et al. (Arnold et al., 2015) 

noted that parameter calibration in many cases could not guarantee high fidelity of 

modeling results. Second, automatic optimization algorithms often require a large 

amount of resources and long times to identify globally optimal parameter solutions for 

complex hydrologic models such as SWAT (Zhang et al., 2009b), which is currently 

not affordable, as running SWAT-MODFLOW once for the NHP takes multiple days. 

As such, to ensure an objective comparison between different models, we used default 

model parameters or derived parameters from literature instead of intensively 

calibrating numerous parameters of SWAT-MODFLOW. In the future, further 

modifications of SWAT-MODFLOW are needed to assess the applicability of parallel 

processing for drastically reducing the computational resources needed to run the 

coupled model, thereby allowing for numerous model runs and understanding 

uncertainties associated with parameters and input data. 
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2.5 Summary and Conclusions 

In this study, we conducted modification and evaluation of the SWAT-

MODFLOW model’s irrigation modules for improved representation of irrigation 

practices and the exchange of water fluxes in the U.S. Northern High Plains (NHP) 

aquifer. We found that SWAT-MODFLOW with irrigation based on auto-irrigation 

scheduling, triggered by plant water stress (Auto-Irr), attained better performance than 

SWAT-MODFLOW with prescribed irrigation based on well pumping rates in 

MODFLOW (Well-Irr) in terms of groundwater level, streamflow, and ET, and was 

capable of explicitly representing groundwater level change as compared with the 

original SWAT model. Therefore, Auto-Irr was used to quantify and understand 

hydrologic and agronomic impacts of the intensive irrigation practices in the NHP. 

The results showed that the groundwater recharge rate and groundwater level 

changes in the NHP were spatially variable and were all substantially impacted by 

irrigation practices. A comparison of Auto-Irr results with “no-irrigation” scenarios 

showed that intensive irrigation in the region had a significant impact on the 

groundwater levels and crop water productivity, but only exerted a modest effect on 

groundwater recharge, except in the region with dense irrigation wells.  

The irrigation-caused changes in groundwater systems also translated into 

alterations in other hydrological processes, including streamflow, evapotranspiration 

(ET), soil moisture, and groundwater recharge. In general, the impact of irrigation 

slightly altered soil moisture, and groundwater recharge, but significantly modified ET 

and streamflow regimes in the NHP, particularly during the growing season. For 

example, on the annual scale, as a result of irrigation, ET and surface runoff increased 
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by 4.0% and 21.3%, respectively. During July, irrigation practices increased ET by 

9.9% and surface runoff by 67.1%. Such large changes in surface runoff resulting from 

irrigation are expected to have significant impacts on aquatic ecosystems, which 

deserves further research in the future. Irrigation in the NHP also significantly 

increased corn and soybean yields and their crop water productivity (CPW). With 

irrigation, the average CWP of corn and soybean increased by 27.2 and 23.8%.  

Overall, historical irrigation in the NHP greatly benefited crop productivity and 

caused pronounced modifications to the groundwater systems and other hydrological 

processes. Particularly, the decline in groundwater level raises concerns for future 

sustainable irrigation in the face of a warming climate; and significant alterations in 

streamflow during the growing season indicate that future design of sustainable 

irrigation practices should consider downstream aquatic ecosystems impacts. We 

anticipate that the exercises conducted here help to increase the understanding of the 

hydrological and agronomic impacts of historical irrigation and provide support for 

future efforts to enhance agroecosystem sustainability in the NHP and other regions 

facing water shortage challenges. 
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2 

 

Chapter 3: Multivariate Calibration of the SWAT Model 

using Remotely Sensed Datasets 
 

Materials presented in this chapter have been published in the journal Remote 

Sensing as Dangol et al. (2023) 

 

3.1 Introduction 

The conventional approach to calibrating hydrologic models often involves 

using streamflow data from hydrologic gauges to obtain the optimum values of model 

parameters for improved model performance (Herman et al., 2018; Parajuli et al., 

2018). However, relying solely on streamflow data to constrain hydrologic model 

performances can result in the poor simulation of other hydrologic components such as 

evapotranspiration and soil moisture. In addition, streamflow data may not be readily 

available for a study region and time of interest due to the high cost and the 

discontinuity of hydrologic gauge operation. Due to these limitations, when a 

hydrologic model is calibrated against streamflow data available at the watershed 

outlet, the simulated hydrologic processes (e.g., streamflow, soil moisture, and ET) 

within the watershed can be subject to large uncertainties (Qi et al., 2020b; Zhang et 

al., 2013a). 

Remotely sensed data can provide crucial information about the dynamics of 

the water budget (Paul et al., 2021; Senay et al., 2016; Sheffield et al., 2018; Yang et 

al., 2014). As such, the hydrologic calibration process can benefit from the inclusion 

                                                 
Dangol, S., Zhang, X., Liang, X.-Z., Anderson, M., Crow, W., Lee, S., Moglen, G.E., McCarty, G.W. 

Multivariate Calibration of the SWAT Model Using Remotely Sensed Datasets. Remote Sens. 2023, 15, 

2417. https://doi.org/10.3390/rs15092417 
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of remotely sensed soil moisture (Li et al., 2018) and ET (Lee et al., 2022, 2021) data, 

in addition to traditionally used streamflow measurements, to capture the 

spatiotemporal distribution of the water budget components (Bastiaanssen et al., 1998; 

Immerzeel and Droogers, 2008; Parajuli et al., 2018), particularly in arid/semi-arid 

watersheds with regulated water resources systems, where evapotranspiration (ET) and 

soil moisture content play an important role in determining groundwater recharge and 

irrigation water requirements (Sheffield et al., 2018; Wu et al., 2015). 

Among the numerous agrohydrologic models, the Soil and Water Assessment 

Tool (SWAT) (Arnold et al., 1998) is a representative model that has been widely used 

for watershed management and water quality studies in agricultural watersheds. To 

improve the reliability of the SWAT simulations in both gauged and ungauged 

watersheds, satellite-based data products that represent land surface dynamics (such as 

leaf area index) and water budget components (such as ET and soil moisture) have 

proven to be useful (Choudhary and Athira, 2021; Kundu et al., 2017; Myers et al., 

2021; Rajib et al., 2020, 2016; Shah et al., 2021). Many studies have used remotely 

sensed data, and ET (Herman et al., 2018; Lee et al., 2022; Parajuli et al., 2018; Rajib 

et al., 2018; G. Zhang et al., 2020) or soil moisture (Choudhary and Athira, 2021; 

Kundu et al., 2017; Rajib et al., 2016) in particular, in conjunction with streamflow 

data to constrain the complex land–vegetation–atmosphere interaction in hydrologic 

models. These efforts aid in model parameter estimation and help improve model 

performance in capturing the spatial and temporal distribution of the water budget 

components cycle. 
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For example, Parajuli et al. (2018) used Moderate Resolution Imaging 

Spectroradiometer (MODIS) ET to evaluate if calibration using remotely sensed ET in 

combination with streamflow improves the streamflow simulation. Their findings 

suggested that multivariable calibration using remotely sensed data improved ET 

estimation, but the improvement in streamflow estimation was negligible. Rajib et al. 

(2018) found that multivariable calibration of streamflow and MODIS ET allows for 

the optimization of model biophysical parameters that improve the representation of 

vegetation dynamics and effectively reproduced both water and energy balance 

components. Lee et al. (2022) used Atmosphere–Land Exchange Inverse (ALEXI) ET 

in conjunction with streamflow and crop yield for multivariable calibration and 

demonstrated that the use of multiple constraints during model calibration helps reduce 

the model predictive uncertainty by minimizing the number of acceptable parameter 

sets. 

Similar findings have been reported when the hydrologic models were 

calibrated using streamflow and soil moisture. For instance, Choudhary and Athira 

(2021) used streamflow and soil moisture together to calibrate the SWAT model. They 

found that calibration with streamflow data alone resulted in poor simulation of soil 

moisture and significantly different ET simulation compared to the calibration with 

streamflow and soil moisture together. They showed that constraining the simulated 

soil moisture slightly improved the baseflow simulation but the trade-off between 

surface runoff and soil moisture did not significantly improve the overall streamflow 

simulation. Rajib et al. (2016) found that calibration with streamflow data alone 

resulted in considerable uncertainty in soil moisture simulation, while inclusion of root 
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zone soil moisture improved soil moisture simulation, reduced model uncertainty 

range, and significantly improved streamflow simulation. 

Nevertheless, many issues exist with multivariable calibration and constraining 

the SWAT model with remotely sensed data. First, although the remotely sensed ET 

datasets are validated with measured data, their accuracy is subject to uncertainties in 

inputs (to algorithms deriving remotely sensed ET), temporal and spatial scaling, and 

coverage (Karimi and Bastiaanssen, 2015; Pan et al., 2020; Velpuri et al., 2013) that 

may cause hydrologic models to produce less accurate results for other components of 

the hydrologic cycle (e.g., soil moisture, baseflow, and groundwater discharge). With 

the continuous advancement in satellite technology and consistent global monitoring, 

multiple remotely sensed data products for evapotranspiration and soil moisture are 

becoming widely available (Dembélé et al., 2020; López et al., 2017). Notably, 

remotely sensed ET products differ from each other in terms of the algorithms used to 

derive the ET values and their capability to provide accurate estimates of ET in a region 

of interest. Second, a multivariable calibration approach can lead to complications due 

to trade-offs among model responses (Sirisena et al., 2020; Yapo et al., 1998). For 

example, the model parametrization can cause the predicted variable, e.g., streamflow, 

to be closer to the measured values at the cost of other components of the hydrologic 

processes such as ET, soil moisture, and groundwater discharge. 

In addition, the structure or configuration of a hydrologic model can influence 

the model’s performance, calibrated parameter values, and response to different inputs 

(Zhang et al., 2011b, 2009a). Another strategy increasingly adopted in the SWAT 

modeling community to improve model performance consists of model modification 
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to replace simplified empirical algorithms with physically based modules/algorithms 

that better represent physical processes such as plant growth (Strauch and Volk, 2013), 

soil organic carbon, nitrogen cycling (Yang and Zhang, 2016; Zhang et al., 2013b), and 

soil moisture content and temperature (Qi et al., 2016). For example, Qi et al. (2020b) 

and Wang et al. (2020) showed that modification of the SWAT model’s 

biogeochemical and energy balance algorithms can influence the SWAT model-

simulated hydrologic budgets and their responses to climate change. 

Given the above knowledge gaps identified based on the literature review, we 

aim to provide insights into the following scientific questions: (1) Does the use of 

different remotely sensed ET and soil moisture products in addition to streamflow data 

help improve the performance of a calibrated hydrologic model? (2) Does the choice 

of different remotely sensed ET products for model calibration influence model 

performance? (3) Do variations in model structure influence model performance under 

multivariate calibration? The remote sensing datasets and hydrologic model are both 

open-access to the community. The results from this study are expected to help the 

hydrologic modeling community to better understand the strengths and caveats of using 

remotely sensed datasets, thereby designing more robust strategies for improving 

hydrologic modeling. 

3.2 Materials and Methods 

3.2.1 Study Area 

The 6909 km2 Little Blue River Watershed (LBRW), located in the Midwest of 

the USA, spans Nebraska and Kansas (Figure 3.1). The LBRW is an intensively 
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irrigated agricultural watershed, with agricultural land (69.5%) as the dominant land 

cover category, followed by pastureland (28.8%) and forest (1.6%). The LBRW is part 

of the large High Plains Aquifer, where most of the agricultural irrigation is from 

groundwater. From 1985 to 2015, the annual irrigation water use in the watershed 

increased from 105 × 106 to 141 × 106 m3 (Dieter et al., 2018). The watershed receives 

about 815 mm of rainfall annually with almost 65% of annual rainfall occurring in 

May–September (Dangol et al., 2022). The basin is primarily composed of silt loam 

and silt clay loam soils that have a large water-holding capacity and are relatively 

impermeable; hence, the groundwater recharge is a small fraction of the annual 

precipitation (Alley and Emery, 1986). The intensive use of groundwater for irrigation 

has significantly affected the water quantity in the study area. Moreover, agricultural 

activities have aggravated the water quality issues in the watershed (Barnes and Kalita, 

2001; Helgesen, 1996). The hydrologic processes in the LRBW are complex, with 

substantial surface water and groundwater interaction (Helgesen, 1996), which is 

influenced by factors such as surface runoff, infiltration, and evapotranspiration. Given 

these conditions, water conservation is of utmost importance in the LBRW. 
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 Figure 3.1. Location and elevation map for the 6909 km2 Little Blue River Watershed. 

 

3.2.2 Hydrologic Models 

3.2.2.1 SWAT Model Description 
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The SWAT model is a physically based model that simulates hydrologic 

processes by dividing the watershed into subbasins which are further divided into 

hydrologic response units (HRU). The HRU represents a unique combination of 

homogenous land use, soil class, and slope (Neitsch et al., 2011). The surface runoff is 

simulated using the Natural Resources Conservation Service (NRCS) curve number 

method, and the flow of water within the soil profile is simulated using a simple tipping 

bucket approach (Neitsch et al., 2011). This simplified soil moisture model has been 

widely tested in several studies (Li et al., 2010; Uniyal et al., 2017). SWAT simulates 

the land phase of the hydrologic cycle based on the water balance equation (Neitsch et 

al., 2011): 

 𝑆𝑊𝑡  =  𝑆𝑊𝜊  +  ∑ (𝑅𝑑𝑎𝑦  −  𝑄𝑠𝑢𝑟𝑓  −  𝐸𝑎  −  𝑊𝑠𝑒𝑒𝑝  −  𝑄𝑔𝑤)
𝑡
𝑖=1 ,  

(1) 

where SWt is the soil water content (mm); SWο is the initial soil water content (mm); 

Qsurf is the surface runoff (mm); Rday is the precipitation (mm); Ea is the 

evapotranspiration (mm); Wseep is the percolation (mm) from the soil profile; Qgw is the 

return flow (mm); and t is the time (days). 

Evapotranspiration was calculated in SWAT using the Penman–Monteith 

method. The Penman–Monteith method (Monteith, 1965) uses solar radiation, air 

temperature, relative humidity, and wind speed to estimate the ET. 

 

3.2.2.2 SWAT-C 

 

To understand the extent to which changes in model structure/configuration can 

influence multivariate calibration results, we compared the SWAT-Carbon (SWAT-C) 

model with the SWAT model. SWAT-C employs the CENTURY (Parton et al., 1994)-
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based soil organic matter and residue, which are modeled using five different pools 

(Liang et al., 2022; Yang and Zhang, 2016; Zhang, 2018; Zhang et al., 2013b). SWAT-

C incorporates more detailed biochemical properties and environmental factors to 

simulate the soil organic matter residue dynamics considering both C and N cycling 

(Zhang et al., 2013b). In addition, the energy balance algorithms in SWAT-C are based 

on physically based equations, instead of empirical equations that link air temperature 

with soil temperature (Qi et al., 2021). These changes have resulted in substantial 

changes in hydrologic modeling as compared with the standard SWAT2012 (Qi et al., 

2020b; Wang et al., 2021, 2020). SWAT-C has been successfully evaluated at the field 

scale (Yang and Zhang, 2016; Zhang et al., 2013b) and watershed scale (Qi et al., 

2020b) in the US Midwest. Therefore, here we use both SWAT and SWAT-C to 

examine the responses of hydrologic modeling to the different strategies of using 

remotely sensed ET and soil moisture products. 

 

3.2.3 Model Setup 

The SWAT model for LBRW was configured using multiple geospatial datasets 

(Table 3.1 and Figure 3.2). The land use information from the Cropland Data Layer 

(CDL) 2008 (USDA NASS Cropland Data Layer, 2008) was overlaid with the MODIS 

irrigated land layer 2007 (Pervez and Brown, 2010a) to generate a land use map with 

cropland separated into irrigated and dry cropland. Soil data were derived from the 

State Soil Geographic (STATSGO) dataset. The thresholds of 5% for land use and 10% 

for soil class were used during the HRU generation. Here, the threshold is applied 

sequentially to land use and soil class. The land use covering less than 5% of the 
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subbasin is removed and its area is redistributed among the remaining land use in the 

subbasin. Next, if the area of soil class within a land use is less than 10%, it is removed 

and redistributed to remaining soil class in that land use (Her et al., 2015). The SWAT 

model created using this threshold approach had 244 HRUs. This approach facilitated 

the removal of minor land uses and soil class in each subbasin and thereby obtained 

more computational efficiency without affecting the model performance. The crop 

management operations, planting, and harvesting, were based on USDA-NASS 

(USDA-NASS, 2010), and fertilizer application was based on Woznicki and 

Nejadhashemi, (2012), Ferguson et al. (2006), and Van Liew et al. (2012) for corn, 

soybean, and winter wheat, respectively. The irrigation operation was set up based on 

Dangol et al. (Dangol et al., 2022). The SWAT auto-irrigation module was used, with 

plant water stress based irrigation scheduling to trigger irrigation, which was shown to 

reasonably capture regional agricultural irrigation amount in the Northern High Plains 

aquifer. Meteorological data (precipitation, minimum and maximum temperature, 

relative humidity, wind speed, solar radiation) used to drive the SWAT model were 

obtained from the North American Regional Reanalysis (NARR) database (Mesinger 

et al., 2006b). 
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 Figure 3.2. Land use, soil property, and slope class map for Little Blue River 

Watershed. 
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Table 3.1. Geospatial and climate data used to set up SWAT model. 

Data Resolution Source 

Weather  0.3° × 0.3° NARR (Mesinger et al., 2006b) 

Digital Elevation Model (DEM) 90 m × 90 m 
Shuttle Radar Topography Mission (SRTM) 

(Jarvis et al., 2008b) 

Land Use 30 m × 30 m USDA NASS Cropland Data Layer (2008) 

MODIS Irrigated Land 250 m × 250 m Pervez and Brown (2010a) 

Soil Property 1:250,000 STATSGO (USDA-NRCS, 1994b)  

 

 

3.2.4 Remotely Sensed Evapotranspiration and Soil Moisture Content Data Products 

To evaluate the impact of remotely sensed ET and soil moisture products on the 

model performance following the multivariable calibration, two ET datasets, MODIS 

and ALEXI, and a recently developed soil moisture dataset, Soil MERGE (SMERGE), 

were considered (Table 3.2). 

Table 3.2. SWAT calibration input summary. 

Data Resolution Source 

MODIS Evapotranspiration 500 m × 500 m Running et al. (2019) 

ALEXI Evapotranspiration 4 km × 4 km Anderson (1997) 

SMERGE 40 cm volumetric soil moisture content 0.125° × 0.125° Crow and Tobin (2018) 

 

A brief description of these three remotely sensed datasets is provided as 

follows. 

 

3.2.4.1 MODIS Evapotranspiration 

 

The MODIS ET is an open-source global dataset widely used in hydrologic 

modeling because of its good spatiotemporal resolution, well-documented assessment, 

and validation over North America (Lin et al., 2018; Mu et al., 2013, 2011). The 

MODIS ET algorithm is based on the Penman–Monteith equation (Monteith, 1965), 
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which considers surface energy partitioning processes and atmospheric drivers of ET. 

In this study, the monthly ET values were derived for each of the seven subbasins in 

watershed by spatially aggregating the 8-day total 500 m gridded ET data from MODIS 

(MOD16A2) for the period of 2001 to 2016. All MODIS pixels within each subbasin 

were averaged to produce ET average values. 

 

3.2.4.2 ALEXI Evapotranspiration 

 

The ALEXI model (Anderson, 1997) utilizes the two-source land surface 

algorithm to partition ET into canopy transpiration and soil evaporation components, 

to compute daily fluxes of ET at the 4 km resolution. The ALEXI ET products have 

been evaluated and validated against observed data using a Landsat/MODIS-based 

downscaling algorithm called DisALEXI (Norman et al., 2003) over a wide range of 

climatic conditions in North America (Anderson et al., 2011; Yang et al., 2018). In this 

study, daily 4-km gridded ALEXI ET was spatially aggregated into monthly values for 

each of the seven subbasins for the period of 2001 to 2016. 

 

3.2.4.3 SMERGE Volumetric Soil Moisture Content 

 

As discussed earlier, the multivariable calibration approach that targets 

streamflow and ET does not necessarily improve the estimation of other hydrologic 

processes such as soil moisture content. Soil moisture content has a significant impact 

on irrigation requirements and crop productivity. However, most multivariable 

calibration studies with streamflow and ET as target variables do not report the impact 

on soil moisture content. In this study, we used the SMERGE volumetric soil moisture 
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dataset (0–40 cm) (Crow and Tobin, 2018; Tobin et al., 2017) to understand the effect 

of multivariable calibration on the simulation of the soil moisture content. The 

SMERGE daily soil moisture data are developed by combining the North American 

Land Data Assimilation System land surface model output with surface satellite 

retrievals from the European Space Agency Climate Change Initiative. The SMERGE 

dataset has been validated against the in situ measurements in the conterminous United 

States (Tobin et al., 2019). The SMERGE volumetric soil moisture content (m3/m3) is 

converted into depth units (mm) by multiplying it with soil moisture depth (400 mm) 

for comparison with the soil moisture estimates from the SWAT model. 

3.2.5 Model Calibration and Evaluation 

The SWAT model was run from 1998 to 2016 with three years of warm-up 

period (1998–2000) (Zhang et al., 2008) calibrated at a monthly time step for the period 

of 2001–2008, and validated for the period of 2009–2016. The model calibration was 

performed in two steps (Feng et al., 2018): first, the fractional potential heat units for 

planting and harvest dates for corn and soybean were adjusted to ensure the model-

simulated planting and harvest dates aligned with the dates provided by USDA (USDA-

NASS, 2010); second, the model was calibrated against different combinations of 

streamflow and the remotely sensed dataset (ET and soil moisture) simultaneously. 

Streamflow data for model calibration were obtained for USGS streamgage station 

06884025 (Figure 3.1). 

Model sensitivity analysis and calibration were performed using the Sequential 

Uncertainty Fitting algorithm version 2 (SUFI-2) procedure in SWAT-CUP (Moriasi 

et al., 2007) (Figure 3.3). Model parameters based on the existing literature were 
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selected for sensitivity analysis. Using global sensitivity in SUFI-2, the most sensitive 

parameters (p-value < 0.1) were selected and adjusted during the calibration process 

for each calibration setup (Table 3.3). The multivariable calibration approach that has 

been shown to improve the ET calibration while maintaining the streamflow calibration 

(Herman et al., 2018) was selected for this study. A total of nine simulations were run 

using different combinations of observed MODIS ET, ALEXI ET, SMERGE soil 

moisture, and streamflow data for multivariable calibration including simulations for 

streamflow only, ET only, and soil moisture only calibration (Table 3.3). 

Table 3.3. Calibrated SWAT model parameters under different calibration setups. 

Parameters Unit 

Benchmark 

(Streamflo

w Only) 

MODIS 

Only 

ALEXI 

Only 

SMERGE 

Only 

Streamflow 

+ MODIS 

Streamflow 

+ ALEXI 

Streamflow 

+ 

SMERGE 

Streamflow 

+ 

SMERGE 

+ MODIS 

Streamflow 

+ 

SMERGE 

+ ALEXI 

r_CN2 * 
−0.004  

(−17.49) 

0.188 

(47.71) 

−0.122  

(−35.42) 

−0.149  

(−56.73) 

0.0035  

(−14.06) 

−0.004 

(−18.57) 

−0.008 

(−19.50) 

−0.0003 

(−16.35) 

−0.025 

(−20.44) 

v_EPCO * 
0.946  

(1.68) 

0.904  

(−3.01) 

0.813 

 (2.26) 

0.982  

(3.38) 

0.773  

(1.50) 

0.862 

(1.72) 

0.929 

(1.78) 

0.816 

(1.62) 

0.982 

(−1.81) 

a_GWQMN mm 
−250.75  

(−1.58) 

−486.25 

(1.66) 

329.25  

(−1.74) 
− 

373.25  

(−1.54) 

−58.75 

(−1.60) 

−210.75 

(−1.55) 

399.75 

(−1.51) 

−434.5 

(−1.57) 

r_SOL_AWC 
mmH2O/m

m soil 

0.137  

(−0.81) 

−0.047  

(−10.82) 

0.067  

(4.71) 

0.282 

(60.84) 

−0.174  

(−2.02) 
− 

0.129 

(1.88) 

0.088 

(0.93) 

0.233 

(2.03) 

v_FFCB * 
0.441  

(0.88) 
− − − 

0.128  

(0.80) 

0.505 

(0.91) 

0.243 

(0.85) 

0.571 

(0.77) 

0.282 

(0.88) 

v_SURLAG days 
8.122  

(−0.81) 
− − − 

3.863  

(0.68) 

6.483 

(0.67) 
− − − 

v_REVAPMN mm 
100.133  

(−0.81) 

0.135  

(−2.43) 

59.384 

(3.40) 

247.38  

(−3.09) 

236.63  

(−1.14) 
− 

218.13 

(−0.92) 

366.38 

(−1.25) 

174.256 

(−0.71) 

r_SOL_BD Mg/m3 
−0.290  

(−0.92) 

0.058  

(5.56) 
− 

0.217  

(−3.98) 
− 

0.105 

(−0.92) 

−0.004 

(−1.07) 
− 

0.249 

(−1.06) 

v_ESCO * − 
0.973 

(29.75) 
0.931 (2.04) − 

0.948  

(2.86) 
− − 

0.989 

(2.77) 
− 

v_GW_REVAP * 
0.023  

(−0.90) 

0.163  

(5.24) 

0.022  

(−4.63) 
0.143 (2.56) − 

0.037 

(−1.11) 

0.029 

(−0.77) 
− 

0.021 

(−0.97) 

v_SLSOIL m − 
29.21  

(−2.14) 
− − − − − − − 

Note: r, v, and a represent the relative, replacement, and absolute changes in model 

parameters, respectively. “−” indicates that the parameter is not sensitive for model 

configuration and is not included in the model calibration; “*” indicates unitless 

parameters. The numbers inside the bracket represent the t-stat. The benchmark setup 

uses streamflow only. The other calibration setups used streamflow plus one or two 

more remote sensing products. 



 

 

71 

 

 Figure 3.3. Flowchart showing the multivariable calibration and validation approach. 

Each set of variables used for multivariable calibration are shown in calibration inputs. 

 

The Kling–Gupta Efficiency criterion (KGE) (Gupta et al., 2009) is used as the 

objective function for the multivariable calibration with equal weights assigned to each 

variable. For multivariable calibration, the aggregated value (KGE’) of KGE is 

calculated as follows: 

 𝐾𝐺𝐸′  =  𝑤𝑄 × 𝐾𝐺𝐸𝑄  +  ∑ 𝑤𝐸𝑇,𝑗 × 𝐾𝐺𝐸𝐸𝑇𝑗
𝑛
j = 1  +  ∑ 𝑤𝑆𝑀,𝑗 × 𝐾𝐺𝐸𝑆𝑀𝑗

𝑛
j = 1  (1) 

𝑤𝑄  +  ∑ 𝑤𝐸𝑇,𝑗
𝑛
j = 1  +  ∑ 𝑤𝑆𝑀,𝑗 

𝑛
j = 1  =  1      (2) 

𝑤𝑄  =  ∑ 𝑤𝐸𝑇,𝑗
𝑛
j = 1  =  ∑ 𝑤𝑆𝑀,𝑗 

𝑛
j = 1        (3) 

Where, subscript Q, ET, and SM indicate streamflow, evapotranspiration, and 

soil moisture; 𝑤𝑄 is the weight assigned to the objective variable of streamflow; 𝑤𝐸𝑇,𝑗 
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and 𝑤𝑆𝑀,𝑗 are the weights assigned to the objective variable of ET and soil moisture for 

subbasin j, where equal weights are assigned to each subbasin. This approach accounts 

for the spatial heterogeneity of ET and soil moisture in the watershed. The KGE for 

each variable is calculated as follows: 

𝐾𝐺𝐸 = 1 − √(𝑟 −  1)2  −  (
𝜎𝑠
𝜎𝑜
 −  1)

2

 −  (
𝜇𝑠
𝜇𝑜
 −  1)

2

  
(2) 

where r is the Pearson correlation coefficient; σ and μ are the standard deviation 

and mean of the variables, respectively; and the subscripts s and o indicate simulation 

and observation, respectively. KGE takes into account the variability, bias, and 

correlation between the observed and simulated values. KGE values range from −∞ to 

1, with values closer to 1 indicating better model performance. 

In addition, Nash–Sutcliffe efficiency (NSE) (Nash and Sutcliffe, 1970) and 

percent bias (PBIAS) are used to further assess the performance of streamflow and ET 

modeling results. The NSE and PBIAS are calculated as follows: 

 𝑁𝑆𝐸 = 1 − 
√∑ (𝑄0

𝑛  −  𝑄𝑠
𝑛)2𝑁

𝑛

√∑ (𝑄0
𝑛  −  𝑄𝑜̅̅̅̅ )

2𝑁
𝑛

 
(3) 

𝑃𝐵𝐼𝐴𝑆 =
∑ (𝑄0

𝑛 − 𝑄𝑠
𝑛)𝑁

𝑛

∑ 𝑄0
𝑛𝑁

𝑛
× 100, 

(4) 

where 𝑄0
𝑛 and 𝑄𝑠

𝑛 are the nth observed and simulated value, respectively; 𝑄𝑜̅̅̅̅  is 

the mean of observations; and N is the total number of time steps. The NSE represents 

the match between observed and simulated value. The NSE ranges from −∞ to 1, with 

1 indicating perfect agreement. PBIAS represents the bias of the model. Positive values 

of PBIAS indicate underestimation and negative value indicate overestimation by the 
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model. According to Moriasi et al. (2007), the model performance is considered to be 

satisfactory if NSE ≥ 0.5 and PBIAS is within ±25%. 

3.3 Results 

3.3.1 Sensitive Parameters Resulting from Different Multivariable Calibration Setups 

The sensitive parameters and the calibrated values for each of the six calibration 

approaches are listed in Table 3.3. Sensitivity analysis reveals that eight out of the 

eleven parameters, in general, are important to all multivariable calibration approaches. 

SOL_AWC is an important soil property that determines the field capacity of the soil. 

A higher value of SOL_AWC increases the water-holding capacity of soil resulting in 

reduced surface runoff, lateral flow, and percolation. GWQMN determines the shallow 

aquifer discharge to the stream. Lower values of GWQMN increase the baseflow. 

EPCO controls plant water uptake from soil by modifying the depth distribution of 

uptake in the soil profile. Higher values of EPCO (when SMERGE is used) allow more 

of the plant water demand to be met from lower soil layers, increasing the 

evapotranspiration and reducing the surface runoff, groundwater recharge, and lateral 

flow. Overall, multivariable calibration tends to increase baseflow and reduce surface 

runoff, lateral flow, and percolation in SWAT, and to improve the streamflow, ET, and 

soil moisture simulation. 

3.3.2 Impact of Multi-Variable Model Evaluation on Model Calbiration and 

Performance 

The conventional SWAT model calibration approach that utilizes streamflow 

to optimize model parameters is considered here as the single-variable or benchmark 
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calibration scenario. Figure 3.4 shows the SWAT-simulated monthly streamflow and 

ET for calibration and validation periods when calibrated with different combinations 

of streamflow, soil moisture, and ET datasets. Model calibration and validation using 

combinations of multiple calibration variables were also conducted, and their results 

are summarized in Table 3.4. In the following, we present the results from the use of 

different variables for model calibration. 

Benchmark calibration (i.e., streamflow only) resulted in satisfactory 

performance of streamflow and ET for SWAT in the calibration period (Table 3.4). The 

PBIAS values for streamflow were within ±10% in the calibration period but 

deteriorated significantly to 43.3% in the validation period. This shows that model 

parameter adjustment for streamflow simulation during calibration did not successfully 

optimize the model performance for SWAT for the validation period. The NSE and 

KGE values for ET were > 0.8 for SWAT in calibration and validation periods. SWAT-

simulated soil moisture produced KGE > 0.5 but did not meet the performance criteria 

for the NSE value (<0.5) in both calibration and validation periods. 
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Figure 3.4. Comparison of observed and simulated monthly streamflow (a) and 

evapotranspiration (b) in the Little Blue River Watershed. 

 

Table 3.4. Model calibration (Cal) and validation (Val) results for setups with different 

combinations of streamflow, ET, and soil moisture. 

Calibration Setups Performance Metrics  
NSE KGE PBIAS 

Cal Val Cal Val Cal Val 

Benchmark (Streamflow only) 

Streamflow 0.56 0.72 0.78 0.55 4.48 43.31 

ALEXI ET 0.85 0.79 0.88 0.83 0.25 3.03 

Soil moisture 0.05 −0.28 0.69 0.65 7.02 10.96 

Average 0.49 0.41 0.78 0.68 3.92 19.10 

ALEXI ET only 

Streamflow 0.19 0.44 0.17 0.13 56.07 69.31 

ALEXI ET 0.86 0.81 0.88 0.85 −0.30 1.86 

Soil moisture 0.19 0.22 0.71 0.66 −3.90 −1.37 

Average 0.41 0.49 0.59 0.55 17.29 23.27 

SMERGE only 

Streamflow −0.22 0.20 −0.13 −0.11 81.47 86.48 

ALEXI ET 0.85 0.81 0.89 0.86 0.21 1.34 

Soil moisture 0.44 0.37 0.74 0.73 1.71 5.12 

Average 0.36 0.46 0.50 0.49 27.80 30.98 

Streamflow + ALEXI ET 
Streamflow 0.53 0.75 0.77 0.63 2.82 35.52 

ALEXI ET 0.86 0.81 0.87 0.83 3.57 4.38 
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Soil moisture 0.00 0.03 0.63 0.59 −6.71 −5.40 

Average 0.46 0.53 0.76 0.68 −0.11 11.50 

Streamflow + SMERGE 

Streamflow 0.52 0.72 0.78 0.56 5.22 42.12 

ALEXI ET 0.86 0.80 0.88 0.83 1.48 3.71 

Soil moisture −0.01 0.12 0.69 0.66 −7.11 −4.48 

Average 0.46 0.55 0.78 0.68 −0.14 13.78 

Streamflow + ALEXI ET + 

SMERGE 

Streamflow 0.53 0.71 0.77 0.53 2.32 44.97 

ALEXI ET 0.86 0.80 0.89 0.83 0.49 3.15 

Soil moisture 0.22 0.24 0.71 0.67 −2.91 0.14 

Average 0.54 0.58 0.79 0.68 −0.03 16.09 

Note: Benchmark setup represents model calibration with streamflow only. Other 

setups include streamflow and additional one or two calibration variables. The 

aggregate performance metrics are the average of the metrics for streamflow, ALEXI 

ET, MODIS ET, and soil moisture. 

 

ALEXI ET-only calibration resulted in a modest improvement in ET, while the 

performance of soil moisture improved significantly at the expense of the performance 

of streamflow when compared to benchmark simulation in the calibration and 

validation periods. The NSE value for soil moisture increased from 0.05 to 0.19 and 

−0.28 to 0.22 during the calibration and validation periods, respectively. However, the 

model performance for streamflow deteriorated and did not meet the performance 

criteria for NSE (<0.5) and KGE (<0.5) values in both calibration and validation 

periods. 

Soil moisture-only calibration significantly improved the performance of soil 

moisture, while the performance of streamflow worsened compared to the benchmark 

and ALEXI ET only setups in both calibration and validation periods. The performance 

of ET was similar to that obtained for benchmark simulation in the calibration period 

with modest improvement in the validation period. 

When calibrated with streamflow and ET simultaneously, in general, the SWAT 

performance metrics for streamflow show negligible differences compared to the 
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benchmark simulation for the calibration period, suggesting that streamflow 

simulations were not significantly affected by the consideration of the ALEXI ET 

dataset during calibration. It is worth noting that compared to the benchmark, including 

ET improved SWAT for simulating soil moisture from −0.28 to 0.03 in terms of NSE, 

but deteriorated KGE from 0.65 to 0.59 during the validation period. In addition, adding 

ET helped reduce model bias in simulating streamflow for the validation period (e.g., 

PBIAS decreased from 43.3% to 35.5%). 

When calibrated with streamflow and soil moisture simultaneously, simulated 

streamflow and soil moisture also show similar results to those obtained for the 

benchmark simulations for SWAT. Constraining the model with soil moisture in 

addition to streamflow did not result in improved model performance for streamflow 

and soil moisture during calibration. However, during the validation period, the NSE 

value (i.e., 0.12) for SWAT-simulated soil moisture exhibited improvement compared 

to the benchmark simulation (−0.28). In addition, constraining the model with 

streamflow and soil moisture did not result in any noticeable improvement in ET 

simulation for SWAT. Adding soil moisture in the target function did not help reduce 

the model-simulated bias of streamflow in the validation period. 

Simultaneously using streamflow, ET, and soil moisture data for model 

calibration did not result in significant improvement in the model performance in 

simulating streamflow, ET, and soil moisture. SWAT did not meet performance criteria 

for soil moisture in terms of NSE (<0.5) during calibration and validation. Including 

all three variables helped to attain the highest NSE (0.22) for soil moisture during the 

calibration, which translated to an NSE of 0.24 during the validation period. 
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Although adding ET or soil moisture as target variables can improve model 

performance regarding a specific variable, we found that adding additional target 

variables (i.e., ET and soil moisture) did not help achieve much improvement to overall 

model performance as indicated by the average performance metrics when compared 

with the benchmark simulation. However, using ET or soil moisture data only as the 

target calibration variable could result in a substantial decrease in model performance. 

For example, the ALEXI ET-only and SMERGE soil moisture-only calibration setups 

led to considerably lower KGE values (≤ 0.55) as compared to other calibration setups 

that include streamflow (≥ 0.68). This finding highlights the potential challenge in 

calibrating hydrologic models for ungauged basins where measured streamflow is not 

available. 

It is also worth noting that all model setups were able to provide satisfactory 

model performance for both streamflow (except for ALEXI ET only and SMERGE 

only) and ET reasonably well (NSE > 0.5) (Table 3.4) during calibration and validation 

periods. However, for soil moisture simulation, none of the calibration setups resulted 

in satisfactory model performance (in terms of NSE). This finding could be attributed 

to the challenge of simulating soil moisture dynamics and the potentially large 

uncertainties associated with remotely sensed soil moisture products. 

 

3.3.3 Effects of Choice of ET Products on Model-Simulated ET 

In addition to ALEXI ET, the MODIS ET products have also been widely used. 

Figure 3.4b shows the dramatic difference between the ET estimates from ALEXI and 

MODIS over the LBRW; MODIS ET estimates were much lower than those of ALEXI. 
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Not surprisingly, the sensitive parameters and their calibrated values are considerably 

different when using MODSI vs. ALEXI ET. For example, the calibrated a_GWQMN 

values were 373.25 and −58.75 for the streamflow + MODIS and streamflow + ALEXI 

setups, respectively. The large difference between MODIS ET and ALEXI ET results 

in a substantial difference in streamflow estimates when calibrated using ALEXI ET 

only (Table 3.4) and MODIS ET only (Table 3.5), as seen in Figure 3.4a. SWAT failed 

to meet the streamflow performance criteria in terms of NSE (<0.5), KGE (<0.5), and 

|PBIAS| > 50% in both calibration and validation periods when calibrated with ET only. 

The MODIS ET-only setup considerably overestimated (PBIAS<−180%) the 

streamflow, while the ALEXI ET-only setup underestimated (PBIAS > 50%) the 

streamflow during calibration and validation periods. 

Compared to the multivariable model calibration using ALEXI ET (Table 3.4), 

the multivariable calibration using MODIS ET achieved comparable calibration and 

validation results for streamflow (Table 3.5). However, the performance of SWAT in 

simulating ET substantially decreased when MODIS ET was used. For example, the 

NSE values for the multivariable calibration setups that include MODIS ET were less 

than 0 for the calibration period and less than 0.5 for the validation period. There were 

also large biases in model-simulated ET for the calibration setups with MODIS ET, 

with absolute PBIAS values larger than 30% in calibration and greater than 20% during 

validation. This result clearly shows that the choice of remotely sensed ET can have 

significant impacts on the calibration of SWAT. Therefore, it is critical to evaluate the 

quality of remotely sensed ET data before their use in model calibration. In addition, 

this finding highlights the importance of using multivariable calibration to constrain 
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hydrologic model performance when the quality of a remote sensing product is 

unknown. The overall model performance (averaged performance metrics (Table 3.5)), 

in general, increased when more variables are used. For example, the average KGE 

values increased from −0.10, 0.61, and 0.67 for MODIS-only, Streamflow + MODIS 

ET, and Streamflow + MODIS ET + SMERGE setups, respectively. The multivariable 

approach helps minimize the impacts of errors in a single remote sensing product on 

the overall model performance. 

Table 3.5. Model calibration (Cal) and validation (Val) results for setups with MODIS 

ET as a calibration variable. 

Calibration Setups 
Performance 

Metrics  

NSE KGE PBIAS 

Cal Val Cal Val Cal Val 

MODIS ET only 

Streamflow −7.60 −3.37 −1.92 −1.46 −213.13 −182.22 

MODIS ET 0.33 0.51 0.62 0.74 −14.45 −2.11 

Soil moisture 0.05 −0.11 0.52 0.43 5.11 6.05 

Average −2.41 −0.99 −0.26 −0.10 −74.16 −59.43 

Streamflow + MODIS ET 

Streamflow 0.52 0.75 0.77 0.71 2.39 25.96 

MODIS ET −0.16 0.38 0.30 0.60 −37.20 −24.08 

Soil moisture 0.05 −0.10 0.58 0.52 5.77 6.91 

Average 0.14 0.34 0.55 0.61 −9.68 2.93 

Streamflow + MODIS ET + 

SMERGE 

Streamflow 0.49 0.73 0.75 0.78 3.51 15.97 

MODIS ET −0.13 0.41 0.30 0.62 −35.46 −22.09 

Soil moisture −0.05 0.00 0.68 0.62 −7.67 −6.49 

Average 0.10 0.38 0.58 0.67 −13.21 −4.20 
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3.3.4 Variations in Hydrologic Pathways under Different Calibration Schemes 

The seasonal values of key hydrologic pathways at the watershed level (Figure 

3.5) were analyzed to evaluate the overall impact of multivariable calibration on the 

SWAT simulations. Although the performance metrics of SWAT-simulated 

streamflow are similar for the multivariable calibration setups (Tables 4 and 5), the 

results clearly show that the difference in calibration setup meaningfully affected the 

surface runoff, percolation, lateral flow, and groundwater discharge. The simulated 

surface runoff among different multivariable calibration setups shows little variance, 

whereas single variable calibration setups show considerable variability. Spatial 

distribution of surface runoff for different calibration setups is shown in Figure 6. 

Surface runoff, in general, is low in the western and southern region and high over the 

north-central portion of the watershed. 

Figure 3.5. SWAT-simulated watershed scale surface runoff, groundwater discharge, 

percolation, and lateral flow. 
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 Figure 3.6. Spatial distribution of SWAT-simulated subbasin level mean monthly 

surface runoff under different calibration setups. 

 

The monthly distribution of SWAT-simulated percolation/groundwater 

discharge is spread out with varying magnitude. In general, the downstream subbasins 

are the main contributors to the groundwater discharge, as shown in Figure 3.7. The 

SMERGE-only and the MODIS-only setup stands out among the calibration setups as 

the simulated groundwater discharge to streams is negligible throughout the year. Both 

MODIS-only and SMERGE-only setups have high GW_REVAP values, i.e., 0.163 and 

0.143, respectively, compared to other calibration setups (Table 3.3). The GW_REVAP 

controls the water movement from the shallow aquifer to overlying unsaturated soil 

layers. The high value of GW_REVAP reduces the water level in the shallow aquifer 

resulting in a corresponding decrease in groundwater discharge. In addition, the 

MODIS-only setup simulated considerably higher surface runoff and lateral flow. On 

the other hand, the SMERGE-only setup simulated much lower surface runoff and high 
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lateral flow with increased water holding capacity of soil layers (Table 3.3). This results 

in negligible/no groundwater discharge in the MODIS only and SMERGE only setups. 

Among the multivariable calibration setups, the streamflow + ALEXI + 

SMERGE simulated the lowest percolation and groundwater discharge, while the 

streamflow + MODIS estimated the highest. In addition, the simulated lateral flow, 

although of negligible magnitude compared with surface runoff and groundwater 

discharge, showed variation by a factor of two. These differences in simulated 

hydrologic pathways can have implications for assessing water management effects on 

groundwater resources in arid and semi-arid regions. 

Figure 3.7. Spatial distribution of SWAT-simulated subbasin level mean monthly 

groundwater discharge under different calibration setups. 

 

3.3.5 Influence of Model Structure on Multivariate Model Calibration 

We also calibrated the SWAT-C model for the benchmark and three 

multivariate calibration scenarios (Table 3.6). In general, the overall performance of 



 

 

84 

 

SWAT-C, as indicated by the averaged performance metrics, is comparable to that of 

SWAT for the calibration period (Table 3.4). For example, the averaged KGE values 

for SWAT-C range between 0.79 and 0.80 for the calibration periods, which are close 

to the corresponding range of 0.76–0.79 for SWAT. However, there are substantial 

differences in terms of the validation results. For the validation period, the averaged 

KGE values, ranging between 0.77–0.78, are generally consistent with the calibration 

results for SWAT-C; in comparison, the averaged KGE values for SWAT decreased to 

0.68 for the benchmark and three multivariate calibration setups. Furthermore, the 

averaged PBIAS values for SWAT-C were within ±10% for both calibration and 

validation periods under the four calibration setups (Table 3.6). In contrast, SWAT 

attained larger average PBIAS values, particularly for the validation period, ranging 

from 11–19% (Table 3.4). 

Table 3.6. Model calibration (Cal) and validation (Val) results for SWAT-C under 

setups with different combinations of streamflow, ET, and soil moisture. 

Calibration Setups 
Performance 

Metrics  

NSE KGE PBIAS 

Cal Val Cal Val Cal Val 

Benchmark (Streamflow only) 

Streamflow 0.63 0.72 0.80 0.79 −2.02 18.59 

ALEXI ET 0.84 0.81 0.87 0.83 1.86 7.13 

Soil moisture 0.08 0.11 0.71 0.73 0.41 0.82 

Average 0.52 0.55 0.79 0.78 0.08 8.85 

Streamflow + ALEXI ET 

Streamflow 0.64 0.71 0.81 0.76 5.45 17.68 

ALEXI ET 0.84 0.81 0.88 0.83 2.28 7.39 

Soil moisture 0.08 0.11 0.71 0.72 −0.43 −0.22 

Average 0.52 0.54 0.80 0.77 2.43 8.28 

Streamflow + SMERGE 

Streamflow 0.62 0.69 0.80 0.77 7.59 5.49 

ALEXI ET 0.86 0.82 0.87 0.84 2.61 7.61 

Soil moisture −0.03 −0.05 0.73 0.71 6.25 6.20 

Average 0.48 0.49 0.80 0.77 5.48 6.43 

Streamflow + ALEXI ET + 

SMERGE 

Streamflow 0.63 0.69 0.80 0.77 8.31 5.48 

ALEXI ET 0.85 0.82 0.87 0.84 2.74 7.63 

Soil moisture −0.04 −0.05 0.73 0.72 6.26 6.27 

Average 0.48 0.49 0.80 0.78 5.77 6.46 
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The performance of SWAT and SWAT-C also differed substantially from each 

other for individual target variables. For the benchmark calibration, PBIAS values for 

streamflow were within ±10% in the calibration period but deteriorated to 43.3% for 

SWAT and to 18.6% for SWAT-C in the validation period. For the three multivariate 

calibration setups, SWAT-C also achieved much smaller PBIAS as compared with 

SWAT for streamflow in the validation period (35–45% for SWAT vs. 5–18% for 

SWAT-C). Despite the large difference between SWAT and SWAT-C in simulating 

streamflow, their performances in simulating ALEXI ET and soil moisture were similar 

(Tables 3 and 5). Both models achieved high correlation and small bias in simulating 

ALEXI ET but performed poorly in simulating soil moisture. 

In addition, we also found that, like SWAT, adding additional target variables 

did not much improve the performance of SWAT-C as compared to the benchmark 

calibration that only used streamflow. For example, the average KGE values for 

SWAT-C ranged between 0.77–0.78 for the validation period under the four calibration 

setups. 

3.4 Discussion 

The use of different combinations of target calibration variables can have 

pronounced impacts on the sensitive parameters. Although eight out of the eleven 

parameters (Table 3.3) are commonly sensitive parameters for different calibration 

setups, there are noticeable differences between the number and values of sensitive 

parameters. In general, the calibration setups that included streamflow achieved 

comparable overall model performance (Table 3.4), indicating that the calibrated 

parameter sets were equally good for representing hydrologic processes in the LBRW. 
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Such equifinality in calibrated parameter sets has been broadly discussed in the 

previous literature (Beven and Freer, 2001). Even though the use of remotely sensed 

ET and soil moisture helps constrain the model parameters, further information 

regarding their validity for simulating hydrologic processes, such as runoff, 

percolation, and groundwater discharge (Figure 3.5), is required to identify robust 

models. Without data to evaluate the calibrated SWAT models, the calibrated 

parameter sets can be used to derive ensemble estimation of the hydrologic processes 

of interest. 

When streamflow is not included in a calibration setup (e.g., ALEXI ET only 

and SMERGE soil moisture only), the model calibration resulted in poorer model 

performance compared to those calibration setups with streamflow considered as a 

target variable (Table 3.4). This finding shows that using streamflow for hydrologic 

model calibration is critical. The quality of remotely sensed ET and soil moisture 

products deserve further examination and improvement to ensure robust model 

calibration, particularly for ungauged basins. 

When multiple remotely sensed products are available, it is critical to evaluate 

their quality and choose the one that is best suited for model calibration. In our study, 

we noticed a substantial difference between ALEXI ET and MODIS ET over the 

LBRW, though both of them have been widely used in hydrologic model calibration. 

Specifically, we found that the MODIS ET values were substantially lower than ALEXI 

ET. This is consistent with the findings reported by Zhang et al. (B. Zhang et al., 2020) 

and Miralles et al., (Miralles et al., 2016), where the MODIS algorithm was found to 
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systematically underestimate ET in semi-arid regions, while ALEXI tended to 

overestimate ET in semi-arid region. 

The use of MODIS ET for multivariate model calibration substantially 

decreased the model performance compared to using ALEXI ET (Tables 3 and 5). In 

particular, when MODIS ET was the only target variable, streamflow was 

overestimated by ca. 200%, which is much higher than the ca. 60% overestimation for 

the ALEXI ET-only calibration setup. This is likely because MODIS ET 

underestimated ET and led to more runoff generation (Figure 3.5). Previous studies 

showed that MODIS ET could be subject to a relative error of 25% at the global scale 

(Faisol et al., 2020), with potentially even greater errors at the regional scale. These 

findings highlight the importance of assessing the quality of remotely sensed products 

before including them in model calibration. When data quality information is not 

available, it is recommended to use multiple target variables to calibrate hydrologic 

models to minimize the potential negative impacts of errors in one target variable on 

the overall performance of the model. As shown in Table 3.5, the use of streamflow 

and SMERGE soil moisture could help achieve better model calibration results than 

using MODIS ET only. 

Notably, the SWAT model could not satisfactorily capture the magnitude and 

dynamics of soil moisture derived from SMERGE products. There are two possible 

reasons. First, the SWAT model’s bucket-based soil moisture simulation algorithm has 

been shown to slightly underperform compared to physically based soil water routing 

approaches (Qi et al., 2018). Further improvements to the SWAT soil moisture 

algorithms to increase its performance hold promise. Second, the quality of the 
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SMERGE soil moisture products may not warrant its direct use for calibrating 

hydrologic models. The previous assessment showed a noticeable discrepancy between 

SMERGE and other remote sensing-based soil moisture products and field 

observations (Tobin et al., 2019). In addition, it is worth noting that the ET and soil 

moisture products are derived from remote sensing observations and models. Taking 

those remote sensing products as observations risks assuming model outputs as ground 

truth. 

The use of different ET datasets in multivariable calibration substantially 

altered the model hydrologic responses (surface runoff, percolation, lateral flow, and 

groundwater discharge) (Figure 3.5). These uncertainties might be reduced by using 

the blended ET dataset obtained from the data fusion of multiple remotely sensed ET 

products that compensate for their deficiencies (Sun et al., 2017), instead of using a 

single ET product. Finally, model calibration results are dependent on the structure of 

the model. The multivariate calibration results using SWAT-C shared multiple findings 

with SWAT, such as the use of remotely sensed ET and soil moisture products. These 

data do not provide much improvement compared with using streamflow only, and 

result in poor performance for simulating soil moisture. However, multivariate 

calibration of SWAT-C also showed different results, particularly in terms of the model 

performance in the validation period. In general, SWAT-C performance was 

comparable to SWAT during the calibration period, but much better in the validation 

period as indicated by the much smaller bias in simulated streamflow. This result shows 

that the use of multiple target variables in model calibration helps constrain model 

performance regarding multiple hydrologic processes, but it could not address 
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uncertainties from the model structure. Therefore, multiple structures of the SWAT 

model or even multiple models should be examined or combined to achieve robust 

hydrologic modeling. 

The findings of this study share both similarities and differences with other 

studies that showed improvements in model calibration using remote sensing ET 

products, such as those conducted by Lee et al. (Lee et al., 2022, 2021). They found 

that using ET products improved the model performance for ET, whereas we did not 

find substantial differences in model performance when including ET products in 

model calibration. The assessment studies by Lee et al. (Lee et al., 2022, 2021) were 

concentrated on the energy-limited watershed situated in the eastern United States. In 

contrast, our research focuses on a water-limited watershed, which poses different 

challenges due to varying climate, land cover, soil properties, and management 

practices. Therefore, multivariable calibration with ET may not necessarily improve 

model performance for watersheds with varying characteristics. Despite these 

differences, our research shares some common findings, such as that calibration with 

remotely sensed data alone resulted in the degradation of model performance for 

streamflow. 

3.5 Conclusions 

The use of measured variables in addition to streamflow is critical for robust 

hydrologic model calibration. In this study, we evaluated the impact of using different 

combinations of remotely sensed datasets in the multivariable calibration of SWAT for 

simulating streamflow, ET, and soil moisture. We found that using remotely sensed 

data in conjunction with streamflow for model calibration may not necessarily improve 
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the simulation of streamflow, ET, and soil moisture. For example, the use of MODIS 

ET products can cause deterioration in model performance compared to the benchmark 

calibration scheme (i.e., streamflow only), while the use of ALEXI ET helps to achieve 

comparable or even better model performance. 

It is worth noting that SWAT can capture well the variability in ET and 

streamflow but generally fails to reproduce the dynamics of soil moisture derived from 

the SMERGE dataset. This could be explained by two reasons: (1) the SWAT model’s 

soil moisture algorithms have been widely discussed as an oversimplified bucket model 

and cannot adequately represent soil moisture dynamics; and (2) the SMERGE dataset 

was derived by combining remote sensing-observed surface soil moisture and model 

simulations, which may be subject to large uncertainties and is not suitable for direct 

use in model calibration. 

Overall, the choice of using remote sensing-based hydrologic variables for 

model calibration can have substantial influence on model-simulated hydrologic 

processes, such as surface runoff and groundwater discharge. Although this study 

showed the potential of using remote sensing-based hydrologic variables to improve 

the calibration of SWAT for robust representation of hydrologic processes, careful 

assessment of the quality of the remote sensing datasets is critical for ensuring reliable 

model performance. The relatively poor performance of SWAT in simulating soil 

moisture points to the need for future efforts to identify better strategies to improve the 

use of remotely sensed soil moisture datasets for calibrating hydrologic models. In 

addition, the difference in model structure can impact the performance of multivariate 
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model calibration, indicating the need for careful model structure assessment to ensure 

robust model calibration for hydrologic modeling. 
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Chapter 4: Water quantity and quality implications of land 

use change-induced climate feedbacks in the U.S. Northern 

High Plains 
 

 

4.1 Introduction 

Land use change and climate variability can substantially affect the 

hydrological processes (IPCC, 2022; Scanlon et al., 2007). Land use change can alter 

land-atmosphere interactions through biophysical processes such as differences in leaf 

area index (LAI), albedo, and evapotranspiration. The extent and nature of these 

changes depend on a combination of factors, including crop type, land and water 

management practices, and the extent of land use change (Duveiller et al., 2020).  

Future climate change mitigation scenarios often include large-scale bioenergy 

crop production over cropland and marginal land as a promising alternative to fossil 

fuels (Creutzig et al., 2015). For example, scenarios of converting cropland (e.g., corn, 

maize, soybean, sorghum) or marginal land (e.g., grassland) or a combination of both 

to bioenergy crops have been extensively studied (Dolan et al., 2020b; Gelfand et al., 

2013b; He et al., 2022; Qin et al., 2012). Depending on the choice of bioenergy 

feedstocks, type of land use expansion or conversion, management practices (e.g., use 

of tillage, fertilizer, and irrigation), and climatic conditions, those studies showed that 

such a conversion could provide environmental benefits such as reduced surface runoff 

and soil erosion, improved water quality, and increased soil organic carbon. On the 

other hand, converting cropland marginal land to bioenergy crops could lead to a 

reduction in downstream water availability through increased evapotranspiration and 

reduced groundwater recharge (Gheewala et al., 2011; Guo et al., 2018b; Schilling et 

https://www.zotero.org/google-docs/?6P77Ra
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al., 2008b; Wu et al., 2012b). Therefore, concerns have been raised about the 

environmental impacts of large-scale land use change for bioenergy crop production, 

particularly under a warming climate (Gelfand et al., 2013b; He et al., 2022; Liebig et 

al., 2008; McLaughlin and Walsh, 1998; Schmer et al., 2011). From a water quality 

perspective, Song et al. (2016) found that bioenergy crop cultivation reduces nitrogen 

leaching relative to row crops and herbaceous plants when grown without applying N 

fertilizer. They also reported the varied response of soil water content depending on the 

location and land use change for bioenergy crop production.  

Most of the earlier studies are mainly focused on examining the local effect of 

bioenergy production on watershed processes. It is worth noting that regional 

precipitation and temperature could be pronouncedly altered due to biophysical 

feedback of growing bioenergy crops on a large scale (He et al., 2022). The use of 

marginal lands for bioenergy crop production could reduce albedo, increase 

evapotranspiration, and reduce temperature locally, which could also have a rippling 

effect on the region. For instance, He et al. (2022) found that large-scale production of 

miscanthus primarily in the eastern US increased precipitation by up to 15% during the 

growing season in the U.S. Midwest. Such climate feedback could provide benefits in 

vegetation growth, including improved biomass production from the reduced 

temperature and water stress on crops, especially in these water-limited regions. 

Similarly, a recent global-scale study by Li et al. (2023) also showed the non-local 

impact of bioenergy related land use change, such as precipitation increases in arid and 

semi-arid regions. They found that the increased precipitation and reduced runoff from 

bioenergy crop production offset the enhanced evapotranspiration and limit the impact 
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on soil water content. However, increased precipitation and reduced temperature could 

also lead to an increase in surface runoff and streamflow resulting in reduced water 

quality (Prathumratana et al., 2008). In general, far less is known about the hydrologic 

response to large-scale bioenergy crop production and the accompanying climate 

feedback in the warming climate. 

This study aims to evaluate the hydrological responses to the conversion of 

cropland and marginal land to bioenergy crops by considering both local land use 

change and the feedback of large scale bioenergy crop production to the local climate 

in the Northern High Plains in the U.S. Because of complex climate-land-vegetation-

water system interactions, and the teleconnected nature of climate feedback from large-

scale bioenergy crop production, hydrological models are needed to assess the system-

level watershed response to climate-crop feedback scenarios that consider both climate 

drivers and crop and water management. We applied the Climate-Weather Research 

and Forecasting (CWRF) to simulate future climate scenarios with and without 

considering the feedback of bioenergy crops to the local and regional climate in the 

eastern U.S. Next, we used the Soil and Water Assessment Tool (SWAT) (Arnold et al., 

1998) model to quantify the differences between hydrological processes under the 

climate scenarios and assess the role of the feedbacks of bioenergy crops to the climate 

in influencing hydrological processes in the Northern High Plains. Specifically, we 

evaluate (1) crop yield, (2) watershed scale water budget components (surface runoff, 

evapotranspiration, soil moisture, and groundwater recharge, and (3) streamflow and 

instream total nitrogen under diverse climate scenarios Our research helps demonstrate 

the importance of considering biophysical feedbacks of large scale bioenergy 
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production to local climate and subsequent implications for water quantity and quality 

at the watershed scale. These results are anticipated to expand the knowledge base 

regarding the sustainability of bioenergy production, thereby supporting future science-

informed bioenergy policies and watershed protection planning. 

4.2 Materials and Methods 

4.2.1 Study area 

This study is focused on the Northern High Plains (NHP) (Figure 4.1) aquifer 

region that spans Nebraska, Colorado, Kansas, Wyoming, and North Dakota in the U.S. 

Midwest (Peterson et al., 2016). The NHP comprises multiple watersheds with a total 

area of about 347,058 km2. The region is dominated by convective storms in summer 

(April–September) with a strong east–west gradient, decreasing from 900 mm in the 

east to 350 mm in the west. This period overlaps with the crop-growing season in this 

region (Scanlon et al., 2012). The dominant land cover in the NHP consists of range 

and pasture land (57.72%), followed by agriculture (33.47%), urban (3.38%), forest 

(3.01%), wetlands (1.42%), and water and barren land (1%). The NHP region 

undergoes intensive agricultural practices, including large-scale irrigation and the use 

of fertilizers and pesticides. The NHP is recognized as a major contributor of nitrogen 

which contributes about 25–50% of instream total nitrogen transported to the Gulf of 

Mexico (Alexander et al., 2008). Hence, future land use and climate change are of 

considerable socio-economic concern in this region.   
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4.2.2 Climate data and Climate-crop feedback scenarios 

In this study, we used climate data from a set of climate-crop feedback scenarios 

developed using the Climate-Weather Research and Forecasting (CWRF) model (Liang 

et al., 2012). The climate-crop feedback scenarios were simulated using the CWRF 

model, driven by two Global Climate Model (GCM) participating in the Coupled 

Model Intercomparison Project Phase 6 (CMIP6) (Eyring et al., 2016) under the 

historical forcing (1969-2014) and future high greenhouse gas emission scenario 

(2015-2060): Shared Socioeconomic Pathway (SSP) 5-Representative Concentration 

Pathway (RCP) 8.5 (SSP585). We used an aggressive emission scenario of SSP585 to 

help understand the upper limits of hydrological responses to climate-crop feedback 

and land use change. Because of the large uncertainty in the future climate projections 

by GCMs, substantial variations may arise in the representation of climate-crop 

feedback processes, which could either amplify or attenuate the hydrological processes. 

We used two CMIP6 models: Max Planck Institute Earth System Model (MPI-ESM1.2)  

and Community Earth System Model (CESM), representing the two extremes of the 

equilibrium climate sensitivity (ECS). The ECS represents the global mean temperature 

response to a doubling of atmospheric CO2 concentration among the GCMs (IPCC, 

2014). Within the CMIP6 models, MPI-ESM1.2 has an ECS of about 3°C (Mauritsen 

et al., 2019), among the low sensitivity models. The CESM has an ECS of about 5.3 

°C (Danabasoglu et al., 2020) and is categorized as a high sensitivity model.  

 

4.2.2.1 CWRF model overview 

 

CWRF is a regional climate model with the full functionality of the Weather 

Research and Forecasting (WRF) model and a large repository of physics schemes 
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(Liang et al., 2012). CWRF can realistically simulate observed precipitation and 

temperature patterns for CONUS (Liang et al., 2012). CWRF utilizes the Conjunctive 

Surface-Subsurface Process (CSSP) to realistically simulate land-atmosphere 

interactions and terrestrial hydrological processes (Choi et al., 2013, 2007; Dai et al., 

2004, 2003; Gan et al., 2015; Ji et al., 2017; Liang et al., 2012, 2005; Xu et al., 2014; 

Yuan and Liang, 2011). It incorporates vertical and lateral water movement, including 

surface flow routing for the prediction of streamflow (Choi et al., 2013). CWRF has 

incorporated an ensemble cumulus parameterization based on Grell and Dvénéyi 

(2002) with major improvements detailed in Qiao and Liang (2017, 2016, 2015). The 

ensemble cumulus parameterization has demonstrated reliable performance over the 

ocean (Qiao and Liang, 2016), land (Qiao and Liang, 2017), and in other climate 

regimes (Jiang et al., 2021; Li et al., 2021; Liang et al., 2019), as well as for extreme 

precipitation (Qiao and Liang, 2015; Sun and Liang, 2020). Bioenergy crop production 

is simulated by the crop growth model (BioCro) (Miguez et al., 2012), and maize 

production is simulated by the DSSAT model (Jones et al., 2003). These models were 

coupled with the CWRF model to simulate the land, crop, and climate interactions. The 

details of CWRF simulations for climate feedback scenarios can be obtained from Chao 

et al. (2023) (in preparation). This study conducted historical simulations from October 

1, 1969, to January 1, 2014, as well as future simulations from October 1, 2015, to 

January 1, 2061, spanning a 45-year period. The research focused on a North American 

30-kilometer grid, which includes the entire contiguous United States, as previously 

documented by Liang et al. in 2012. For both historical and future runs, all CWRF 
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simulations were driven by lateral boundary conditions derived from the two latest 

CMIP6 models: MPI-ESM1.2 and CESM model, to gauge the model uncertainties. 

 

4.2.2.2 Scenarios 

 

To understand how the representation of vegetation coverage and its 

corresponding climate-crop feedback affects the regional climate and subsequently the 

hydrological processes, we used CWRF to simulate two scenarios for each GCM: one 

control run where feedback from vegetation growth is not considered, and one 

sensitivity scenario with the climate-crop feedback due to maize, miscanthus, and 

energycane (miscan_ecane_mz) cultivated in the U.S. for the present condition and 

projected future scenario under SSP585. The control run serves as the reference for 

assessing changes in hydrological processes resulting from regional climate changes 

due to climate-crop feedback and land use change. These changes in regional climate, 

as a response to climate-crop feedback, arise from complex interactions between the 

atmosphere and land surface processes, which are partially determined by the extent of 

vegetation coverage and its phenology.  

To further investigate the impact of the extent of vegetation coverage, 

specifically maize, miscanthus, and energycane, and their phenology on regional 

climate resulting from differences in climate-crop feedback, we utilized three 

additional scenarios that include climate-crop feedback from various combination of 

vegetations: (a) maize only (mz), (c) miscanthus only (miscan), and (c) miscanthus and 

maize (miscan_mz). In total, we simulated 10 scenarios, combining 5 climate-crop 

feedback scenarios from two GCMs, as listed in Table B.1. Since the CWRF 

simulations can not incorporate the detailed crop and water management practices that 
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substantially impact agro-hydrological processes in the NHP, we used SWAT model 

to understand the influence of changes in regional climate, due to climate-crop 

feedback, on the hydrological processes in the NHP. We used daily outputs of 

precipitation and maximum and minimum temperature from each scenario as climate 

input for the SWAT model. 

4.2.3 SWAT model setup 

We used a previously established SWAT modeling tool for NHP (Dangol et al., 

2022), which divides the NHP into 277 subbasins (Figure 4.1a). A 90 m digital 

elevation model (DEM) from the Shuttle Radar Topographic Map was used for 

watershed configuration delineation. A land use map was created by combing the 

Cropland Data Layer (CDL) for 2007 with the 2008 MODIS irrigation map being used 

to differentiate irrigated and rainfed crop land. The State Soil Geographic (STATSGO) 

soil map provides soil properties, such as texture (i.e., sand, silt, and clay), hydraulic 

conductivity, and soil organic matter. By overlaying the land use and soil maps, we 

derived a total of 51,323 hydrologic response units (HRUs), which are the homogenous 

areas formed by the unique combinations of land use, soil type, and slope which each 

subbasin. Crop and water management practices such as fertilizer application and 

irrigation sources (surface water and groundwater) were also included. The detailed 

model setup information can be obtained from Dangol et al. (2022).  

In the unmanaged grassland ecosystem, the atmospheric deposition of nitrogen 

tends to increase biomass production in nitrogen-limited watersheds (Fernández-

Martínez et al., 2017; Sullivan and Gao, 2016). Hence, the wet and dry atmospheric 

deposition rates reported by the National Atmospheric Deposition Program (NADP) 
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(NADP, 2022) were used as a source of nitrogen input. The historical daily weather 

data from 1997 to 2015 were obtained from the North American Regional Reanalysis 

(NARR) dataset (Mesinger et al., 2006b), including precipitation, maximum air 

temperature, minimum air temperature, relative humidity, wind speed, and incoming 

solar radiation. The SWAT is run using NARR for model calibration and validation. 

Figure 4.1. Study area with (a) SWAT domain and (b) land use information. 
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4.2.4 Model calibration and evaluation 

The calibration of the SWAT model for large watersheds is computationally 

expensive (Chun et al., 2018; Feng et al., 2018). To reduce the computational cost for 

model calibration, a regionalization approach was implemented for the calibration of 

streamflow and instream total nitrogen. SWAT model calibration was done in two parts 

following the approach described in previous studies (Dangol et al., 2023; Feng et al., 

2018). First, a coarser SWAT model was developed using the thresholds of 5% for land 

cover and 10% for soil class during HRU delineation, resulting in 5,129 HRUs. The 

threshold approach was used to remove minor land uses and soil types in each sub-

basin to reduce the computation cost without significantly deteriorating model 

performance.  

The fractional potential heat units for planting and harvest dates for corn and 

soybean were adjusted to match the planting and harvest dates documented by USDA 

(USDA-NASS, 2010). The coarse SWAT was calibrated for monthly streamflow at 

multiple outlets as shown in Figure 4.1. The streamflow in upstream subbasins was 

calibrated at first followed by downstream subbasins. The model parameters were 

selected based on the existing literature and sensitivity analysis (Table B.2). We used 

the Sequential Uncertainty Fitting algorithm version 2 (SUFI-2) procedure in SWAT 

Calibration and Uncertainty Programs (SWAT-CUP) for sensitivity analysis and 

calibration (Abbaspour et al., 2015). Using global sensitivity in SUFI-2, the most 

sensitive parameters to streamflow (p-value < 0.1) were selected (Table B.3). The 

Kling–Gupta Efficiency criterion (KGE) (Gupta et al., 2009) is used as the objective 

function to calibrate the SWAT from 2001 to 2007. The KGE is calculated as, 
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𝐾𝐺𝐸 = 1 − √(𝑟 − 1)2 − (
𝜎𝑠

𝜎𝑜
− 1)

2
− (

𝜇𝑠

𝜇𝑜
− 1)

2
     (1) 

Where, r is the Pearson correlation coefficient, and are the standard deviation 

and mean of the variables respectively, and the subscripts r and o indicate the simulation 

and observation respectively. The KGE value ranges from -∞ to 1, with values closer 

to 1 indicating good model performance. 

After streamflow calibration, the model parameters (Table B.4) sensitive to 

monthly instream total nitrogen were identified and calibrated following the same 

procedure as discussed above for streamflow. The most sensitive parameters for 

instream total nitrogen are listed in Table B.5. The model was calibrated for total 

instream nitrogen at the two outlets of the Republican (Subbasin 246) and Platte River 

(Subbasin 120) basins simultaneously. In the final step, the model parameters 

optimized for the coarse model are transferred to the fine-resolution model (HRUs 

generated without soil, land use, and slope threshold). This regionalization approach 

assumes that the model parameters remain unchanged between the coarse and fine 

models. This method is computationally inexpensive and widely used to adjust model 

parameters of large watersheds (Daggupati et al., 2016; Feng et al., 2018). We then 

validated the model performance for monthly streamflow and instream total nitrogen 

for the period of 2008-2015. In addition, we also evaluated the model performance 

using other metrics, including Nash-Sutcliffe efficiency (NSE) (Nash and Sutcliffe, 

1970), coefficient of determination (R2), and percent bias (PBIAS). 

The outlets where the model was calibrated for streamflow and instream total 

nitrogen are shown in Figure 4.1. Daily streamflow data were obtained from the United 

States Geological Survey (USGS) (https://waterdata.usgs.gov/nwis/sw). Daily 
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instream total nitrogen data for the outlets were obtained from the SPARROW dataset 

(Saad et al., 2011). Generally, water quality data is measured a few times in a month. 

Hence, monthly instream total nitrogen was estimated using LOADEST (Runkel et al., 

2004) based on daily data from the SPARROW dataset, which is widely used in the 

hydrological community. 

 

4.2.5 Marginal landuse allocation 

Pastureland, rangeland, and barren land are the major marginal land use 

categories in this study. SWAT simulates the terrestrial hydrological and 

biogeochemical processes at the HRU scale. The fractional area, calculated as the ratio 

of the HRU area to the corresponding subbasin area, is assigned to each HRU in the 

model. The fractional area determines the contribution of the HRU (i.e. specific land 

use and soil type) to the watershed. We used USDA STATSGO soil classification to 

identify low-productivity land, which is considered here as marginal land for bioenergy 

crop production. The procedure used to identify marginal land from pasture, rangeland, 

and barren land is described below: 

1. The fraction of marginal land available in each subbasin is calculated from the 

CWRF gridded land use map (Figure B.1), which was based on (Cai et al., 

2011).  

2. For each subbasin, the least productive HRUs among pasture, rangeland, and 

barren land are identified from the soil productivity index (SPI) for each soil 

class by Schaetzl et al. (2012). The HRUs with SPI>=11 are classified as 

productive land, and their land use classification remains unchanged. These 
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HRUs with the largest slope among the least productive soil are selected as 

marginal lands. The total fractional area of selected HRUs may not exactly 

match the marginal land fraction of the subbasin. Therefore we selected HRUs 

such that the total fractional area does not exceed ±5% of the fraction of 

marginal land allocated to that subbasin.  

3. The selected HRUs are then used for bioenergy crop production. 

We identified 11.2% of the NHP land cover as marginal lands based on the 

marginal land classification scheme described above. Figure B.2 shows the distribution 

of marginal lands in the NHP. In general, marginal land areas are concentrated in the 

Republican River basin.  

The plant growth parameters for simulating miscanthus production are adopted 

from the study by Cibin et al., (2016). These optimized miscanthus growth parameters 

have been shown to provide a reasonable estimate of biomass yield and LAI (Trybula 

et al., 2015). Note that we did not apply irrigation to Miscanthus. Following the crop 

management practices for Miscanthus in the Great Lakes Bioenergy Research Center 

(GLBRC) farm sites (Martinez‐Feria and Basso, 2020), 56 kg N ha-1 of nitrogen 

fertilizer is applied once each year in the early growing season. Miscanthus is harvested 

annually in mid-October, except for the first three years, which are taken as the 

establishment period. The validated SWAT is run for 82 years from 1979 to 2060. The 

changes in crop and biomass yields, water balance components, streamflow, and total 

instream nitrogen in the NHP are evaluated against the control run. We used 1985-2014 

as the present and 2031-2060 as the future conditions. This helps understand the overall 
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impact of bioenergy-driven land use change and climate-crop feedback on the 

hydrological processes in the NHP. 

 

4.3 Results 

4.3.1 Model calibration and evaluation 

4.3.1.1 Streamflow 

 

Table B.3 shows the calibrated parameter values for streamflow at ten locations 

in the NHP. The simulated and measured monthly streamflow generally match well 

during both calibration and validation period as shown in Figure B.3. In general, SWAT 

performs satisfactorily at all calibration stations (with KGE >0.3 during calibration and 

validation), except for subbasin 110 (KGE <0 during both calibration and validation) 

(Figure B.3). Overall, the KGE values are greater than 0.50, indicating that SWAT can 

reasonably simulate streamflow at multiple stations within the NHP. During 

calibration, the model performance is good with a KGE of 0.62 and 0.79, NSE of 0.24 

and 0.58, PBIAS of 6.84 and  2.29%, and R2 of 0.53 and 0.66, at the outlets of Platte 

(Subasin 120) and Republican (Subbasin 246) river basins, respectively (Figure 4.2). 

During validation, the model performance remains good, with a KGE of 0.68 and 0.61, 

NSE of 0.62 and 0.51, PBIAS of 21.58% and 26.55%, and R2 of 0.72 and 0.59 at 

Subbasin 120 and 246, respectively. In the validation period, SWAT tends to 

underestimate the streamflow, likely due to the model's tendency to simulate reduced 

low flow in groundwater dominated watersheds such as the NHP (Dangol et al., 2022). 
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Figure 4.2. Comparison of observed and simulated streamflow during calibration and 

validation at the outlet of (a) Platte and (b) Republican river basin. 

 

4.3.1.2 Instream total nitrogen 

 

We also calibrate the model for monthly instream total nitrogen at the outlets 

of the Platte and Republican River basins. The calibrated parameter values for total 

nitrogen at two locations are listed in Table B.5. Figure 4.3 shows the model 

performance for monthly instream total nitrogen during calibration and validation. 

Overall, SWAT captures the dynamics of total nitrogen with R2 of 0.19 and 0.56 during 

calibration, and R2 of 0.79 and 0.31 during validation at the outlets of the Platte and 

Republican River basins, respectively. SWAT achieves KGE>0.40 and PBIAS < ±25% 

during both calibration and validation at the two outlets. In general, the model can 
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reasonably estimate monthly instream total nitrogen. Notably, the model has mixed 

performance in terms of NSE during calibration and validation. This highlights the 

inherent difficulties in simulating accurate values of instream total nitrogen due to 

uncertainties in crop and water management practices, such as timing and frequency of 

fertilizer and irrigation application. 

 Figure 4.3. Comparison of observed and simulated instream total nitrogen during 

calibration and validation at the outlet of (a) Platte and (b) Republican river basin. 

4.3.2 Changes in precipitation and temperature 

 Figure 4.4 shows the monthly precipitation and temperature changes for 

the ‘miscan_ecane_mz’ scenario in the present condition and future scenario under 

SSP585. In general, there is a consistent precipitation increase, with a peak increase in 
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July in both the present and future conditions. Precipitation further increases in the 

future compared to the present condition. On average, precipitation increases modestly 

by 2% and 6% in the present and future conditions, respectively, during summer. The 

seasonal patterns of the changes in monthly temperature are similar in both the present 

and future conditions (Figure 4.4b). There is a substantial decrease in average 

temperature from late spring to late fall months, with the peak decrease occurring in 

August. The temperature decrease is more pronounced in the future condition 

compared to the present condition. On average the temperature decreases by 0.27 and 

0.30 °C in the present and future conditions, respectively. This is consistent with the 

results reported by He et al. (2022), which found a temperature decrease of about 0.5–

1.0 °C in the U.S. Midwest because of the cooling effect from higher evapotranspiration 

and albedo resulting from the cultivation of bioenergy crops on marginal lands. While 

our results fall in a lower range compared to their findings, these differences can be 

attributed to the difference in the driving forces of the climate model. 

Figure 4.4. Seasonal changes in monthly (a) precipitation and (b) average temperature 

for miscan_ecane_mz scenario relative to control run in the present condition and 

future scenario under SSP585. Here miscan_ecane_mz represent the CWRF climate 

data with climate-crop feedbacks from miscanthus, energycane, and maize. The control 

run does not consider climate-crop feedbacks. 



 

 

109 

 

 

4.3.3 Impacts on water balance components 

4.3.3.1 Impacts on HRU scale 

 

Figure 4.5 shows the seasonal hydrological impacts for the HRUs where 

miscanthus is cultivated. In the early growing season, the early emergence of 

miscanthus and high LAI reduce surface runoff and increase ET (Figures 4.5a-b), as 

reported in previous studies (Cibin et al., 2016; Holder et al., 2019; Vanloocke et al., 

2010). On average, annual surface runoff decreases by 24.6%, while ET increases by 

4.7% in the present condition. Interestingly, ET decreases in late fall when precipitation 

shows negligible change (Figure 4.4a), which can be attributed to the substantial 

decline in soil water content during summer months (Figure 4.5c). The canopy shading 

effect, which shades the soil column below the leaves, also contributes partially to the 

reduction of ET (Hickman et al., 2010; Vanloocke et al., 2010) during this period. Soil 

moisture content decreases throughout the year by 12.2% annually, subsequently 

reducing percolation by 15.6% in the present condition (Figure 4.5d). Notably, surface 

runoff increases in future condition because of the precipitation increase from climate-

crop feedback. In future condition, despite the increased cooling effect from climate-

crop feedback (Figure 4.4b), the warmer temperature further increases ET by 12.6% 

(Figure 4.5b). The increase in ET results in a substantially reduction in soil moisture 

content and percolation by 39.5 and 47.2%, respectively. 
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Figure 4.5. Seasonal changes in (a) surface runoff, (b) evapotranspiration, (c) soil 

moisture, and (d) percolation in HRUs used for miscanthus cultivation for 

miscan_ecane_mz climate-crop feedback scenario in the present condition and future 

scenario under SSP585. 

 

 

4.3.3.2 Impacts on watershed scale 

 

The impact on surface runoff, evapotranspiration, soil moisture, and percolation 

shows similar seasonal patterns in the present and future conditions (Figure 4.6). In 

general, surface runoff increases by 4% and 13% during the growing season in response 

to increased precipitation in the present and future conditions, respectively. ET 

increases modestly by 0.7% and 3% in both present and future conditions during the 

growing season. Although, temperature decreases during the growing season, high 

water demand by miscanthus subsequently increases ET and reduces soil moisture 

content. Soil moisture decreases modestly by 0.7% in the present condition and further 
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declines by 3.7% in the future condition. On average, percolation (groundwater 

recharge) does not change much in the present condition (ca 0.1%) during the growing 

season but increases by 2.7% in the future condition. Furthermore, we found that the 

hydrological responses vary between the Republican and Platte River basins. For 

example, ET increases during early summer, and soil moisture content substantially 

reduces in the Republican river basin compared to the Platte river basin (Figure B.4). 

This difference arises due to the differences in the extent of marginal land conversion 

for miscanthus cultivation between the Platte (4%) and Republican (20%) river basins.  

Figure 4.6. Seasonal changes in a) surface runoff, (b) evapotranspiration, (c) soil 

moisture, and (d) percolation at watershed level in response to miscan_ecane_mz 

climate-crop feedback scenario in the present condition and future scenario under 

SSP585. 
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4.3.4 Impacts on streamflow and water quality 

Precipitation increase generally enhances streamflow and nitrogen loading in 

rivers (Hoque et al., 2014; Nangia et al., 2010). In our study area, increased 

precipitation leads to higher streamflow and nitrogen loading in the Platte and 

Republican river basins (Figure 4.7). However, the seasonal pattern of these changes 

differs between the two river basins under present and future conditions. 

In the Platte river basin, streamflow increases during the growing season, 

aligning with the seasonal pattern of increased precipitation. However, in the 

Republican river basin, streamflow increases from June to November because of 

reduced surface runoff in early summer and increased water yield in mid-fall. Notably, 

streamflow in the Platter river basin increased from 2% under present condition to 13% 

under future condition during the growing season. In the Republican river basin, the 

streamflow increase of 22% (June to November) under the present condition reduces 

to 15% under future condition. Also, streamflow decreases during late winter and 

spring in the Republican river basin under future condition due to substantially low soil 

moisture content (Figure 4.5c) resulting in reduced subsurface flow. 

The increased streamflow, caused by increased surface runoff and groundwater 

discharge, leads to higher nitrogen loading. The seasonal patterns of nitrogen loading 

are similar to those of streamflow in both river basins. In the Platte river basin, despite 

a small relative change in streamflow during late winter and spring under the present 

condition, nitrogen loading increases substantially (Figure 4.7c). This increase can be 

attributed to the rise in surface runoff, leading to an increase in nitrogen loading. In 

contrast, the negligible change in nitrogen loading under future condition can be 



 

 

113 

 

attributed to reduced soil moisture content and subsurface flow. In the Republican river 

basin, large scale miscanthus cultivation reduces nitrogen uptake from the soil, 

resulting in higher soil nitrogen content and subsequently higher nitrogen loading 

compared to the Platter river basin. The increase in nitrogen loading in the late fall is 

due to increased groundwater discharge resulting from miscanthus harvest operations. 

 

Figure 4.7. Seasonal changes in (a-b) streamflow and (c-d) instream total nitrogen at 

the outlet of the Platte and Republican River basins during the present condition and 

future scenario under SSP585. The shading represents the 95% confidence interval. 

 

4.3.5 Response to climate-crop feedback scenarios 

4.3.5.1 Precipitation and temperature 

 

Figure 4.8 shows substantial variability in annual precipitation under different 

climate-crop feedback scenarios. Among these scenarios, ‘miscan_ecane_mz’ exhibits 
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the largest increase in summer precipitation by 2% and 6% in the present condition and 

future scenario under SSP585, respectively (Table B.1). In general, there is a consistent 

regional increase in precipitation for both present and future conditions when the 

climate-crop feedback from bioenergy crop production is included. In contrast, the ‘mz’ 

scenario results in a modest precipitation decrease of less than 1% in the present and 

future conditions.  

The seasonal patterns of mean temperature changes are similar across the 

climate-crop feedback scenarios in both present and future conditions (Figure 4.8). The 

temperature decrease is more pronounced in the future condition compared to the 

present condition across all scenarios. Among the scenarios, ‘mz’ exhibits negligible 

temperature changes (Figure 4.8b and Table B.1). On the other hand, 

‘miscan_eacne_mz’ scenario shows the largest temperature decrease, followed by 

‘miscan_ecane’ and ‘miscan’ in the present and future conditions, respectively. 

Overall, the feedback strength increases with the addition of feedback from energycane 

and maize, followed by energycane with miscanthus (Figure 4.8b and Table B.1). 

Figure 4.8. Comparison of changes in annual (a) total precipitation and (b) average 

temperature across the climate-crop feedback scenarios in the present condition and 

future scenario under SSP585. 
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4.3.5.2 Water budget components 

 

The relative changes in annual surface runoff, evapotranspiration, soil moisture, 

and percolation at the watershed scale show consistent patterns in both present and 

future conditions across the climate-crop feedback scenarios (Figure 4.9). Surface 

runoff decreases modestly for ‘mz’, ‘miscan’, and ‘miscan_ecane’ scenarios by <3% in 

the present condition. In contrast, the ‘miscan_ecane_mz’ scenario results in a modest 

increase of 1.8%. In the future condition, surface runoff increases for all scenarios, 

ranging from 0.5% to 7.6%. The changes in ET remain negligible (within ±1%) across 

all scenarios in the present condition. However, scenarios involving climate-crop 

feedback from the bioenergy crops show a modest increase in ET (<2%) in the future 

condition. The decline in soil moisture content reduces when climate-crop feedback 

from energycane and maize is introduced in combination with miscanthus (Figure 

4.9c). Among the scenarios incorporating feedback from bioenergy crops, ‘miscan’ 

exhibits the largest decrease in soil moisture content, while ‘miscan_ecane_mz’ 

exhibits the smallest decrease in both present and future conditions. A similar pattern 

is found for percolation across the feedback scenarios. These results show that the 

changes in water budget components, resulting from the changes in precipitation and 

temperature, are highly sensitive to plant phenology within the context of climate-crop 

feedback scenarios.  
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Figure 4.9. Comparison of changes in annual (a) surface runoff, (b) evapotranspiration, 

(c) soil moisture, and (d) percolation at watershed scale in response to the climate-crop 

feedback scenarios in present condition and future scenario under SSP585. 

 

4.3.5.3 Streamflow and instream total nitrogen 

 

The changes in annual average streamflow and instream total nitrogen in the 

Platte river basin show similar trends with varying magnitude across climate-crop 

feedback scenarios (Figures 4.10a and 4.10c). In contrast, the response of the 

Republican river basin displays a mixed response depending on the climate-crop 

feedback scenarios (Figures 4.10b and 4.10d). In the Platte river basin, both streamflow 

and nitrogen loading increase in the future condition compared to the present condition 

across all scenarios. The Republican river basin exhibits a similar response for the ‘mz’ 

scenario only. Meanwhile, the remaining three scenarios show a decline in streamflow 

and nitrogen loading in the future condition compared to the present condition. The 
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reduced annual average streamflow and nitrogen loading in the Republican river basin 

can be explained by a decline in subsurface flow resulting from decreased soil moisture 

and percolation in the future condition compared to the present condition. Among the 

four climate-crop feedback scenarios, ‘miscan_ecane_mz’ simulates the largest 

increase in streamflow and nitrogen loading in the Platte river basin by 5.5% and 2.3%, 

respectively, in the future condition. Meanwhile, ‘miscan_ecane_mz’ simulates 

negligible changes in streamflow and an 8.6% decrease in nitrogen loading in the 

Republican river basin during this period.  

Figure 4.10. Comparison of changes in annual (a-b) streamflow and (c-d) instream total 

nitrogen at the outlet of the Platte and Republican River basins in response to the 

climate-crop feedback scenarios in present condition and future scenario under 

SSP585. 
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4.3.6 Impacts on crop yield 

We also examined how precipitation and temperature changes and subsequent 

differences in water budget components affect crop yields. We assess the effects of 

climate-crop feedback on maize and soybean yields by using percentage changes 

relative to the control scenario. In all climate-crop feedback scenarios, reduced 

temperature and increased precipitation during the growing season improve maize and 

soybean yields in both present and future conditions (Figure 4.11). Under the present 

condition, the greatest increase in maize and soybean yields occurred in the scenario of 

‘miscan_ecane_mz’, followed by ‘miscan_ecane’. This yield increase corresponds well 

in magnitude with the temperature decrease in both scenarios. On average, maize and 

soybean yields increase by 0.9% to 3.5% and 1.6% to 6.1%, respectively, under the 

present condition. Similarly, in the future condition, maize and soybean yields increase, 

with the largest increase in ‘miscan_ecane_mz’. On average, maize and soybean yields 

increase by 0.2% to 4.5% and 1.2% to 11.0%, respectively. 

 

Figure 4.11. Comparison of changes in corn and soybean yield across the climate 

feedback scenarios. The error bar represents the standard error. 
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4.4 Discussion 

Our results show that miscanthus cultivation on marginal land increases ET and 

reduces surface runoff, soil moisture, and percolation, despite cooler and wetter 

conditions in the NHP due to climate-crop feedback. These results are consistent with 

earlier studies (Feng et al., 2015; McIsaac et al., 2010; T. L. Ng et al., 2010; Schilling 

et al., 2008b), which have shown that miscanthus, with deep rooting system and large 

LAI, has higher ET leading to reduced soil water content and percolation. On a 

watershed scale, the cooler and wetter conditions in the NHP substantially increase 

surface runoff, modestly increase ET, and reduce soil moisture content. The study by 

Vanloocke et al. (2010) also indicated minimal impacts on ET from land use change of 

<10% for miscanthus production in the U.S. Midwest. However, they assumed a 

uniform distribution of miscanthus over the Midwest and neglected the influence of 

crop-atmosphere interaction on regional climate. In contrast, our study concentrated 

miscanthus production in the Republican river basin and considered the climate-crop 

feedback. The land use change of 11.2% in the NHP for miscanthus production is close 

to the threshold of 10% used by Vanloocke et al. (2010), and the results for ET are also 

consistent. 

Precipitation increase from climate-crop feedback enhances streamflow and 

nitrogen loading in the Platte and Republican river basins. Our results differ from 

similar studies assessing the impact of land use change scenarios that do not account 

for changes in precipitation and temperature from climate-crop feedback. For example, 

a study by Vanloocke et al. (2017) found that a 15% conversion of maize for miscanthus 

production decreases streamflow by 3–6% in the Upper Missouri river basin and 
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reduces nitrogen loading by 5–15%. However, in our study area, miscanthus cultivation 

on a large scale in the Republican river basin reduces surface runoff and soil moisture 

content, subsequently reducing streamflow and nitrogen loading from late winter to 

early summer months. Moreover, differences in the extent of land use change from 

marginal land to miscanthus between the Platte and Republican river basins resulted in 

substantially different seasonal patterns of streamflow and nitrogen loading. These 

results highlight the importance of accounting for precipitation and temperature 

changes from climate-crop feedback, which can substantially influence the impact of 

land use change.  

In an intensively irrigated agricultural watershed such as the NHP, changes in 

precipitation, temperature, and water budget components can impact agricultural 

productivity (Lu et al., 2020). Overall, cooler and wetter conditions during the growing 

season reduce temperature and water stress on crops, resulting in improved crop yields. 

Both maize and soybean yields improved in the present and future conditions. Similar 

results were also reported by Brown et al. (2000) and Lobell and Asner (2003). 

The analysis of various climate-crop feedback scenarios impact on climate and 

watershed hydrological processes shows consistent results, indicating increased 

precipitation and reduced temperature during the growing season in the present and 

future conditions. However, this study accounts for the climate-crop feedback from 

maize, miscanthus, and energycane only and does not account for feedback from other 

vegetation, such as a forest. Changes in precipitation and temperature and their impact 

on hydrology and water quality could be different with the inclusion of additional 
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feedback from other vegetation. Likewise, the findings of this study are specific to the 

NHP and may be different for other regions. 

4.5 Conclusion 

In this study, we used SWAT to simulate how precipitation and temperature 

changes due to climate-crop feedback from large-scale cultivation of bioenergy crops 

in U.S. marginal land affect terrestrial hydrology, water quality, and crop productivity 

in the NHP watershed. We also examined the seasonal patterns of streamflow and 

nitrogen loading in the Platte and Republican river basins within the NHP to show how 

different land use scenarios affect basin responses to these changes. Moreover, we 

conducted a sensitivity analysis to assess the impacts of different combinations of 

climate-crop feedback among cultivating three crops (miscanthus, energycane, and 

maize) under the present and future conditions simulated by two GCMs. 

Cultivating miscanthus on marginal land provides local benefits, such as 

reduced surface runoff to prevent soil erosion, but also increases local ET to reduce soil 

moisture and percolation. However, at the basin scale, increased precipitation during 

the growing season leads to a substantial increase in surface runoff. The ET increase at 

the HRU level due to miscanthus cultivation is offset by cooler temperatures from 

climate-crop feedback across the NHP, leading to a modest ET increase at the basin 

scale. Under the land use scenario involving miscanthus, energycane, and maize 

(miscan_ecane_mz), alongside a temperature decrease of 0.27°C, a 2% increase in 

precipitation leads to a 4% increase in surface runoff and a 0.7% increase in ET at the 

watershed level, compared to the control scenario in the present condition. In future 

condition, climate-crop feedback further decreases temperature by 0.3 °C and increases 
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precipitation by 6%, increasing surface runoff and ET by 13% and 3%, respectively. 

The precipitation increase contributes to higher streamflow and nitrogen loading in the 

NHP. However, the extent of marginal land use for miscanthus cultivation results in 

different seasonal patterns of streamflow and nitrogen loading between the Platte and 

Republican river basins. The Republican river basin, with a larger fraction of land use 

for miscanthus cultivation, exhibits increased streamflow and nitrogen loading from 

mid-summer to mid-fall, while the Platter river basin exhibits increased streamflow and 

nitrogen loading during the summer. Interestingly, in the future condition, large scale 

miscanthus cultivation in the Republican river basin reduces annual nitrogen loading 

by 8.6%, while it increases by 2.3% in the Platter river basin. 

The sensitivity analysis with different combinations of climate-crop feedback 

of maize, miscanthus, and energycane shows results similar to those obtained from the 

miscan_ecane_mz. Among the scenarios involving climate-crop feedback from the 

bioenergy crops, the feedback strength increases with the addition of feedback from 

energycane and maize, followed by energycane with miscanthus. Meanwhile, maize 

only scenario exhibits negligible changes in hydrological processes and nitrogen 

loading in rivers. Notably, we found that the cooler and wetter conditions in the NHP 

generally improve maize and soybean yields. We expect that the results from this study 

will help policy-makers consider the effects of climate-crop feedback in a 

comprehensive assessment of climate policies involving land use change for bioenergy 

crop production. 
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3 

Chapter 5: Advancing the SWAT model to simulate 

perennial bioenergy crops: A case study on switchgrass 

growth 
 

Materials presented in this chapter has been published in the journal Environmental 

Modelling and Software as Dangol et al. (2023)  

 

5.1 Introduction 

The transition from fossil fuel to carbon-neutral or carbon-negative energy 

sources, such as bioenergy, has been incentivized through policies such as the 

Renewable Fuel Standard (RFS) established by the U.S. Energy Independence and 

Security Act (EISA) 2007 (Schnepf and Yacobucci, 2013; U.S. EPA, 2022). The wide 

use of grain crops for bioenergy production in the U.S. has raised serious concerns 

regarding the competition between food and fuel and detrimental environmental 

impacts (Lark et al., 2022; Searchinger et al., 2008; Zhang et al., 2010). Perennial 

grasses have been recognized as a potential resource to fulfill future EISA mandated 

cellulosic biofuel production, minimize conflicts with food production, reduce negative 

impacts on the environment, and mitigate regional climate change (Gelfand et al., 

2013b; LeDuc et al., 2017; National Research Council, 2009). In addition to bioenergy 

production, perennial grasses like switchgrass and miscanthus can serve as a means to 

sequestrate carbon (Clifton-Brown et al., 2007; Qin et al., 2012). The extensive root 

biomass and absence of tillage promote carbon sequestration in soil (Agostini et al., 

                                                 
Dangol, S., Zhang, X., Liang, X.-Z., & Blanc-Betes, E. (2023). Advancing the SWAT model to simulate 

perennial bioenergy crops: A case study on switchgrass growth. Environmental Modelling & Software, 

105834. https://doi.org/10.1016/j.envsoft.2023.105834. 
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2015; Anderson-Teixeira et al., 2009; Rasse et al., 2005). Although field experiments 

offer valuable insights to understand and quantify the environmental impacts of biofuel 

feedstock production, scaling up the results to regional, national, or global scales, 

requires modeling approaches. Therefore various models have been developed and 

applied to represent the vegetation growth processes of perennial grasses like 

switchgrass, miscanthus, and energycane (Cibin et al., 2016; Gopalakrishnan et al., 

2012; He et al., 2022; Kiniry et al., 2008; Lee et al., 2012; Miguez et al., 2012). Existing 

models such as Daily CENTURY (DAYCENT), Soil and Water Assessment Tool 

(SWAT), DeNitrification-DeComposition (DNDC), Environmental Policy Integrated 

Climate (EPIC),  Decision Support System for Agrotechnology Transfer (DSSAT), 

Agricultural Land Management Alternatives with Numerical Assessment Criteria 

(ALMANAC), and BioCro have been tested and applied to estimate productivity and 

environmental consequences associated with cultivation of perennial grasses (Cibin et 

al., 2016; Davis et al., 2010; Kantola et al., 2022; Lee et al., 2012; Nocentini et al., 

2015; Proulx et al., 2022; Sharara et al., 2020; Sinistore et al., 2015; Trybula et al., 

2015). Given that most of those models operate at the field and regional scales, SWAT 

stands out with its unique capabilities to provide a thorough evaluation of the impacts 

on water budget and water quality at the watershed scale. However, the poor 

representation of the perennial crops limits its ability to reproduce biogeochemical 

processes, with potential implications on estimates of evapotranspiration fluxes, runoff, 

and discharge. 

The SWAT plant growth sub-model and parameters have been extensively 

tested for food/feed crops like corn, soybean, wheat, barley, etc. (Gassman et al., 2010; 
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Luo et al., 2008; Zhang et al., 2013b), while few studies (Cibin et al., 2016; Nelson et 

al., 2006; T. L. Ng et al., 2010; Trybula et al., 2015) have evaluated its suitability to 

simulate perennial bioenergy crops. Switchgrass shows great potential as a bioenergy 

crop with relatively high productivity and different cultivars already available in the 

market for optimum allocation across climatic zones (Clifton‐Brown et al., 2019; 

Larnaudie et al., 2022; Mehmood et al., 2017). Nonetheless, despite previous attempts, 

the lack of explicit representation of shoot and root growth is a major drawback of the 

SWAT (Zhang et al., 2011a). Field observations have shown that root growth, in 

general, is influenced by temperature, moisture, and nutrient availability and exhibits 

large sensitivities to climatic conditions (Sainju et al., 2017).  

In earlier studies involving switchgrass, plant growth parameters were 

parameterized for a lowland cultivar, Alamo, adapted to grow in wetter conditions 

(Trybula et al., 2015). For example, Srinivasan et al. (2010) adapted crop growth 

parameters for Alamo Switchgrass in large-scale bioenergy simulations to assess the 

environmental impacts of land use change. Trybula et al. (2015) then parameterized the 

SWAT crop growth parameters for an upland switchgrass cultivar adapted to grow in 

drier conditions, based on experimental field data, and improved the model 

representation of plant growth for perennials. Previous studies also parameterized 

switchgrass (both lowland and upland cultivars) in the EPIC model to evaluate the 

environmental impacts of cultivating switchgrass for bioenergy production 

(Egbendewe-Mondzozo et al., 2013, 2011). Note that SWAT  employs a simplified 

vegetation growth sub-model adapted from EPIC (Williams et al., 1989). Therefore, 

the above studies, in general, used a single plant growth pattern for all plant types 
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(forest, grass, and annual crops), which lacks representation of complex plant 

phenology, for example, growth of different plant compartments (root, shoot, leaf, etc.), 

carbon and nutrient dynamics between above and belowground pools (Luo et al., 2008). 

As such, further improvements of the SWAT vegetation growth sub-model are needed 

to more reliably characterize the behavior of perennial grass growth and provide 

assessment of hydrologic, nutrient, and carbon cycle responses to bioenergy feedstock 

production. 

This study aims to enhance the SWAT plant growth sub-model to improve 

simulation of biomass production of perennial grass. We integrated the grass growth 

sub-model from DAYCENT into SWAT and referred to the new model as the SWAT–

GRASS hereafter. The DAYCENT grass sub-model can simulate crop development, 

biomass production, and carbon and nutrient allocation to shoot and root as influenced 

by various elements such as climate, nutrient, and water availability (Parton et al., 

1998). The model has been used to simulate biomass production of perennial grasses 

like switchgrass and miscanthus on the field and regional scale (Chen et al., 2021; 

Davis et al., 2010; Hudiburg et al., 2016, 2015). We evaluated the SWAT–GRASS 

model against the observed switchgrass biomass yield at multiple farm sites in 

Wisconsin, Michigan, and Illinois. The sites considered here represent both low and 

high productivity land areas that help assess the potential for sustainable bioenergy 

feedstock production. The improved representation of vegetation growth provides new 

features into the SWAT model for studying the watershed scale impact of growing 

perennial bioenergy crops on soil organic matter, nutrient uptake, and water quality. 

The outcomes of this study will also be helpful in model development and application 
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for different types of perennial grasses to generate more realistic information for 

understanding the sustainability issues related to bioenergy feedstock production. 

5.2 Materials and methods 

5.2.1 SWAT plant growth sub-model 

The SWAT model utilizes a simplified plant growth sub-model based on the 

EPIC model for all plant types (annual crops, grass, and forest) to simulate plant growth 

based on accumulated heat units (Williams et al., 1989). The growth sub-model first 

simulates the potential plant biomass production under ideal conditions based on the 

radiation use efficiency coefficient and the intercepted photosynthetically active solar 

radiation. Then, it calculates the actual growth of the plant taking into account the 

influence of temperature, water, nitrogen, phosphorus, and aeration stress factors 

(Neitsch et al., 2011) as described in Appendix C. 

The SWAT model determines the seasonal partitioning of plant biomass to root 

by a static root-shoot ratio (RSR) at the specific plant growth stage (Eq. C.1). Such 

simplified assumptions of plant root fraction could result in substantial differences in 

biomass yield of perennials and overall impact on hydrologic processes, water quality, 

and soil organic carbon. For example, the default values of root fraction at the planting 

(rsr1) and maturity (rsr2) are 0.2 and 0.4 respectively. Based on this assumption, about 

60% of plant biomass would be available as yield at the early growing season and about 

80% when harvested at the end of the growing season. This method does not consider 

the explicit allocation of accumulated biomass into shoot and root, nor the impact of 

climate conditions on root development. In addition, the simple RSR approach does not 
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consider the fact that perennial grasses such as switchgrass and miscanthus translocate 

nutrients to root during the late growing season, which the plant remobilizes during the 

next growing season (Ashworth et al., 2017; Massey et al., 2020). Such nutrient cycling 

during different phases of plant growth reduces the plant nutrient stress, resulting in 

high biomass production even in low-productivity soil. Furthermore, the plant biomass 

death during senescence and subsequent return to soil is not well simulated in SWAT. 

For perennials, a fraction of biomass (generally 10%) dies off and is added to soil 

organic matter during dormancy in SWAT. However, SWAT does not account for the 

root and shoot biomass death separately during the growing season, which affects the 

soil organic matter dynamics. 

5.2.2 DAYCENT grass growth sub-model 

DAYCENT is a biogeochemical model that simulates the dynamics of carbon, 

nitrogen, phosphorous, and sulfur for grassland, agricultural land, forest, and savannas 

(Del Grosso et al., 2008; Parton et al., 1998). The model has separate plant production 

sub-models for grass/crop, forest, and savanna to predict biomass growth. Its grass 

growth sub-model, detailed in Metherell et al. (1993), accounts for the dynamic nature 

of biomass allocation to shoot and root based on plant growth stage, climatic 

conditions, and nutrient availability. DAYCENT also simulates shoot and root death 

and accounts for nutrient translocation within the plant. For instance, if water or 

nutrients are limited, the plant response would be to allocate more resources to roots 

(Davis et al., 2010; Kantola et al., 2022). In this study, we incorporated DAYCENT’s 

grass sub-model (see details in Appendix D) into SWAT to create the SWAT–GRASSD 

model. 
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5.2.3 Modifications to potential biomass production 

DAYCENT uses a simplified approach to estimate the leaf area index as leaf 

area ratio (LAR) multiplied by total aboveground biomass. By default, LAR is set to a 

constant value of 0.01 for all crops/grasses. However, LAR has been found to vary 

spatially (Y. Zhang et al., 2018). The SWAT requires LAI to compute rainfall 

interception by the plant canopy and potential evapotranspiration (Neitsch et al., 2011), 

which subsequently affects plant water use. The use of a LAR coefficient for LAI 

development in DAYCENT could reduce the performance of the integrated model in 

simulating plant water use and biomass production (Y. Zhang et al., 2018). Thus, the 

calculation of potential biomass production was further modified to incorporate the 

influence of seasonally varying leaf area on solar radiation intercepted by the perennial 

grasses. For this, an additional scaling factor, laiprod, used in the DAYCENT forest 

sub-model, is introduced in Eq. (D.1). The new equation is as follows: 

𝑡𝑔𝑝𝑟𝑜𝑑 =  𝑠ℎ𝑤𝑎𝑣𝑒 × 𝑇𝑠𝑡𝑟𝑒𝑠𝑠 × 𝑆𝑀𝑠𝑡𝑟𝑒𝑠𝑠 ×  𝑆𝑑𝑙𝑛𝑔 ×  𝐶𝑂2𝑐𝑝𝑟 × 𝑏𝑖𝑜𝑓 ×  𝑙𝑎𝑖𝑝𝑟𝑜𝑑      (1) 

where, tgprod (g C/m²) is the potential biomass production on a given day, 

shwave is downwelling solar radiation (Lg/day), 𝑆𝑀𝑠𝑡𝑟𝑒𝑠𝑠 is the soil moisture effect, 

𝑇𝑠𝑡𝑟𝑒𝑠𝑠 is the temperature effect, Sdlng is the constraint on biomass production 

representing the seedling growth, CO2cpr is the effect of CO₂ concentration on biomass 

production, scenfrac represents the loss of biomass due to senescence, and biof is the 

effect of physical obstruction by standing dead biomass. 

𝑙𝑎𝑖𝑝𝑟𝑜𝑑 = 1 − 𝑒𝑥𝑝(−𝑘𝑙 ×  𝐿𝐴𝐼)                                        (2) 

where, 𝑘𝑙 is light extinction coefficient, and LAI is leaf area index calculated by 

SWAT as: 
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𝐿𝐴𝐼𝑖  = 𝐿𝐴𝐼𝑖−1 + ∆𝐿𝐴𝐼𝑖          (3) 

∆𝐿𝐴𝐼𝑖 = (𝑓𝑟𝐿𝐴𝐼𝑚𝑥,𝑖 − 𝑓𝑟𝐿𝐴𝐼𝑚𝑥,𝑖−1) × 𝐿𝐴𝐼𝑚𝑥 × (1 − 𝑒𝑥𝑝(5 × (𝐿𝐴𝐼𝑖−1 − 𝐿𝐴𝐼𝑚𝑥)))  (4) 

where, ∆𝐿𝐴𝐼𝑖 is increment of leaf area index on day i, 𝑓𝑟𝐿𝐴𝐼𝑚𝑥,𝑖 and 𝑓𝑟𝐿𝐴𝐼𝑚𝑥,𝑖−1 

are fraction of maximum leaf area index on day i and i-1, 𝐿𝐴𝐼𝑖 and 𝐿𝐴𝐼𝑖−1 are leaf area 

indices on day i and i-1, and 𝐿𝐴𝐼𝑚𝑥 is the maximum leaf area index for the plant. 

The introduction of the scale factor laiprod was accompanied by the 

substitution of soil moisture stress (SMstress) in Eq. (D.1) with SWAT estimated plant 

water stress (Stressw). Stressw is proportional to the ratio of actual plant water uptake to 

potential evapotranspiration (Eq. (C.4)), which is considered to be a good measure of 

water stress impact on biomass production (Y. Zhang et al., 2018). The newly 

integrated SWAT–GRASS model with these modifications is referred to as SWAT–

GRASSM. 

5.2.4 Field experimental sites 

 

Figure 5.1. Location of GLBRC and AR field sites. 



 

 

131 

 

The SWAT and two versions of SWAT–GRASS models were evaluated at five 

Great Lakes Bioenergy Research Center (GLBRC) field sites in Michigan and 

Wisconsin (Escaban, Hancock, Rhinelander, Luxarbor, and Lakecity) and three field 

sites across Illinois (Fairfield, Orr, and Dekalb; selected from Arundale et al., (2014)) 

(referred to as AR sites) (Figure 5.1). For these sites, biomass yield data for the Cave-

in-Rock cultivar were available. The average annual precipitation and temperature 

range between 766 and 1044 mm and 6 and 13 °C, respectively, across all eight field 

sites (Table 5.1 and Figure E.1). In general, switchgrass biomass yield was higher in 

sites with warmer temperatures and higher precipitation (Hartman et al., 2012; Li et al., 

2022).  

Table 5.1. Field sites used to calibrate and validate SWAT and SWAT–GRASS plant 

growth parameters for switchgrass. 

Data source Location Latitude, 

Longitude 

Soil 

taxonomic 

class 

Data 

record 

length 

Annual 

Precipitation 

(mm) 

Annual 

Average 

Temperature 

(°C) 

GLBRC Rhinelander, Wisconsin 45.66, -89.21 Sandy loam 2014-2021 808 5.8 

Hancock, Wisconsin 44.11, -89.53 Sand 2014-2021 838 8.0 

*Escabana, Michigan 45.76, -87.18 Fine sandy 

loam 

2014-2021 766 6.5 

Lake City, Michigan 44.29, -85.19 Sand 2014-2021 852 7.8 

*Lux Arbor, Michigan 42.47, -85.45 loam 2014-2021 933 9.5 

Arundale et 

al. (2014) 

Fairfield, Illinois 38.95, -88.96 Silt loam 2006-2009 1044 13.3 

Dekalb, Illinois 41.85, -88.85 Silt loam 2006-2011 935 10.2 

*Orr, Illinois 39.81, -90.82 Silt loam 2006-2011 973 12.5 

Note: * indicates the sites that were used for model calibration. The three sites selected 

here represent the two ends of the gradient from the cooler, drier, and low productivity 

areas Escabana and Lux Arbor sites to the warmer, wetter, and high productivity Orr 

site. 
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5.2.5 Model setup 

The SWAT and SWAT-GRASS models were setup for watersheds (within 

which the field sites were located) using the geospatial inputs listed in Table 5.2. In 

SWAT, Hydrologic Response Units (HRUs) are generated by the unique combination 

of land use, soil, and slope within a watershed. Here, we use the HRUs collocated with 

the switchgrass field sites and further assign detailed management operations. The 

field-level management operations were scheduled by date, consisting of planting, 

fertilizer application, and harvesting, as detailed by Arundale et al. (2014) for the AR 

sites and by Martinez-Feria and Basso (2020) for the GLBRC sites (Table 5.1). 

Switchgrass was planted between May and June and harvested every subsequent year 

between October and November. The fertilizer application rates were based on 

Arundale et al., (2014) and Martinez-Feria and Basso (2020). For additional 

information on experimental design, see GLBRC data catalog at 

https://data.sustainability.glbrc.org/datatables and Arundale et al. (2014). The 

harvesting efficiency (HARVEFF) of 0.8 was used based on settings from Ng et al. 

(2010). The upland switchgrass plant growth parameters for SWAT were adopted from 

the study by Cibin et al. (2016). For SWAT–GRASS, upland switchgrass growth 

parameters were adopted from Davis et al. (2010). The switchgrass growth parameters 

used in SWAT and SWAT–GRASS are provided in Tables E.1 and E.2, respectively.  

In the natural grassland ecosystem, the primary source of nitrogen is wet and 

dry atmospheric deposition (Del Grosso et al., 2008). The atmospheric deposition of 

nitrogen tends to increase biomass production in nitrogen-limited watersheds 

(Fernández-Martínez et al., 2017; Sullivan and Gao, 2016). Given the relevance of 
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atmospheric nitrogen deposition on biomass production of grass, the wet and dry 

atmospheric deposition rates reported by National Atmospheric Deposition Program 

(NADP) (NADP, 2022) were used. The total annual wet and dry nitrogen atmospheric 

deposition was computed for each site. The SWAT weather data inputs were obtained 

from North American Land Data Assimilation System (NLDAS-2) dataset (Xia et al., 

2009). The model simulations for GLBRC sites and AR sites were conducted from 

2013 to 2021 and from 2005 to 2009/2011, respectively. 

Table 5.2. Geospatial inputs used for SWAT setup 

Data Resolution Source 

Meteorology data 0.125° × 0.125° NLDAS-2 (Xia et al., 2009) 

Digital Elevation Model 

(DEM) 

90m × 90m Shuttle Radar Topography Mission 

(SRTM) (Jarvis et al., 2008b) 

Land Use 30m × 30m USDA NASS Cropland Data Layer 

(2008) 

Soil Property 1:24,000 Soil Survey Geographic 

database(SSURGO) (USDA-NRCS, 

1994b)  

 

5.2.6 Model calibration and validation 

We simultaneously calibrate the three models at multiple sites to ensure 

parameter generality for testing sites. This approach helps in the generalization of 

switchgrass growth parameters for application across large areas (Zhang et al., 2008). 

The field-level biomass yield data from GLBRC field sites (Martinez‐Feria and Basso, 

2020) and Arundale et al., (2014) (Table 5.1) were used to optimize and evaluate the 

SWAT and SWAT–GRASS for simulating upland switchgrass biomass yield. The 

observed biomass yields from three field sites (Escabana, Orr, and Luxarbor) were used 

to calibrate the models. By including these sites, we aimed to ensure that the optimized 

model parameters would account for the variability in temperature, precipitation, and 
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soil productivity. Sensitivity analysis and calibration of plant growth parameters were 

carried out using the Sequential Uncertainty Fitting algorithm version 2 (SU-FI-2) 

procedure in SWAT-CUP (Abbaspour et al., 2015). The Kling–Gupta efficiency 

criterion (KGE) (Gupta et al., 2009) was used as the objective function for model 

calibration. KGE ranges from -∞ to 1, with a higher value of KGE indicating better 

model performance. We further evaluated the model performance for simulated yield 

using percent bias (PBIAS), correlation coefficient (R), and root mean square error 

(RMSE) (Moriasi et al., 2007). 

The SWAT plant growth parameters selected for sensitivity analysis were based 

on prior studies (Cibin et al., 2016; T. L. Ng et al., 2010; Trybula et al., 2015) and are 

listed in Table E.3. The SWAT–GRASS plant growth parameters selected for the 

sensitivity analysis were based on previous studies (Chamberlain et al., 2011; Davis et 

al., 2010; Lee et al., 2012) and are listed in Table E.4. The sensitivity analysis, as 

described above for SWAT, was implemented for SWAT–GRASS as well.  

To establish confidence in the SWAT–GRASS model and the optimized 

switchgrass growth parameters, we validated the model simulated yield with 

independent biomass yield datasets for the remaining five field sites (Hancock, 

Rhinelander, Lake City, Fairfield, and Dekalb) from the GLBRC and AR sites that span 

across a range of climatic conditions in different geographical regions (Illinois, 

Michigan, and Wisconsin) (Figure 5.1). We assessed the model prediction uncertainty 

by estimating the P-factor and R-factor using SUFI-2. The P-factor quantifies the 

percentage of observed data that falls within the 95% prediction uncertainty (95PPU) 

band, ranging from 0 to 1. The R-factor is the ratio between the width of the 95PPU 
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band and the standard deviation of the observed data, with values ranging from 0 to 

infinity. The P-factor close to 1 and the R-factor close to 0 indicates low prediction 

uncertainty. 

5.3 Results and discussion 

5.3.1 Sensitivity analysis 

Tables E.3 and E.4 list the SWAT and SWAT–GRASS plant growth parameters 

used for sensitivity analysis. Using global sensitivity in SUFI-2, the most sensitive 

parameters were identified and adjusted through the calibration process with final 

optimal values shown in Tables 3 and 4. The SWAT model was found to be sensitive 

to BIO_E, T_OPT, T_BASE, RSR2C, LAIMX2, and nutrient fraction parameters for 

nitrogen at three stages of plant growth (i.e., PLTNFR1, PLTNFR2, and PLTNFR3) ( 

Figure E.2), which is consistent with the sensitivity analysis results from Trybula et al. 

(2015). PLTNFR2 was one of the most sensitive parameters followed by PLTNFR1, 

which indicates that plant nitrogen cycling had a major impact on SWAT-simulated 

switchgrass yield. PLTNFRs control the amount of nitrogen in plant biomass that 

subsequently determines the plant nitrogen demand and plant nutrient stress during 

plant growth. BIO_E (radiation use efficiency) determines the daily biomass 

production. LAIMX2 determines the LAI development and affects plant water demand 

and photosynthetically active radiation. T_OPT and T_BASE affect plant temperature 

stress and the timing of plant maturity. It is worth noting that the adjustment of T_OPT 

and T_BASE to ca. 20.8 and 9.7 °C from their default values of 25 and 10 °C, 

respectively, intensified the crop growth within a narrower temperature range, 
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specifically between T_BASE to 2T_OPT-T_BASE. This adjustment resulted in higher 

sensitivity of biomass production to temperature stress.  

Table 5.3. Calibrated SWAT plant growth parameters for Switchgrass biomass yield.  

ID Parameters Description Range used Fitted 

value 

1 r_T_OPT The optimal temperature for plant growth (℃) ±20% -17% 

2 r_T_BASE Base temperature for plant growth (℃) ±20% -3% 

3 r_BIO_E Radiation use efficiency (biomass/energy ratio) ±40% 33% 

4 r_PLTNFR1 Plant nitrogen fraction at emergence ±50% 17% 

5 r_PLTNFR2 Plant nitrogen fraction at 50% maturity ±50% 26% 

6 r_PLTNFR3 Plant nitrogen fraction at maturity ±50% 47% 

7 v_LAIMX2 Fraction of the leaf area index corresponding to 

the 2nd. point on the optimal leaf area 

development curve 

0.8 to 0.95 0.921 

8 v_RSR2C Root fraction at the end of the growing season 0.35 to 0.60 0.398 

Note: Here r and v represent the relative change and replacement of model parameters 

by adjusted value. 

Both SWAT–GRASSD and SWAT–GRASSM were found to be sensitive to 

T_OPT, T_BASE, ppdf(2), ppdf(3), ppdf(4), prdx, riint, cfrtcn(2), crptf(1), clsgres, 

pltmrf, and fallrt (Figures E.3 and E.4). The parameters pramn(1,2) and pramx(1,2) 

regulate the C:N ratio of aboveground and belowground biomass. T_OPT and T_BASE 

in conjunction with ppdf(2), ppdf(3), and ppdf(4) determine the plant’s response to 

changes in atmospheric temperature and control the timing of plant maturity. prdx is 

the maximum potential monthly biomass production rate that affects daily biomass 

production. cfrtcn(2) affects the biomass allocation to roots under nitrogen stress. 

crptf(1) determines the nitrogen translocation from the shoot to the root during the late 

growing season. clsgres regulates the late-season growth of the plant. pltmrf is the 

planting month reduction factor that scales the plant growing from seedlings. fallrt 

regulates the rate at which standing dead biomass is transferred to surface litter. For 
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SWAT–GRASSD, the most sensitive parameter was fallrt, followed by T_BASE, DLAI, 

prdx, T_OPT, crprtf(1), ppdf(2), and pltmrf (Figure E.3). Similarly, for SWAT–

GRASSM, the most sensitive parameter was prdx, followed by fallrt, DLAI, T_BASE, 

T_OPT, ppdf(2), and FRGRW1 (Figure E.4).  

Table 5.4. Calibrated SWAT–GRASS plant growth parameters for switchgrass 

biomass yield. 

ID Parameters Description Range 

used 

Fitted Values 

SWAT–

GRASS

D 

SWAT–

GRASS

M 

1 r_T_OPT optimal temperature for plant growth (℃)  ±40% -14% 7% 

2 r_T_BASE base temperature for plant growth (℃) ±40% 23% 24% 

3 v_DLAI Fraction of growing season when leaf area starts 

declining 

0.8 to 

1.2 

1.045 1.014 

4 v_LAIMX1 Fraction of the max. leaf area index 

corresponding to the 1st. point on the optimal 

leaf area development curve 

0.05 to 

0.10 

– 0.100 

5 r_FRGRW1 Fraction of the plant growing season 

corresponding to the 1st. Point on the optimal 

leaf area development curve 

±20% – 5% 

6 r_FRGRW2 Fraction of the plant growing season 

corresponding to the 2nd. point on the optimal 

leaf area development curve 

±20% – 0.7% 

7 r_ppdf(2) maximum temperature for plant growth (°C) ±30% 11% -0.8% 

8 r_ppdf(3) left curve shape parameter that controls 

temperature effect on plant growth 

±30% 12% 13% 

9 r_ppdf(4) right curve shape parameter that controls 

temperature effect on plant growth 

±30% 21% -5% 

10 v_prdx potential aboveground monthly biomass 

production (g C/m2) 

0.5 to 

4.0 

2.809 2.161 

11 v_riint Root impact intercept that controls the impact of 

root biomass on nutrient availability 

0.4 to 

1.0 

0.487 0.834 

12 v_cfrtcn(1) maximum fraction of carbon allocated to roots 

under maximum nutrient stress 

0.5 to 

0.7 

0.502 0.630 

13 v_cfrtcn(2) minimum fraction of carbon allocated to roots in 

the absence of nutrient stress 

0.2 to 

0.3 

0.334 0.357 

14 v_cfrtcw(1) minimum fraction of carbon allocated to roots  

under maximum water stress 

0.4 to 

0.7 

0.618 0.599 
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Note: Here r and v represent the relative change and replacement of model parameters 

by adjusted value. 

These results indicate that the parameters regulating the plant nitrogen cycle, 

such as plant nitrogen use efficiency and the impact of nitrogen stress on biomass 

production, are critical factors in determining biomass yield in SWAT. Meanwhile, 

parameters that regulate the plant growth response to temperature changes and plant 

growth processes during senescence were critical factors for biomass yield in SWAT–

GRASSD and SWAT–GRASSM. Overall, these findings provide insights into the key 

parameters that should be considered when predicting biomass production using 

SWAT, SWAT–GRASSD, and SWAT–GRASSM models. 

15 v_cfrtcw(2) minimum fraction of carbon allocated to roots in 

the absence of water stress 

0.2 to 

0.3 

0.355 0.308 

16 v_crprtf(1) fraction of N transferred to a vegetation storage 

pool at death 

0.50 to 

0.95  

0.861 0.791 

17 v_pramn(1,1) minimum aboveground C:N ratio with zero 

biomass 

15 to 

25 

– 17.097 

18 v_pramn(1,2) minimum aboveground C:N ratio with biomass 

equal to biomax 

40 to 

80 

74.355 68.158 

19 r_pramx(1,2) maximum aboveground C:N ratio with biomass 

equal to biomax 

±20% – 13% 

20 v_prbmn(1,1) intercept for calculating the minimum C:N ratio 

for belowground biomass as a linear function of 

annual precipitation 

40 to 

60 

42.239 49.864 

21 v_prbmn(1,2) slope for calculating the minimum C:N ratio for 

belowground biomass as a linear function of 

annual precipitation 

0.0 to 

1.0 

– 0.113 

22 r_clsgres late season crop growth restriction factor ±20% -10% -2% 

23 r_biomax biomass level above which the minimum and 

maximum C:E ratios of new shoot increments 

equal pramn(:,2) and pramx(:,2) respectively (g 

biomass/m2) 

±30% – 1.2% 

24 v_pltmrf plant mature root fraction 0.8 to 

1.0 

0.955 0.987 

25 v_fallrt fall rate (fraction of standing dead which falls 

each month) 

0.005 

to 0.15 

0.009 0.096 
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5.3.2 Model calibration and validation for biomass simulation 

5.3.2.1 Calibration 

 

SWAT, SWAT–GRASSD, and SWAT–GRASSM were able to capture the 

variability in biomass yield with R ≥ 0.5 (Figure 5.2). The PBIAS was found to be 

within ±25% and KGE ≥ 0.45 for all three models (Figure 5.2), indicating low bias in 

model performance. These results demonstrate the ability of all three models to 

reasonably simulate biomass yield across the three calibration sites. Among the three 

models, SWAT achieved the least bias, while SWAT–GRASSM performed the best in 

terms of capturing the variability in observed biomass yield. SWAT–GRASSM 

exhibited improved accuracy in simulating the standard deviation of observed biomass 

yield across the calibration sites (2.4 Mg/ha vs. observed standard deviation of 2.9 

Mg/ha), while SWAT (2.0 Mg/ha) and SWAT–GRASSD (2.1 Mg/ha) underestimated 

variability. SWAT–GRASSD performed the least in terms of R, KGE, and RMSE. With 

the modifications introduced in SWAT–GRASSM, the SWAT–GRASSM shows 

considerable improvement in simulating biomass yield.  

  

Figure 5.2. Scatter plots of SWAT, SWAT–GRASSD, and SWAT–GRASSM simulated 

and observed annual dry weight biomass yield for all calibration sites. 
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Figure 5.3. Scatter plots of SWAT, SWAT–GRASSD, and SWAT–GRASSM simulated 

and observed annual dry weight biomass yield for individual calibration field sites. 

 

At the individual site level, the performance metrics of the three models vary 

across the field sites (Figure 5.3). For example, both SWAT–GRASSD and SWAT–

GRASSM outperformed SWAT in simulating biomass yield for Escabana in terms of R 

and KGE. Likewise, at Lux Arbor, SWAT–GRASSD performed modestly better in 

terms of KGE, while SWAT–GRASSM exhibited substantial improvement in terms of 

both R and KGE compared to SWAT. On the other hand, at Orr, SWAT–GRASSD 

performed poorly than SWAT in terms of KGE, RMSE, and PBIAS, and simulated 

biomass yield substantially worse than SWAT–GRASSM, which still had lower KGE 

and RMSE than SWAT. In general, the calibration results show that none of the three 

models can consistently outperform the other two models in terms of all metrics and at 
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all sites, indicating that each of these three models has their own strengths and 

weaknesses. This result also demonstrates that the plant growth processes are complex, 

and it is difficult to identify a single optimum algorithm. 

 

5.3.2.2 Validation 

 

Across the five validation sites, SWAT, SWAT–GRASSD, and SWAT–

GRASSM simulated average annual biomass yields of 8.9, 7.7, and 7.8 Mg/ha, 

respectively, compared to the observed value of 7.1 Mg/ha. SWAT performed 

satisfactorily with a KGE of 0.37 and a PBIAS of -25.77%. In comparison, SWAT–

GRASSD achieved a higher KGE (0.46) and reduced PBIAS (-8.67%) and RMSE (0.45) 

compared to SWAT. SWAT–GRASSM modestly outperformed SWAT–GRASSD, with 

a R of 0.55, RMSE of 0.44, and a KGE of 0.47 (Figure 5.4). We found that the model 

performance was substantially influenced by the underestimation of two instances of 

high yields (16 Mg/ha) observed at Fairfield in 2007 and 2008. Assuming these points 

as outliers, SWAT–GRASSM achieved a substantial improvement in the simulation of 

biomass yield compared to both SWAT and SWAT–GRASSD in terms of R (0.58 vs 

0.42 and 0.51), RMSE (0.42 vs 0.53 and 0.44), and KGE (0.54 vs 0.28 and 0.48), 

respectively.  
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Figure 5.4. SWAT, SWAT–GRASSD, and SWAT–GRASSM simulated annual dry 

weight biomass yield for all validation sites. 

 

Figure 5.5 compares the observed and simulated biomass yield at each 

validation field site and demonstrates that model performance varied considerably 

across validation field sites (Hancock, Rhinelander, Lake City, Fairfield, and Dekalb) 

and between the models during validation. The observed mean dry weight biomass 

yield varies considerably across the field sites, ranging from 3.6 to 13.8 Mg/ha. In 

general, the three models simulated mean biomass yield well at Rhinelander, Lake City, 

and Fairfield, but showed large bias at Hancock and Dekalb (Table E.5). The varied 

performance of the models across different sites could be caused by the accuracy of 

observed yield data and other input data, such as soil properties and management 

practices. 

Across the five validation sites, SWAT–GRASSM provided comparable or 

improved performance when compared to SWAT and SWAT–GRASSD in terms of R 

and KGE, across the validation sites (Figure 5.5). For most sites, both SWAT–GRASSD 

and SWAT–GRASSM demonstrate good performance as indicated by R and KGE 

values, except for Fairfield and Hancock. It is also worth noting that SWAT–GRASSM 

achieved comparable PBIAS compared with SWAT and SWAT–GRASSD at 
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Rhinelander and Fairfield, and lower PBIAS at Hancock, Lake City, and Dekalb. 

Meanwhile, SWAT achieved lower RMSE at Lake City and Fairfield compared with 

SWAT–GRASSD and SWAT-GRASSM. Similar to the calibration results, although 

none of the three models can outperform the other two in terms of all metrics and at all 

sites, SWAT–GRASSM provided the best overall performance.  

Figure 5.5. SWAT, SWAT–GRASSD, and SWAT–GRASSM simulated annual dry 

weight biomass yield for individual validation field sites. 

 

5.3.2.3 Uncertainty analysis 

 

We calculated the P-factor and R-factor for biomass yield at the eight field sites 

using the final calibrated parameter ranges. The values of P-factor and R-factor are 

listed in Table E.6. The P-factor ranged from 0.13 to 0.63, 0.38 to 0.67, and 0.38 to 

0.83 for SWAT, SWAT–GRASSD, and SWAT–GRASSM, respectively. The R-factor 

ranged from 0.62 to 1.11, 0.97 to 2.18, and 1.73 to 3.10 for SWAT, SWAT–GRASSD, 
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and SWAT–GRASSM, respectively. In general, SWAT–GRASSM and SWAT–

GRASSD obtained P-factor values closer to 1 (or the fraction of observations covered 

in the 95% confidence interval) than SWAT. Notably, the changes made in SWAT–

GRASSM helped it obtain slightly greater P-factor and R-factor values than SWAT–

GRASSD. These results indicate that the modification of crop growth made the model 

to better represent the uncertainties associated with switchgrass yield prediction. 

5.3.3 Assessment of model simulated Leaf Area Index  

LAI is an important plant parameter for all three models for simulating plant 

growth. As measured LAI data for the field sites were not available, we used 

regression-estimated LAI to qualitatively assess the model ability to accurately 

represent LAI dynamics. We compared the seasonal development of LAI simulated by 

SWAT, SWAT–GRASSD, and SWAT–GRASSM against the regression-estimated 

seasonal LAI for upland switchgrass by Madakadze et al., (1998), hereafter referred to 

as CTRL (Figure 5.6). The regression model is based on LAI data measured until the 

late summer months. Therefore, to ensure consistency, we qualitatively evaluate the 

simulated LAI values only up to August. 
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Figure 5.6. Comparison of SWAT, SWAT–GRASSD, and SWAT–GRASSM simulated 

LAI with regression model fitted LAI (Madakadze et al., 1998), where shading 

represents 95% confidence limits. 

 

SWAT and SWAT–GRASSD exhibited earlier and more rapid LAI 

development than the CTRL data, while SWAT–GRASSM simulates lower and gradual 

LAI development from mid-spring months that matches well with CTRL. The broad 

temperature ranges for SWAT–GRASSD within which biomass production can take 

place, allow for plant growth in early spring that contribute to early LAI development. 

In contrast, the relatively high T_BASE and narrow temperature range for plant growth 

(T_BASE = 12.4, ppdf(2) = 49.6, and ppdf(4) = 2.39) in SWAT–GRASSM limited plant 

growth in cooler early spring months. All three models simulate a rapid increase in LAI 

during the early summer months before reaching its peak value in July, in alignment 

with the CTRL data. Also, all three models simulate a gradual decline from July to 

August. Among the three models, SWAT–GRASSM overall better represented the 
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seasonal dynamics of LAI, specifically in spring and early summer. This is likely a 

reason explaining the overall better performance of SWAT–GRASSM.  

5.3.4 Assessment of model simulated root to shoot ratio 

Figure 5.7 compares the simulated RSR across all sites for October. As 

described in Appendix A, SWAT calculates RSR as a function of potential heat unit 

(PHU), which resulted in a nearly constant RSR (0.66-0.67) at harvest. In contrast, 

SWAT–GRASSD and SWAT–GRASSM simulated RSR with much higher variability, 

ranging from 0.55 to 0.90 and 0.62 to 1.05, respectively. The high RSR variability in 

SWAT–GRASSD and SWAT–GRASSM results from the impacts of temperature, 

water, and nutrient on the biomass allocation between root and shoot, which differed 

among the sites. In general, SWAT–GRASSD and SWAT–GRASSM allocate a high 

proportion of biomass to roots in warmer and wetter locations (i.e., AR sites). 

Specifically, the RSR value is high for Fairfield, Orr, and Dekalb, which receive high 

annual precipitation (>934 mm).  
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Figure 5.7. Comparison of SWAT, SWAT–GRASSD, and SWAT–GRASSM simulated 

site averaged mean root-to-shoot ratio (RSR) for October. The color gradient represents 

the average annual temperature for each site. 

 

The RSR values fall well within the broad range of values (0.19–3.07) reported 

in previous observation-based studies (Frank et al., 2004; Jung and Lal, 2011; Sainju 

et al., 2017; Wayman et al., 2014; Zan et al., 2001). The RSR simulated with the three 

models in this study is somewhat similar to the RSR reported by Wayman et al. (2014), 

0.88–0.95, in Nebraska and Pennsylvania where mean annual precipitation ranged 

between 700 and 1120 mm, and by Zan et al., (2001), which reported RSR in the lower 

range of 0.4–0.7 in Quebec, Canada, with a mean air temperature of 6.5°C and an 

annual precipitation of 1062 mm. It is also worth noting that other studies reported 

contrary findings. For example, Jung and Lal, (2011), reported the RSR of 0.19–0.56 in 

Ohio which is smaller than the RSR estimated in this study. Sainju et al. (2017) reported 

high RSR in the range of 1.39–3.07 in Montana, which received low annual 
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precipitation of 271–453 mm. These findings highlight that the variability of biomass 

allocation is not only influenced by climate conditions but also by nutrient and water 

management. Nonetheless, the observed RSR values are highly variable, therefore the 

constant RSR simulated by SWAT is not realistic. The observational data also 

corroborate that both SWAT–GRASSD and SWAT–GRASSM can represent the effects 

of climate on root and shoot development.  

5.3.5. Assessment of model simulated hydrological process and nitrogen cycle 

We evaluated the impact of the differences in biomass production and LAI 

development as simulated by SWAT, SWAT–GRASSD, and SWAT–GRASSM on both 

hydrological processes and the nitrogen cycle. In general, the seasonal cycle of surface 

runoff, evapotranspiration, soil moisture content, and groundwater percolation 

simulated by SWAT, SWAT–GRASSD, and SWAT–GRASSM were similar (Figure 

E.5), with small variations arising from the differences in biomass production and LAI 

development (Figure 5.6). In contrast, we found substantial differences in the seasonal 

plant nitrogen uptake and total soil nitrate content simulated by the models, particularly 

during the early growing season (Figure E.6). SWAT and SWAT–GRASSD simulated 

high plant nitrogen uptake during the early growing season (Figure E.6a) as reflected 

by the early LAI development (Figure 5.6). Meanwhile, SWAT–GRASSM exhibited 

lower nitrogen uptake during this period, leading to an increase in soil nitrate content 

(Figure E.6b). 
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5.3.5 Strengths, limitations, and future directions of the SWAT-GRASS model 

This study integrated and modified the DAYCENT grass sub-model into 

SWAT to improve the representation of biomass production, biomass allocation, and 

nutrient content of perennial grasses, using switchgrass as an example. SWAT 

considers climate conditions and nutrient availability in biomass production but does 

not fully account for their influence on root and shoot biomass allocation. While SWAT 

can satisfactorily simulate the biomass yield, it fails to simulate the high variability 

observed in root biomass allocation under different climatic conditions. This limits 

SWAT’s ability to provide a credible understanding of the complex interactions 

between climate conditions, bioenergy feedstock production, and soil biogeochemistry. 

The SWAT–GRASSD, which incorporates the DAYCENT grass sub-model into 

SWAT, addresses this limitation but falls short in certain aspects. For example, SWAT–

GRASSD does not explicitly account for the influence of canopy leaf area on the 

interception of incident solar radiation and biomass production, resulting in early plant 

growth and overestimation of biomass allocation and LAI in the early growing season. 

The introduction of an additional scaling factor that incorporates the influence of LAI 

dynamics in the SWAT–GRASSM provides an improved estimation of biomass yield 

and LAI development.  

Although none of the three models examined here can consistently outperform 

the others in terms of all metrics, the results show that the overall performance of 

SWAT–GRASSM is comparable to or better than SWAT and SWAT–GRASSD in 

simulating switchgrass biomass yield, in terms of R, KGE, and PBIAS for most cases. 

The improved performance of SWAT–GRASSM in investigating the suitability of 
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perennial grass such as switchgrass for biomass production, which in conjunction with 

other capabilities within SWAT (e.g., water quantity and quality) (Arnold et al., 1998; 

Neitsch et al., 2011) and SWAT-Carbon (e.g., soil organic carbon and riverine carbon 

fluxes) (Liang et al., 2022; Qi et al., 2020a; Zhang, 2018) makes it a powerful tool to 

study environmental impacts of using perennial grasses at the regional scale. 

Note that, despite the more comprehensive algorithms in the two SWAT–

GRASS models that can better represent the aboveground and belowground biomass 

development as influenced by climate, nutrients, and water, multiple aspects of the new 

models could be further improved, such as the representation of processes related to 

the interception of solar radiation, and the development of roots in the soil column. The 

current model assumes the root depth of the perennial plant to be equal to 3 m or to 

span the entire depth of the soil column for the entire growing period. The root depth 

and distribution could affect plant water and nutrient uptake, as well as the distribution 

of soil organic matter. In addition, unlike SWAT, the two SWAT–GRASS models do 

not consider the influence of vapor pressure deficit on radiation use efficiency and 

subsequently impact biomass production. Therefore, further work is deserved to 

improve these processes in SWAT–GRASS to better simulate plant growth and 

biomass production of perennial grass. 

Additionally, several parameters used by the two SWAT-GRASS models, such 

as the fraction of nutrients allocated to the root during the late growing season, vary at 

different ages of perennial plants. The current modification assumes that these 

parameters remain static throughout the lifespan of the plant. This approach could result 

in uncertainties regarding the model's ability to simulate nutrient uptake from soil and 
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nutrient allocation to different plant parts. Also, comprehensive data to evaluate the 

model capability of representing the development of LAI, aboveground biomass, and 

belowground biomass were rarely available. Therefore, more comprehensive model 

assessment awaits future research. 

Collectively, the integration and modification of the new grass sub-model, 

which accounts for water, temperature, and nutrient stress on biomass production and 

allocation to plant shoot and roots, can provide reasonable (i.e. similar or better) 

simulation of biomass yield compared to SWAT. Particularly the SWAT–GRASSM 

holds promise in simulating LAI and root and shoot development under diverse climate 

and management conditions more realistically. These new capabilities make it a 

promising tool to support future studies that examine the potential of switchgrass and 

other perennial grasses for biomass production and their subsequent environmental 

impacts and benefits. We share the new model https://sites.google.com/view/swat-

carbon to facilitate future efforts to apply and further enhance the model developed in 

this study. 

5.4 Conclusion 

We integrated and modified the DAYCENT grass growth module into the 

SWAT model to improve the simulation of biomass production for perennial grasses, 

using switchgrass as a test example. In addition to using the default algorithms in 

DAYCENT (SWAT–GRASSD), we also revised the calculation of potential biomass 

production (SWAT–GRASSM) to incorporate the effect of LAI dynamics. Overall, the 

model improvement includes four major aspects: (1) process-based biomass allocation 

to root and shoot that accounts for the influence of the nutrient and water stress, such 
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that more biomass is allocated to the root with an increase in stress; (2) process-based 

algorithms for plant nutrient demand and uptake during the growing period, and 

nutrient translocation during senescence; (3) biomass loss as surface litter/residue to 

the soil during plant growth and senescence; (4) scaling of potential biomass production 

by LAI to represent the seasonal changes in the interception of solar radiation by the 

plant.  

All three models (i.e., SWAT, SWAT–GRASSD, and SWAT–GRASSM) were 

evaluated at eight field sites (with diverse climatic conditions) in Wisconsin, Michigan, 

and Illinois for biomass yield simulation. Both SWAT–GRASSD and SWAT–GRASSM 

satisfactorily simulated observed yields, and their performance metrics were 

comparable to or better than those of SWAT at the evaluation sites. Particularly, 

SWAT–GRASSD and SWAT–GRASSM can explicitly simulate root and shoot growth 

as influenced by climate, nutrient, and water conditions, thereby providing more 

realistic estimation of the allocation of accumulated biomass and nutrients between 

aboveground and belowground biomass pools. This feature is critical for reliable 

estimates of the role of root in nutrient and carbon cycling. Notably, SWAT–GRASSM 

in general outperformed SWAT–GRASSD in terms of both biomass yield and seasonal 

LAI development. Overall, incorporating DAYCENT’s grass module into SWAT 

added important capabilities to the model for credible assessment of agronomic and 

environmental impacts of growing perennial grasses for biomass production. The new 

integrated SWAT–GRASSM model is a public domain model to support future efforts 

in sustainable bioenergy production. 
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Chapter 6: An objective approach for selecting streamgages 

with near-natural flow 
 

 

6.1 Introduction 

Streamflow observation is a crucial variable in hydrology that provides an 

aggregate response of hydrological processes, including precipitation, 

evapotranspiration, and groundwater flow, within a watershed. Streamflow captures 

the spatial and temporal variation of hydrological processes, which is important for 

understanding the dynamics of a watershed. Therefore, the hydrological and land 

surface models that are widely used to study regional hydrology and simulate 

streamflow across diverse climatic conditions (Choi et al., 2013; Lawrence et al., 2019), 

are generally calibrated with observed streamflow. Calibrated hydrological models 

help improve the reliability of the representation of streamflow and water budget 

components such as evapotranspiration, surface runoff, and groundwater recharge. 

Additionally, streamflow is widely used to identify long-term trends and assess the 

impacts of climate variability and extreme events on hydrological processes (Lins and 

Slack, 2005; Zhang et al., 2001). Scientists and water resource managers are 

increasingly integrating streamgage data, along with complementary remotely sensed 

hydrological datasets, such as precipitation, evapotranspiration, and soil moisture. 

These studies seek to address questions about historical trends and hydrological 

responses to climate variability, land use change, and evolving water management 

practices (Coleman and Budikova, 2013; Dudley et al., 2020; Kisi, 2010; Ryberg et al., 

2016; Yasarer et al., 2020).  
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Given the increased risks of floods and droughts, exacerbated by the high 

climate variability, and the intensification of the hydrologic cycle in the future (IPCC, 

2023), the reliable assessment of the spatial-temporal variability of the hydroclimatic 

variables and their effect on water resource availability is essential for sustainable water 

resource management. Conventionally, near-natural streamflow data are used for 

model calibration and observational analysis for environmental impact assessments. 

However, most of the watersheds of interest are agricultural watersheds or those 

influenced by human activities. It is worth noting that most of the large-scale 

hydrologic models overlook the human impacts on streamflow.  Furthermore, most of 

the streamflow data are affected by human activities, such as reservoir operation, 

diversion of water for irrigation, and irrigation runoff (Kustu et al., 2011) leading to 

potential inaccuracies in the observational analysis and model results if streamflow data 

from substantially regulated basins are used. This makes it imperative to select 

minimally influenced streamgages where the flow variations are primarily driven by 

climate factors such as precipitation. The selection of minimally influenced 

streamgages for observational analysis and model optimization and evaluation will 

improve the overall accuracy in the representation and understanding of hydrological 

processes. Also, these streamgages serve as the reference to identify human impacts. 

There are few objective or semi-objective data-driven approaches for selecting 

near-natural streamgages with long-term records that account for basin properties. Two 

commonly used streamgage databases are Geospatial Attributes of Gages for 

Evaluating Streamflow (GAGES-II) (Falcone, 2011) and U.S. Geological Survey 

(USGS) Hydro-Climatic Data Network-2009 (HCDN-2009) (Lins, 2012). The 
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GAGES-II and HCDN-2009 (a subset of the GAGES-II) databases utilize multiple 

criteria to assess the extent of human influence on streamflow. These criteria include 

data availability (20 years of complete data from 1950 for GAGES-II), watershed 

characteristics, a hydrologic modification index based on GIS-derived variables (e.g., 

presence of dams, reservoir storage, road density, fragmentation of undeveloped land), 

visual inspections of stream gages and drainage basins using high-resolution satellite 

imagery and digital topographic imagery (Lins, 2012). The HCDN-2009 dataset is 

considered to include the streamgages that are minimally affected by anthropogenic 

influences (Lins, 2012; Newman et al., 2015), and is widely used to evaluate the effect 

of climate variability, land use change, and water withdrawal on streamflow (Addor et 

al., 2017; Dudley et al., 2020; Hodgkins et al., 2019; Zhou et al., 2021).  

However, the GAGES-II and HCDN-2009 dataset has some notable drawbacks. 

For instance, both reference and non-reference streamgages have large variations in the 

hydrologic disturbance index. Hence, the hydrologic disturbance index may not 

accurately represent the extent of hydrologic alteration in the basin (McManamay et 

al., 2012). Additionally, it has sparse spatial coverage across the contiguous U.S. 

(CONUS) and many of these streamgages have relatively small drainage areas. 

Moreover, it is not completely free from anthropogenic influences (Falcone et al., 2010; 

Miller and Piechota, 2011). These gages cannot reflect current and future natural 

streamflow regimes because of human activities that may have occurred after 2009. 

Therefore, the streamgages in HCDN-2009 are more useful for studies at the watershed 

scale than the regional scale.  Regional scale studies require good spatial coverage with 

highly heterogeneous watersheds. Moreover, the framework used for identifying 
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reference streamgages is not applicable in other regions of the world due to the lack of 

data required to determine the anthropogenic modification index. Recent studies have 

presented alternative approaches to identify minimally influenced streamgages. For 

example, Zhou et al. (2021) used criteria such as length of the data record, reservoir 

capacity, runoff ratio, and drainage area, to identify near-natural streamgages and 

investigate the hydroclimatic influence of vegetation on streamflow. Sando and 

McCarthy, (2018) considered streamflow to be unregulated if the cumulative drainage 

area of all upstream dams were less than 20% of the streamgage drainage area. Marti 

and Rydberg, (2023) developed an objective approach to identify substantially 

regulated streams based on the dam disturbance metrics (Wieczorek et al., 2021). 

Similarly, Carlisle et al. (2016, 2009) used empirical statistical models, which required 

a large number of predictor variables, to identify natural streamflow condition. 

Although recent advancements in methodologies offer potential improvements for 

selecting minimally influenced streamgages, there is a lack of a simple data-driven 

objective approach in selecting streamgages with wide spatial coverage and 

representing the landscape relevant to the people experiencing the impact of climate 

variability (Dudley et al., 2020).  

To address this issue, we developed and applied a selection algorithm to identify 

the acceptable reference streamgages that have minimal human disturbances. Since 

precipitation is the major water source for streamflow, the changes in streamflow 

should be highly sensitive to changes in precipitation unless human interventions, such 

as dam operations, alter natural flow. Although the mean precipitation has been used 

in the GAGES-II to characterize the watershed, one important and straightforward 

https://www.zotero.org/google-docs/?me1REi
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metric overlooked is the correlation between precipitation and streamflow. Assuming 

a watershed system is impacted only by natural water sources and sinks, the streamflow 

should be well correlated with precipitation. Using correlation analysis between 

precipitation and streamflow as a primary tool in the robust data-driven selection 

algorithm, we investigated if the precipitation-streamflow correlation can be used as an 

indicator to associate the hydrologic alteration in watersheds due to human activities. 

We examined the spatial and temporal pattern of precipitation-streamflow correlation 

and determined the threshold of correlation value based on which streamgages are 

classified into reference (minimally influenced) and non-reference streamgages. 

Finally, we utilized the streamflow data from the reference streamgages to assess the 

precipitation and streamflow trend and characterize the regional characteristics across 

the contiguous United States (CONUS). 

 

6.2 Materials and Methods 

6.2.1 Precipitation and streamflow 

The daily precipitation data used in this study was obtained from the NOAA 

Global Historical Climatology Network Daily (GHCND) dataset (Menne et al., 2012). 

The GHCND has good temporal coverage from 1880 to the present. We identified 

GHCND stations with at least 40% available records during 1951-2020 in the CONUS. 

A total of 8,516 stations of daily precipitation data were selected based on these criteria. 

We constructed a 30×30 km2 gridded daily precipitation dataset from the GHCND 

station data. The steps involved in constructing the gridded precipitation data are 

described as follows: 
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1. The climate station data were remapped to the 30×30 km2 grid cells using the 

natural neighbor interpolation tool in ArcGIS. The advantage of natural 

neighbor interpolation is that it uses a Voronoi map to identify the region of 

influence of each climate station, which is used to calculate the weights of each 

climate station based on proportionate areas to each grid cell. The precipitation 

value for each grid cell was then calculated using area-weighted averages of 

neighboring climate stations.  

2. To adjust for elevation differences between GHCND station locations and the 

grid cell, the Parameter-elevation Regressions on Independent Slopes Model 

(PRISM) (Daly et al., 1994) precipitation dataset was used. The topographic 

adjustment involved conservative mapping of PRISM data to the 30km grid. 

Then the monthly mean value from PRISM was divided by the gridded station 

data to get the ratio at each grid cell.  

3. This monthly ratio was multiplied by the daily gridded value from Step 1 to get 

the final elevation-adjusted gridded daily precipitation data. 

We obtained the daily streamflow observations for streamgages from the 

USGS. We selected streamgages with daily streamflow data from 1979 to 2020, which 

consists of 24,219 streamgages within the CONUS. 

 

6.2.2 Watershed characteristics 

We obtained several basin characteristics from the GAGES-II dataset, 

specifically, reservoir storage capacity (Ml/km2) within the basin, base flow index 

(BFI), drainage area (km2), basin elevation (m), watershed fragmentation (%), irrigated 
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area (%), dam density (number of dams per 100 km2), road density (km of roads per 

watershed area), impervious area (%), and developed area (%). These basin 

characteristics are used to identify the human disturbance within a watershed. 

 

6.2.3 Streamgage selection criteria 

We propose a simple four-step method, primarily based on a combination of 

machine learning clustering method and correlation analysis to identify minimally 

disturbed streamgages in the CONUS. From the pool of 24,219 streamgages, we 

identified the streamgages as reference (minimally disturbed) or non-reference 

streamgages based on the following steps: 

1. Length of data record: Streamgages should have at least 75% of the daily 

streamflow data for the period of 1979-2020. Zhou et al., (2021) used similar 

thresholds to select streamgages. This criterion for the record length is essential 

to detect meaningful variations and trends in streamflow.   

2. K-means clustering: K-means clustering is an unsupervised machine learning 

algorithm that partitions a dataset into distinct clusters with data points having 

similar properties (Hartigan and Wong, 1979). It has been widely used in the 

identification of hydro-climatologically similar watersheds for environmental 

assessment and model optimization (Farsadnia et al., 2014; Rateb et al., 2020). 

K-means clustering is simple, flexible, and can process large datasets quickly 

(Aytaç, 2020). This method offers a data-driven approach to group different 

watersheds based on their characteristics that reflect human disturbance. We 

applied K-mean clustering based on the basin characteristics that are 
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representative of the hydrologic disturbances. In particular, we included 

watershed fragmentation (%), irrigated area (%), dam density (number of dams 

per 100 km2), road density (km of roads per watershed area), impervious area 

(%), and developed area (%) as a measure of hydrologic disturbance within the 

basin. These basin characteristics have been widely used in previous studies 

(Eng et al., 2019; Falcone, 2011; Lins, 2012) to classify watersheds into 

minimally disturbed and regulated streamgages. We grouped the streamgages 

into an optimal number of clusters, and we selected the cluster with minimum 

mean values of all hydrologic disturbance measures. 

3. Runoff ratio: The runoff ratio represents the conversion rate of precipitation to 

total runoff within a basin. It is strongly influenced by climatic conditions 

(precipitation, temperature, etc.), basin characteristics (slope, elevation, soil, 

land cover, etc.), and human activities (Huo et al., 2021; Li et al., 2020; Merz 

and Blöschl, 2009). In the context of human activities, there is a potential for 

interbasin water transfer, i.e., the transfer of water into a basin through canals 

or pipelines. This can substantially increase the runoff ratio. Therefore, the 

runoff ratio has been used to identify watersheds impacted by interbasin water 

transfer (Newman et al., 2015). In this study, we established a threshold value 

for runoff ratio based on GAGES-II reference streamgages. The runoff ratio is 

calculated as the ratio of mean annual streamflow to basin averaged annual total 

precipitation. We calculated the threshold as the 95th percentile of the runoff 

ratio from these streamgages. We then excluded the basins with runoff ratio 

exceeding the threshold from further analysis.  
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4. Correlation analysis: In this study, we used correlation analysis between 

basin-averaged precipitation and streamflow to further screen for regulated 

streamgages. This analysis consists of two steps: (1) calculation of Spearman’s 

rank correlation (R) at multiple time steps and lag period, and (2) determination 

of correlation threshold for the classification of streamgages. Due to distinct 

regional hydro-climatic regimes across the CONUS, streamflow with minimal 

influence from human activities should show a response to variation in 

precipitation at multiple timescales ranging from days to months. We 

performed the cross-correlation analysis between precipitation and streamflow 

at multiple timescales (ranging from 1 to 30 days at an increment of 5 days). 

We used basin-average precipitation since streamflow responds to precipitation 

events within the watershed (Cheung et al., 2008). To remove spurious 

correlation resulting from human activities (i.e., a maximum correlation was 

detected at longer lag periods for which physical interpretation was not 

possible), we removed the correlation values with the lag period exceeding the 

75 percentile of the distribution of lag period for each timescale. Finally, we 

determined the correlation threshold by characterizing the frequency 

distribution of maximum correlation into two groups by applying the Gaussian 

mixture model algorithm. This method uses a probabilistic approach to group a 

given dataset into multiple Gaussian distribution that approximates the 

distribution of a given dataset (He, 2013; Luke et al., 2017). We separated the 

streamgages into two clusters representing the high and low correlation values. 

We used the median correlation value estimated from the low correlation cluster 

https://www.zotero.org/google-docs/?TTozOA
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as a threshold to classify the streamgages as reference or regulated. We 

classified the streamgages with maximum correlation value (p-value ≤ 0.05) 

exceeding the threshold as reference and remaining streamgages as regulated. 

6.2.4 Trend analysis 

We further examined the trend in precipitation and streamflow for selected 

reference streamgages within the CONUS using the non-parametric Mann-Kendall 

trend test (Kendall, 1948; Mann, 1945). The Mann-Kendall (MK) test is a widely 

employed method for detecting monotonic upward or downward trends in hydro-

climatology. One of its advantages is that it does not require data to follow a particular 

distribution or have a complete record for the entire analysis period. However, when it 

comes to streamflow, the serial correlation poses a challenge, making the conventional 

MK test unsuitable. To address this, we utilized the pre-whitened MK test in this study 

to eliminate the influence of serial correlation.  

The Mann-Kendall test determines whether to accept the null hypothesis 

(absence of monotonic trend) or accept the alternative hypothesis (presence of 

monotonic trend). The MK test is applied to the total annual basin-averaged 

precipitation and streamflow for the period of 1979 to 2020. In this study, the p-value 

of 0.05 is used to classify the significance of the trend. The magnitude of trends was 

calculated using Sen's (1968) slope (Theil, 1992). Previous studies analyzing the trends 

of hydroclimatic variables in CONUS have found that precipitation and streamflow 

exhibit different seasonal behavior (Dethier et al., 2020; Lins and Slack, 2005; Martino 

et al., 2013; Ryberg et al., 2016). Therefore, trend analysis for four climatological 

seasons was performed as well. Seasons are defined as spring (March, April, May), 
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summer (June, July, August), fall (September, October, November), and winter 

(December, January, February). 

6.3 Results 

6.3.1 Cluster analysis 

The optimal number of clusters is three based on the silhouette score (Figure 

F.1). The three clusters have distinct frequency distributions for watershed 

fragmentation, urban area, road density, and irrigated area (Figure F.2). Cluster 1, 

Cluster 2, and Cluster 3 account for about 59.5%, 35.5%, and 5% of streamgages, 

respectively. Cluster 1 has the minimum mean values for the disturbance measures. For 

example, the median basin developed area, impervious area, basin fragmentation, and 

dam density are 2.5%, 0.3%, 14.3%, and 0.46, respectively. The developed area and 

impervious area within watersheds categorized into Cluster 1 generally remain well 

below 10% and 5%, respectively, aligning with the criteria provided by Hodgkins et al. 

(2019) for identifying the least disturbed watersheds. This indicates that Cluster 1 

represents the streamgages with lower human disturbance on the streamflow. The 

streamgages in Cluster 2 and Cluster 3 have high human disturbances and are 

categorized as regulated. 

6.3.2 Runoff ratio 

The threshold runoff ratio calculated from the streamgages, categorized as the 

GAGES-II reference streamgages, is 1.04. This is close to the water limit line (runoff 

ratio =1). Most of the basins lie well below the water limit line with large variability in 

runoff ratio indicating the influence of heterogeneous climatic conditions and basin 
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characteristics (Figure 6.1). The streamgages below the runoff ratio threshold have a 

median runoff ratio of 0.33, while the excluded streamgages have a median runoff ratio 

of 1.37. In this study, the runoff is calculated from the observed streamflow, hence it 

includes both direct runoff and baseflow. Therefore, the runoff ratio of some selected 

streamgages could exceed 1.0 where baseflow has a dominant contribution to the 

streamflow. Nevertheless, a high runoff ratio of excluded streamgages (>1.04) 

indicates a substantial anthropogenic effect on streamflow due to activities such as 

return flow from irrigation, substantial reservoir operation, and urban settings. The 

urban setting and water management practices can affect the contribution of baseflow 

and surface runoff to streamflow by changing the soil permeability and flow pathways 

(Nunes et al., 2011).  

We find high variability in runoff ratio among the water resource divisions with 

the median runoff ratio varying between 0.05 and 0.53. In the dry central US, the runoff 

ratio is low for most basins with a median runoff ratio of 0.13, while in wet eastern and 

western coastal regions runoff ratio is high with a median value of 0.39 and 0.38, 

respectively. The large variability across the region indicates that hydro-climatic 

condition is an important control of the runoff ratio. 
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Figure 6.1. Distribution of runoff ratio (ratio of streamflow to precipitation) and basin 

average precipitation corresponding to streamgages selected from cluster analysis. The 

horizontal black line indicates the water limit. 

 

6.3.3 Correlation analysis 

From a pool of 24,219 streamgages, 2,101 are selected for correlation analysis 

consisting of 506 (24%) streamgages classified as reference gages in GAGES-II. 

Cluster analysis helps screen streamgages whose streamflow is influenced by human 

disturbance to some extent. Notably, numerous streamgages located downstream of the 

Upper Mississippi, Missouri, and Great Lakes region are excluded from the correlation 

analysis (Figure F.3b). These areas are recognized for their extensive agricultural 

activities and water management operations, which substantially influence the 

streamflow. However, the distribution of maximum correlation calculated for the 

streamgages screened after cluster analysis and examining the runoff ratio shows the 
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presence of streamgages with a weak correlation between precipitation and streamflow 

(Figure 6.2). This indicates that watershed classification based on human disturbance 

measures alone is not sufficient to determine the reference condition of streamgages.  

The threshold correlation value estimated from the Gaussian mixture model is 

0.32. Streamgages with a maximum correlation ≥0.32 are considered as reference and 

the remaining streamgages as non-reference (i.e., regulated). After the correlation 

analysis, 1,544 streamgages are categorized as reference streamgages, which provide 

broad spatial coverage across the CONUS (Figure F.3b). About 19% (n=97) of the 506 

reference streamgages in GAGES-II, selected for correlation analysis, have R<0.32 and 

are classified as non-reference after correlation analysis. This indicates that local 

human disturbance has changed since the conception of the GAGES-II dataset in these 

basins. The regional distribution of reference streamgages identified in this study, 

including reference gages in GAGES-II, are provided in Table F.1. The drainage area 

of reference streamgages ranges from 2 to 49,264 km2, with a median drainage area of 

867 km2. The basin elevation ranges from 7 to 3,245 m, with a median elevation of 570 

m.  
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Figure 6.2. Comparison of the frequency distribution of maximum correlation for 

streamgages selected after steps 3 and 4 of the selection algorithm. 

 

6.3.3.1 Relationship between watershed features and precipitation-streamflow 

correlation 

 

We examined the relationship between basin characteristics, particularly mean 

basin elevation and baseflow index, and precipitation-streamflow correlation. We 

selected these two variables due to their strong relationship with climatic conditions 

and streamflow (Falcone et al., 2010; Lins, 2012). A comparison between two groups 

of basins, one selected for correlation analysis and the other excluded, shows that the 

excluded streamgages have no discernible relationship between R and basin elevation 

and baseflow index (Figures F.4a and F.4c). In contrast, the streamgages selected for 

the correlation analysis generally show an increase in R as both elevation and baseflow 

index decrease (Figures F.4b and F.4d). 
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6.3.3.2 Spatial and temporal distribution of correlation 

 

We assessed the regional characteristics of the spatial and temporal 

relationships between precipitation and streamflow correlation at the water resource 

division scale, which represents regions with major river systems in the U.S. as defined 

by the 2-digit Hydrologic Unit Codes of the USGS (Figure F.3a). Figure 6.3 shows the 

spatial relationship between precipitation and streamflow correlation at multiple 

temporal scales and lag periods for streamgages selected for correlation analysis. In 

general, we found a significant correlation at the monthly scale (25 to 30 days) across 

all water resource divisions (Figure 6.3a). About 69.3%, 22.5%, and 5% of streamgages 

show maximum correlation at the timescale of 30, 25, and 1 day, respectively (Figure 

F.5). Notably, the R is high at smaller timescales (1D to 15D) for streamgages in 

California, the western Pacific Northwest, southeastern Missouri, Upper Mississippi, 

Ohio, and the western South Atlantic Gulf.  

At a smaller time scale, multiple factors contribute to noises in precipitation-

streamflow relationships resulting in low correlation values for most streamgages. For 

example, most of the precipitation in the Rocky Mountains occurs in the form of snow 

in winter which contributes to streamflow in a longer time scale (months to seasons). 

Likewise, in Florida, basins are dominated by sandy soils which promote infiltration. 

A large fraction of precipitation is transported to the river through subsurface processes 

(such as lateral flow and baseflow). As a result, it takes a long time to observe the 

response of streamflow to precipitation events. When a larger time step is used, most 

of the noises are smoothed out and hence correlation may increase, as indicated by the 

spatial distribution of correlation across the CONUS, particularly over the Rocky 
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Mountains (Figure 6.3). Hence, with the increase in temporal scale the number of 

streamgages showing significant correlation (R≥0.3) also increased. 

The streamgages with the highest correlation are concentrated across a narrow 

corridor spanning from the Gulf Coast and Texas in the South to the Ohio Valley, and 

the northeastern Mid-Atlantic region with a temporal scale of 20D to 30D. Notably, the 

highest correlation with the temporal scale ranging from 1D to 30D is found along the 

western coastal region, which is characterized by highly variable spatial and temporal 

precipitation patterns, topography, and climatic conditions. The heterogeneity in the 

temporal scale of the correlation between precipitation and streamflow at different lag 

periods suggests that in addition to climatic conditions other than precipitation, factors 

such as temperature and watershed characteristics also play a substantial role in 

determining the streamflow response to changes in precipitation. 

Figure 6.4 shows a boxplot of the maximum lagged correlation by water 

resource divisions in the CONUS, which illustrates the regional differences in the 

distribution of correlation. In general, streamgages with significantly high correlation 

(R ≥ 0.5) are concentrated in the Lower Mississippi, the South Atlantic Gulf, the 

Tennessee, Ohio, and the Mid-Atlantic. Meanwhile, streamgages with low correlation 

(R < 0.5) are concentrated in the Upper Colorado, eastern parts of the Pacific Northwest 

and California, and western parts of the Upper Mississippi. The snowmelt runoff is the 

major contributor to streamflow in these regions during the spring months. The delayed 

response of streamflow to precipitation events in these regions contributes to the low 

correlation values. 
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Figure 6.3. Maximum lag-correlation between basin-averaged precipitation and 

streamflow at multiple time windows (1D-30D) from 1979 to 2020 (a) and lag period 

corresponding to the maximum correlation. The streamgages with a data record length 

of 75% are shown here. The marker type indicates the temporal scale at which the 

maximum correlation was calculated.  
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Figure 6.4. Distribution of correlation for each water resource division in CONUS.6.3.4 

Trend analysis 

 

6.3.4 Trend analysis 

6.3.4.1 Annual precipitation and streamflow 

 

The spatial distribution of annual precipitation and streamflow trends shows 

two distinct regions with opposite trends (Figure 6.5). In the Upper Colorado, the 

Lower Colorado, and the northern parts of Rio Grande decreasing trends in 

precipitation are observed. In contrast, across most of the central and eastern U.S., there 

is an increase in precipitation trends (Figure 6.5a), consistent with the findings reported 

by Bishop et al. (2019).  

The spatial distribution of streamflow trends is similar to precipitation trends 

for most streamgages (Figure 6.5b). For example, regions with positive streamflow 
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trends, such as Ohio, New England, Mid-Atlantic, and northern parts of Upper 

Mississippi, are coherent with the corresponding precipitation trends in those regions. 

Similar trends in annual streamflow are also reported by Zheng et al. (2021). The spatial 

coherence in the precipitation and streamflow trends indicates the presence of common 

climatological factors acting in these areas, resulting in a uniform response. 

Additionally, these regions correspond with the streamgages showing the largest 

correlation between precipitation and streamflow and experiencing the largest increase 

in total annual precipitation. 

In contrast, the Souris Red Rainy, the Great Lakes, the Arkansas-White-Red, 

the South Atlantic Gulf, southern parts of the Mid-Atlantic, and Tennessee experience 

increasing precipitation trends that do not result in increasing streamflow trends. Most 

of the streamgages in these regions show no trend, and in some cases even exhibit 

decreasing trends. This indicates that the streamflow trends in these regions are 

influenced by a combination of factors beyond just precipitation, including 

temperature, land use, and watershed properties. The hydrological influences from 

precipitation, temperature, and vegetation may have contributed to an absence of trend 

in streamflow within these regions (Stahl et al., 2010).  
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Figure 6.5. Spatial distribution of annual (a) precipitation and (b) streamflow trends for 

the period of 1979-2020. 

 

6.3.4.2 Seasonal precipitation and streamflow 

 

The precipitation trend in the CONUS varies distinctly across different regions 

and seasons (Figure 6.6). In spring, precipitation increased in the Great Lakes, Souris 

Red Rainy, Upper Mississippi, and Arkansas White Red. Meanwhile, precipitation 

decreased in Upper and Lower Colorado. In summer, precipitation increased in the 

eastern U.S., but no significant trend was observed in the Great Lakes region. Notably, 

in the fall, the central and eastern U.S. did not exhibit any significant trends. 

Meanwhile, summer and fall precipitation decreased significantly in California, Pacific 

Northwest, and Upper Colorado. In winter, the precipitation increased in the Northeast 

and Midwest regions while no trends were observed in the Western U.S. The spatial 

pattern of season precipitation trend is similar to the results reported by Ficklin et al. 

(2016) for most seasons, except for winter. Ficklin et al. (2016) found increased 

precipitation in the western U.S. and decreased precipitation in the south and 

southeastern coastal U.S., while we found no such trend. It is important to note that 
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Ficklin et al. (2016) used mean precipitation corresponding to 674 HCDN-2009 

streamgages in their analysis, while our study utilized total precipitation. Likewise, 

Bishop et al. (2019) found an increasing trend in precipitation during fall in the 

southeast U.S. However, our findings indicate no trend in fall precipitation. Moreover, 

we observed the largest increase in precipitation in the southeast during summer, in the 

northeast during winter, and in the upper Midwest during spring. 

Figure 6.6. Spatial distribution of seasonal precipitation trend for the period of 1979-

2020. 

 

The seasonal streamflow trends exhibit less seasonal variability but with 

varying magnitudes as shown in Figure 6.7. In the western U.S., including Upper and 

Lower Colorado, California, and the southern parts of the Pacific Northwest, we 

observe decreasing trends in streamflow. Interestingly, even though no winter 

precipitation trend is evident in the Upper and Lower Colorado, these regions show 
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decreasing streamflow trends. Notably, the slope of the trend in these regions is 

relatively small (±0.4mm/yr). The decoupling of precipitation and streamflow trends 

during the winter season likely suggests a delayed response of streamflow to fall 

precipitation, potentially influenced by baseflow dynamics on watershed hydrology 

during winter (Ficklin et al., 2016). 

Figure 6.7. Spatial distribution of seasonal streamflow trend for the period of 1979-

2020. 

 

In the northcentral U.S., we identify consistent but weak increasing trends in 

streamflow for all seasons. In the eastern U.S., the seasonal streamflow trends present 

a mix of both increasing and decreasing patterns. Numerous streamgages in Ohio, Mid-

Atlantic, and New England exhibit strong positive trends during winter. Interestingly, 

the mixed streamflow trends in the southeastern U.S. despite an increasing precipitation 

trend, suggest a disconnection between precipitation and streamflow trends. This is 
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likely due to high evapotranspiration in these regions, leading to drier soils, thereby 

offsetting the impact of increased precipitation. 

6.4 Discussion 

While streamflow data are becoming widely accessible, insufficient 

information on topography, water use, land use, and the impact of human activities in 

the basins, constrain the rigorous quality checks necessary for identifying reference 

streamgages. Nonetheless, several studies have used commonly available basin 

characteristics, such as reservoir volume, fraction of urban area, an analysis of basin 

water balance components, and even visual inspection as a quality check procedure to 

categorize streamgages as reference or regulated. Despite these efforts, a simple and 

objective approach that utilizes easily accessible hydro-climate and basin properties 

datasets for identifying reference streamgages is lacking. In this study, we proposed a 

selection method primarily based on a clustering algorithm and correlation analysis 

between precipitation and streamflow at various temporal scales and lag periods, 

complemented by a systematic screening process using basin properties to identify 

streamgages with minimally disturbed streamflow.  

We used K-means clustering to group watersheds based on their characteristics 

that reflect various aspects of human disturbance. While K-means provides a simple 

and fast approach, alternative advanced techniques, such as hierarchical clustering or 

random forests could provide more refined grouping, leading to more accurate 

identification of reference streamgages. The watershed characteristics representing the 

human disturbance used in our analysis were obtained from the GAGES-II dataset, 

which represents the watershed condition before 2009. To further enhance the accuracy 
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of reference streamgage identification, the use of human disturbance measures derived 

from more recent remotely sensed datasets is needed. 

The near-natural streamflow is an important consideration in water resource 

assessment and hydrologic modeling studies, as it provides a more accurate and 

representative response to hydroclimatic conditions of the basin. Most of the studies 

investigating the relationship between climate variability and streamflow have 

emphasized the importance of objective data-driven approaches for the selection of 

near-natural streamgages (Eng et al., 2019; McManamay et al., 2022). These studies 

have primarily used either HCDN-2009 or GAGES-II reference streamgages, which 

are further screened based on data record length. While this approach helps identify 

appropriate streamgages for further analysis, its applicability is limited to the U.S. due 

to the complexity involved in constructing these datasets. The selection process 

includes multiple screening stages, including the visual examination of topographic 

maps and expert judgments at the watershed level, which requires time-consuming 

analyses and resources. This makes it difficult to develop a similar dataset in other data 

sparse regions. In contrast, the selection method introduced in this study offers a simple 

and objective alternative that can be easily implemented in data-sparse regions. The 

reference streamgages identified in our study cover diverse basin characteristics and 

have a large sample size, which will help improve the generalization of environmental 

and anthropogenic impact assessment. These streamgages also serve as valuable 

calibration and validation points for hydrological models, thereby it could help enhance 

the accuracy and confidence in model projections.  
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We used the reference streamgages identified in this study to examine the 

spatial patterns of the precipitation and streamflow trends. The spatial patterns of 

precipitation and streamflow trends on annual and seasonal scales are similar to the 

findings of previously published studies (Hodgkins et al., 2019; Ryberg et al., 2016). 

However, our trend analysis revealed interesting anomalies in the southeastern U.S. 

and the Mid-Atlantic region. Despite an increasing annual precipitation trend, most 

streamgages showed no trend in annual streamflow, while some even exhibited a 

decreasing trend. Similar anomalies have also been reported in some streamgages in 

Europe by Stahl et al. (2010). These anomalies can be attributed to the high sandy soil 

content in basins across the southeastern U.S., allowing these basins to retain additional 

precipitation as basin storage, thereby resulting in no trend in streamflow. To better 

understand these anomalies, further investigation is needed by taking into consideration 

additional variables such as temperature, land use, and water balance components, 

which can substantially influence hydrological processes. For instance, land use change 

can impact runoff, evapotranspiration, and soil infiltration, subsequently affecting 

streamflow trends (Zeng et al., 2021).  

6.5 Conclusion 

In this study, we present a simple and objective method for identifying reference 

streamgages. We use K-means clustering to identify a group of basins with minimum 

human disturbance. We then apply the correlation analysis between basin-averaged 

precipitation and streamflow to further screen for regulated streamgages in two stages: 

(1) calculating Spearman’s rank correlation at multiple time steps and lag period, and 

(2) determining the correlation threshold using Gaussian mixture model algorithm to 
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classify streamgages as reference or regulated. The selection method identifies 1,544 

streamgages as reference streamgages, which provides broad spatial coverage across 

the CONUS. Notably, numerous streamgages located downstream of the Upper 

Mississippi, Missouri, and Great Lakes region are categorized as regulated 

streamgages. 

We found regional differences in the spatial distribution of the correlation 

between precipitation and streamflow. The streamgages with the highest correlation are 

concentrated in the western coastal U.S. and across a narrow corridor spanning from 

the Gulf Coast and Texas in the South to Ohio Valley, and the northeastern Mid-

Atlantic region. We also found a distinct relationship between the correlation and basin 

characteristics for the streamgages selected for correlation analysis. We found that 

generally correlation increases as both basin elevation and baseflow index decrease.  

We further analyzed annual and seasonal precipitation and streamflow trends 

across the CONUS for reference streamgages. The northeast and southwest U.S. show 

consistent but opposite trends in annual precipitation and streamflow. Seasonal 

precipitation trends vary distinctly across different regions and seasons, while seasonal 

streamflow trends show less seasonal variability in the CONUS. In contrast, we found 

a mix of increasing and decreasing streamflow trends in the southeastern U.S. despite 

an increasing precipitation trend. This indicates a disconnection between precipitation 

and streamflow trends, likely due to high evapotranspiration in these regions that offset 

the impact of increased precipitation. 

As the water resource management strategies for climate resilience will require 

periodic examination and evaluation of existing streamgages, the streamgage selection 



 

 

180 

 

approach presented here can be valuable. It will assist water resource managers and the 

regional hydrologic modeling community in identifying and selecting appropriate 

streamgages to assess the impact of climate change and land use changes on hydrologic 

processes or to optimize hydrologic models for improved representation of water 

balance and land-atmosphere interactions. 
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Chapter 7: Future Work 
 

 

In this study, the irrigation sub-model and plant growth sub-model of the SWAT 

model were enhanced to provide an improved representation of water management 

practices, and biomass production and allocation for perennial grasses. The SWAT 

project was configured for the U.S Northern High Plains (NHP) aquifer region run 

using the modified model, which has shown to provide reasonable simulation of 

hydrological processes and agricultural production in the region. I am working on 

enhancing the plant (grass and forest) sub-model in the Soil and Water Assessment 

Tool-Carbon (SWAT-Carbon) (Zhang et al., 2013b) to improve the estimation of 

biomass production and allocation, as well as nutrient and carbon cycling of perennial 

bioenergy grasses like Switchgrass and Miscanthus. I plan to apply the modified SWAT-

Carbon on large watersheds such as NHP, and further assess the influence of climate 

feedback scenarios on the soil organic carbon and nutrient cycling in the NHP. I plan 

to expand this modification to model forest ecosystem and integrate it into SWAT-

Carbon to improve the representation of hydrologic and carbon cycling for forest and 

incorporate rapidly growing remotely sensed datasets representing plant phenology and 

hydrologic processes, to improve model representation of biogeochemical variables. 

These model improvements will provide guidance for better watershed conservation 

practices to help improve water quality. 

Furthermore, this study also presented a data-driven objective approach to 

screen near-natural streamgages. The annual and seasonal trend analysis of 

precipitation and streamflow associated with the selected streamgages shows results 

consistent with the published studies and reveals interesting anomalies in precipitation 



 

 

182 

 

and streamflow trends in the southeastern U.S. that were otherwise ignored. I plan to 

expand this analysis to examine the streamflow response to historical and future 

changes in large scale regional circulation patterns such as Great Plains Low Level Jet. 

Additionally, I plan to utilize the streamflow data from the selected near-natural 

streamgages to evaluate their impact on hydrological model optimization and model 

performance. The results from these experiments will help to establish the newly 

developed screening method as a standard approach to identify near-natural 

streamgages that could be easily implemented in data scarce regions. 
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Appendix A. SWAT model results for the Northern High 

Plains Aquifer region 
 

A.1 SWAT setup 

A.1.1 Reservoir parameters and operation 

Reservoir operations were simulated using the target release method with a 

specified minimum and maximum monthly discharge. The target release method 

represents the general rules of reservoir operation (water preservation and flood 

control) and simulates reservoir water release as a function of reservoir target storage. 

The reservoir target storage is set at the emergency spillway elevation for the non-flood 

season and at the primary spillway elevation for the flood season. The minimum and 

maximum monthly flow from each reservoir was estimated based on the discharge 

information obtained from US Army Corps of Engineers (USACE), US Bureau of 

Reclamation (USBR) and US Geological Survey (USGS) and converted to the SWAT 

input format. Reservoir parameters such as surface area and storage volume at the 

principal spillway and emergency spillway were obtained from the USACE and the 

USBR (USBR, 2019; USACE, 2013). The reservoirs simulated in the model and their 

corresponding parameters are listed in Table A1. 

Table A.1. Reservoir summary 

S.No Name ESA1 

(ha) 

EVOL2  

(104 m3) 

PSA3 

(ha) 

PVOL4  

(104 m3) 

1 Bonny reservoir  2038.07 15889.69 133.96 88.32 

2 Box butte  reservoir  832.87 5638.24 649.54 3830 

3 Calamus reservoir  2127.10 16354.71 1181.72 6439.38 

4 Cedar Buff reservoir  4366.71 46549.81 2779.88 847.28 

5 Enders dam 973.30 9193.13 266.29 1228.42 

6 Grayrocks reservoir 1462.46 13283.35 798.47 4663.73 

7 Guernsey reservoir 964.00 5525.99 542.30 1945.81 
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A.2 SWAT-MODFLOW coupling 

A.2.1 SWAT irrigation source assignment 

To determine the appropriate irrigation source for cropland HRUs in SWAT, 

the grid based irrigation well locations from the Peterson et al. (2016) model were 

used to determine SWAT cropland HRUs irrigated with groundwater. Each 

MODFLOW well was mapped to the overlapping HRU (cropland) using ArcGIS. 

Then the irrigation source was assigned using the following framework: (i) if an 

irrigation well was mapped to the HRU classified as irrigated cropland, groundwater 

was assigned as the irrigation source (ii) if a HRU classified as irrigated cropland was 

not associated with any irrigation well, the river was assigned as the irrigation source, 

and (iii) if an irrigation well was mapped to the dry cropland, then the auto-irrigation 

function was used with groundwater as the irrigation source. 

8 Harlan county lake 9232.42 102230.82 5397.89 39445.09 

9 Harry strunk 1409.57 6502.29.29 368.6868 1788.67 

10 Kanopolis lake 5648.80 45549.70 3660.51 6102.52 

11 Kirwin reservoir 4305.60 38801.33 2052.23 12264.74 

12 Lake Mcconaughy 12308.14 216636.09 8903.40 177312.75 

13 Merritt reservoir 1303.94 10640.12 1177.27 9203.24 

14 Milford lake 13446.60 93333.61 6357.43 47959.68 

15 Norton 2151.39 16696.02 882.65 4456.19 

16 Red willow/Hugh butler  1085.00 10493.21 289.36 1100.39 

17 Trenton/Swanson dam 3231.53 30389.49 792.40 2571.93 

18 Turtle creek lake 21732.39 278419.26 4998.05 41333.91 

19 Waconda lake 13631.11 89179.12 5100.03 23828.74 

20 Webster reservoir 3431.05 32159.66 1403.09 9543.43 

21 Wheatland reservoir 2 3278.07 18528.35 2792.43 13868.76 

22 Wilson reservoir 13712.05 205620.50 3660.51 29915.34 
 
1Emergency spillway area 
2Emergency spillway volume 
3Principal spillway area 
4Principal spillway volume 
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Figure A.1. North American Regional Reanalysis (NARR) based average annual 

precipitation (1982-2008) at the sub-basin scale for SWAT domain.  

 

Figure A.2. Monthly mean streamflow at the outlet of watersheds in Northern High 

Plains. 
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Figure A.3. Sub-basin level mean annual evapotranspiration simulated by (a) SWAT 

only and (b) Well-Irr, for 2000-2008. 
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 Figure A.4. Sub-basin level mean annual evapotranspiration estimated from Moderate 

Resolution Imaging Spectroradiometer (MODIS) from 2000-2008. 
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Appendix B. SWAT model result for land use and climate 

feedback scenarios 
 

Table B.1. Changes in precipitation (growing season) and average annual temperature 

relative to the corresponding control scenarios. 

 

Scenario 

Present Future 

Precipitation 

(%) 

Average 

temperature 

(°C) 

Precipitation 

(%) 

Average 

temperature 

(°C) 

MPI-mz -0.9 -0.04 0.2 -0.03 

MPI-miscan -0.7 -0.14 3.6 -0.14 

MPI-miscan_ecane -0.7 -0.14 6.6 -0.16 

MPI-miscan_ecane_mz 2.4 -0.28 6.3 -0.30 

CESM-mz 3.4 -0.05 4.2 -0.02 

CESM-miscan 2.9 -0.14 13.6 -0.19 

CESM-miscan_ecane 7.8 -0.15 7.5 -0.13 

CESM-miscan_ecane_mz 2.5 -0.26 11.5 -0.29 

Note: mz, miscan, miscan_ecane, and miscan_ecane_mz represents scenarios with 

climate-crop feedback from maize, miscanthus, miscanthus+energycane, and 

miscanthus+energycane+maize, respectively. 

 

Table B.2. List of parameters selected for sensitivity analysis of monthly streamflow. 

Parameters Description File Min Max 

r_CN2 SCS runoff curve number mgt -0.2 0.2 

v_EPCO Plant uptake compensation factor hru 0.75 1.00 

v_ESCO Soil evaporation compensation factor hru 0.75 1.00 

v_SLSOIL Slope length for lateral subsurface flow (m) hru 0 150 

r_SLSUBBSN Average slope length (m) hru -0.3 0.3 

v_LAT_TTIME Lateral flow travel time (days) hru 0 180 

r_CANMX Maximum canopy storage (mm H2O) hru -0.5 0.5 

a_GWQMN Threshold depth of water in the shallow aquifer 

required for return flow to occur (mm) 

gw -500 500 

v_GW_REVAP Groundwater "revap" coefficient gw 0.02 0.2 

v_REVAPMN Threshold depth of water in the shallow aquifer 

for "revap" to occur (mm) 

gw 0.01 500 

v_GW_DELAY Groundwater delay (days) gw 30 450 

v_ALPHA_BF Baseflow alpha factor (days) gw 0 1 

r_SOL_AWC Available water capacity of the soil layer (mm 

H2O/mm soil) 

sol -0.3 0.3 

r_SOL_BD Moist bulk density (Mg/m3) sol -0.3 0.3 

r_SOL_K Saturated hydraulic conductivity (mm/hr) sol -0.3 0.3 

 

 



 

 

189 

 

Table B.3. Calibrated parameter values for monthly streamflow at 10 locations. 

Note: r, v, and a represent the relative, replacement, and absolute changes in model 

parameters respectively. “–” indicates that the outlet is not sensitive to the parameter.  

 

Table B.4. List of parameters selected for sensitivity analysis of monthly instream total 

nitrogen. 

Parameters Description File Min Max 

r_ANION_EXCL Fraction of porosity from which anions are 

excluded 

sol -0.3 0.3 

r_CDN Denitrification exponential rate coefficient bsn -0.3 0.3 

r_HLIFE_NGW Half-life of nitrate in the shallow aquifer (days) gw 0 100 

r_SDNCO Denitrification threshold water content bsn -0.3 0.3 

v__SHALLST_N Concentration of nitrate in groundwater 

contribution to streamflow from subbasin (mg 

N/l) 

gw 0 1000 

v_AI5 Rate of oxygen uptake per unit NH3-N oxidation 

(mg O2/mg NH3-N) 

wwq 3 4 

v_AI6 Rate of oxygen uptake per unit NO2-N oxidation 

(mg O2/mg NO2-N) 

wwq 1 1.14 

v_BC1 Rate constant for biological oxidation of NH4 to 

NO2 in the reach at 20 °C (1/day) 

swq 0.1 1 

v_BC2 Rate constant for biological oxidation of NO2 to 

NO3 in the reach at 20 °C (1/day) 

swq 0.2 2 

v_BC3 Rate constant for hydrolysis of organic N to NH4 

in the reach at 20 °C (1/day) 

swq 0.2 0.4 

Parameters Description Min  

value 

Max 

value 

Sub  

41 

Sub  

95 

Sub 

110 

Sub 

120 

Sub 141 Sub 158 Sub 

196 

Sub 

208 

Sub 

246 

Sub 

260 

r_CN2 SCS runoff curve number -0.4 0.4 -

0.385 

-0.114 -0.049 0.049 0.129 -0.197 -0.098 0.009 0.001 -0.026 

v_SLSOIL Slope length for lateral subsurface 

flow 

0 200 178.1

6 

25.54 53.92 18.413 107.887 188.585 97.88

9 

– – – 

v_ESCO Soil evaporation compensation 

factor 

0.70 0.95 0.723 – – – – 0.827 0.933 – – – 

v_EPCO Plant uptake compensation factor 0.70 0.97 0.954 – 0.736 0.776 0.926 0.898 0.751 0.957 0.808 – 

v_LAT_TTIME Lateral flow travel time 0 250 – – 240.18 177.89 231.031 87.707 – – – – 

r_SOL_K Saturated hydraulic conductivity 0.5 -0.5 -

0.137 

0.111 – – -0.002 -0.481 0.102 – – – 

r_SOL_AWC Available water capacity of the 

soil layer 

-0.4 0.4 0.417 – 0.184 – – – – – – – 

r_SOL_BD Moist bulk density -0.5 0.5 -

0.489 

0.253 – – 0.299 -0.047 0.351 – – – 

a_GWQMN Threshold depth of water in the 

shallow aquifer required for return 

flow to occur (mm) 

-650 650 – – – – – 623.268 – -

323.2

5 

– – 

v_GW_DELAY Groundwater delay (days) 30 450 – – – – – 230.098 – – – – 

v_GW_REVAP Groundwater "revap" coefficient 0.02 0.2 – 0.022 – 0.123 0.083 0.181 – – – – 

v_ALPHA_BF Baseflow alpha factor (days) 0 1 – 0.813 – 0.194 0.384 – – – – – 

r_OFLOWMN Minimum flow discharge from 

reservoir 

-0.4 0.4 -

0.365 

– – – – – – – – – 

r_OFLOWMX Maximum flow discharge from 

reservoir 

-0.4 0.4 -

0.257 

– – – – – – – – – 
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v_ERORGN Organic N enrichment ratio for loading with 

sediment 

hru 0 5 

v_FISCO Nitrogen fixation coefficient bsn 0.3 0.6 

v_K_N Michaelis-Menton half-saturation constant for 

nitrogen (mg N/L) 

wwq 0.01 0.3 

v_N_UPDIS Nitrogen uptake distribution parameter bsn 5 35 

v_NPERCO Nitrogen percolation coefficient bsn 0 1 

v_RS3 Benthic source rate for NH4-N in the reach at 

20 °C (1/day) 

swq 0 1 

v_RS4 Rate coefficient for organic N settling in the 

reach at 20 °C (1/day) 

swq 0.001 0.1 

v_RSDIN Initial residue cover (kg/ha) hru 0 100 

v_SOL_NO3 Initial NO3 concentration in the soil layer 

(mg/kg) 

chm 0 100 

v_SOL_ORGN Initial organic N concentration in the soil layer 

(mg/kg) 

chm 0 100 

 

Table B.5. Calibrated parameter values for monthly total instream nitrogen. 

Parameters Description Fitted value 

v_NPERCO Nitrogen percolation coefficient 0.408 

r_SDNCO Denitrification threshold water content -0.040 

v_N_UPDIS Nitrogen uptake distribution parameter 8.383 

r_CDN Denitrification exponential rate coefficient -0.168 

v_ERORGN Organic N enrichment ratio 4.939 

v_SOL_ORGN Initial organic N concentration in the soil layer [mg/kg] 93.125 

r_ANION_EXCL Fraction of porosity from which anions are excluded 0.229 

v_SOL_NO3 Initial NO3 concentration in the soil layer [mg/kg] 85.275 

v_RS3 Benthic source rate for NH4-N in the reach at 20 °C 

[1/day] 

0.601 

v_RS4 Rate coefficient for organic N settling in the reach at 20 °C 

[1/day] 

0.346 

v_BC2 Rate constant for biological oxidation of NO2 to NO3 in 

the reach at 20 °C [1/day] 

0.695 

v_BC3 Rate constant for hydrolysis of organic N to NH4 in the 

reach at 20 °C [1/day] 

0.284 
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Figure B.1. Spatial distribution of miscanthus and energycane production. Grids with 

marginal land allocation of less than 1% are masked. 
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Figure B.2. Fractional marginal land use (MRLU) area for miscanthus production in 

each subbasin.  
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Figure B.3. Comparison of observed and simulated streamflow at outlets used for 

model calibration during the calibration and validation period. 
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Figure B.4. Seasonal changes in the water balance component for the Platte and 

Republican River basins under miscan_ecane_mz scenario in the present and future 

conditions. 



 

 

195 

 

Appendix C. The SWAT model’s grass growth processes 

C.1 Biomass allocation 

The SWAT vegetation growth sub-model simulates biomass production of the 

entire plant as a single entity and utilizes empirical relationships to partition above and 

belowground biomass using the parameter plant root fraction (RF). The temporal 

evolution of RF is calculated in SWAT as a function of potential heat unit accumulation 

(PHU) and user-defined plant-specific root fraction at the planting (rsr1) and maturity 

(rsr2) of the growing season of plant growth (Neitsch et al., 2011).  

𝑅𝐹 = 𝑟𝑠𝑟1 − (𝑟𝑠𝑟1 − 𝑟𝑠𝑟2) × 𝑃𝐻𝑈              (C.1) 

The plant root fraction is then used to calculate the aboveground biomass as  

𝑎𝑏𝑜𝑣𝑒𝑔𝑟𝑜𝑢𝑛𝑑 𝑏𝑖𝑜𝑚𝑎𝑠𝑠 = (1 − 𝑅𝐹)  ×  𝑡𝑜𝑡𝑎𝑙 𝑝𝑙𝑎𝑛𝑡 𝑏𝑖𝑜𝑚𝑎𝑠𝑠           (C.2) 

C.2 Plant growth constraints 

SWAT incorporates multiple stress factors to limit plant biomass production. 

SWAT calculates temperature, water, nitrogen, and phosphorus stress at a scale of 0-1 

(0 representing the maximum stress and 1 indicating no stress) (Neitsch et al., 2011). 

The most limiting factor among the four plant stress is then used to adjust the potential 

biomass production.  

𝑆𝑡𝑟𝑒𝑠𝑠𝑇 =

{
 
 

 
 
1                                                                𝑤ℎ𝑒𝑛 𝑇𝑎𝑣𝑔 ≤ 𝑇𝑏𝑎𝑠𝑒

1 − 𝑒𝑥𝑝 [
−0.1054(𝑇𝑜𝑝𝑡−𝑇𝑎𝑣𝑔)

2

(𝑇𝑎𝑣𝑔−𝑇𝑏𝑎𝑠𝑒)
2 ]               𝑤ℎ𝑒𝑛 𝑇𝑏𝑎𝑠𝑒 ≤ 𝑇𝑎𝑣𝑔 ≤ 𝑇𝑜𝑝𝑡

1 − 𝑒𝑥𝑝 [
−0.1054(𝑇𝑜𝑝𝑡−𝑇𝑎𝑣𝑔)

2

(2𝑇𝑜𝑝𝑡−𝑇𝑎𝑣𝑔−𝑇𝑏𝑎𝑠𝑒)
2]               𝑤ℎ𝑒𝑛 𝑇𝑜𝑝𝑡 ≤ 𝑇𝑎𝑣𝑔 ≤ 2𝑇𝑜𝑝𝑡 − 𝑇𝑏𝑎𝑠𝑒

(C3) 

𝑆𝑡𝑟𝑒𝑠𝑠𝑊 = 1 −
𝑊𝑎𝑐𝑡𝑢𝑎𝑙𝑢𝑝

𝐸𝑡
       (C.4) 
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𝑆𝑡𝑟𝑒𝑠𝑠𝐸 = 1 −
𝜑𝐸

𝜑𝐸+𝑒𝑥𝑝(3.535−0.2597𝜑𝐸)
        (C.5) 

𝜑𝐸 = 200 (
𝑏𝑖𝑜𝐸

𝑏𝑖𝑜𝐸,𝑜𝑝𝑡
− 0.5)        (C.6) 

Where, 𝑇𝑎𝑣𝑔(℃) is the average air temperature, 𝑇𝑜𝑝𝑡(℃) is the optimum 

temperature for plant growth, 𝑇𝑏𝑎𝑠𝑒(℃) is the base temperature for plant growth, 

𝑊𝑎𝑐𝑡𝑢𝑎𝑙𝑢𝑝(𝑚𝑚 𝐻2𝑂/𝑑𝑎𝑦) is the actual plant water uptake, 𝐸𝑡(𝑚𝑚 𝐻2𝑂/𝑑𝑎𝑦) is the 

maximum plant transpiration, 𝜑𝐸 is the scaling factor for nutrient E=N, P (nitrogen, N 

and phosphorous, P), 𝑏𝑖𝑜𝐸(𝑘𝑔 𝐸/ℎ𝑎) is the amount of nutrient E in plant biomass, 

𝑎𝑛𝑑 𝑏𝑖𝑜𝐸,𝑜𝑝𝑡(𝑘𝑔 𝐸/ℎ𝑎) is the optimal amount of nutrient E in plant biomass, and 

𝑆𝑡𝑟𝑒𝑠𝑠𝑇, 𝑆𝑡𝑟𝑒𝑠𝑠𝑊, and 𝑆𝑡𝑟𝑒𝑠𝑠𝐸=𝑁,𝑃(𝑢𝑛𝑖𝑡𝑙𝑒𝑠𝑠) are temperature, water, and nutrient 

stress respectively. 

C.3 Plant nutrient demand 

In the SWAT model, the daily nutrient uptake by plant is calculated as a 

function of the difference between plant actual nutrient content and plant optimal 

nutrient content, and soil nutrient availability. The plant-specific parameters for 

nutrient fraction parameters for each nutrient (nitrogen and phosphorous) which 

characterizes the optimal contents of nutrients in the plant at three growth stages 

(emergence, 50% maturity, and maturity). Nutrient fraction parameters for nitrogen 

(PLTNFR) and phosphorus (PLTPFR) are defined at the three growth stages and used 

to calculate the plant optimal nutrient content at different stages of plant growth. 

Furthermore, SWAT uses two plant-specific parameters, the fraction of nitrogen 

(CPNYLD) and phosphorus (CPPYLD) in aboveground biomass at harvest, to calculate 



 

 

197 

 

the amount of nutrients removed during harvest operation that subsequently affects the 

nutrients added to soil from harvest residue.    
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Appendix D. The DAYCENT model’s grass growth 

processes 
 

D.1 Potential biomass production 

Incoming solar radiation is provided as an input to the vegetation growth sub-

model for estimating the potential biomass production. The potential plant biomass 

production is calculated as a function of a plant-specific maximum monthly biomass 

production and scaled by six terms (values between 0 and 1) that represent the effects 

of climatic conditions and plant phenology, respectively. DAYCENT uses the 

multiplication of stress factors under the assumption that the interactions of multiple 

stress factors limit plant biomass production (Del Grosso et al., 2008). 

𝑡𝑔𝑝𝑟𝑜𝑑 = 𝑠ℎ𝑤𝑎𝑣𝑒 × 𝑝𝑟𝑑𝑥 × 𝑇𝑠𝑡𝑟𝑒𝑠𝑠 × 𝑆𝑀𝑠𝑡𝑟𝑒𝑠𝑠 × 𝑆𝑑𝑙𝑛𝑔 × 𝐶𝑂2𝑐𝑝𝑟 × 𝑠𝑐𝑒𝑛𝑓𝑟𝑎𝑐 ×

𝑏𝑖𝑜𝑓                 (D.1) 

where, tgprod (g C/m²) is the potential biomass production on a given day, 

shwave is downwelling solar radiation (Lg/day), 𝑆𝑀𝑠𝑡𝑟𝑒𝑠𝑠 is the soil moisture effect 

calculated as a function of relative soil water content fraction, 𝑇𝑠𝑡𝑟𝑒𝑠𝑠 is the temperature 

effect, Sdlng is the constraint on biomass production representing the seedling growth, 

CO2cpr is the effect of CO₂ concentration on biomass production, scenfrac represents 

the loss of biomass due to senescence, and biof is the effect of physical obstruction by 

standing dead biomass.  
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𝑇𝑠𝑡𝑟𝑒𝑠𝑠 =

{
𝑒𝑥𝑝 (

𝑝𝑝𝑑𝑓(3)

𝑝𝑝𝑑𝑓(4)
× (1 − 𝑓𝑟𝑎𝑐𝑝𝑝𝑑𝑓(4))) × (𝑓𝑟𝑎𝑐𝑝𝑝𝑑𝑓(3))       𝑖𝑓 𝑓𝑟𝑎𝑐 > 0

0                                                                                                       𝑖𝑓 𝑓𝑟𝑎𝑐 ≤ 0 

         (D.2)

       

𝑓𝑟𝑎𝑐 =
𝑝𝑝𝑑𝑓(2)−𝑇𝑎𝑣𝑔

𝑝𝑝𝑑𝑓(2)−𝑝𝑝𝑑𝑓(1)
                 (D.3) 

where, Tavg is the average air temperature (℃), ppdf(1) is the minimum 

temperature for plant growth (℃), ppdf(2) is the optimum temperature for plant growth 

(℃), ppdf(3) is the left shape coefficient of the function curve of temperature effect on 

growth, and ppdf(4) is the right shape coefficient of the function curve of temperature 

effect on growth 

𝑆𝑀𝑠𝑡𝑟𝑒𝑠𝑠 = {

1.0

(1.0+exp(9.0∗(𝑤𝑠𝑐𝑜𝑒𝑓𝑓(1)−𝑐𝑤𝑠𝑡𝑟𝑒𝑠𝑠)))
                    if PET ≥ 0.01

0.01                                                                          if PET < 0.01

  (D.4) 

where, wscoeff(1) is the relative water content required for 50% of maximum 

production and cwstress is the relative water content of the wettest soil layer. 

𝑐𝑤𝑠𝑡𝑟𝑒𝑠 = 𝑚𝑎𝑥 (
𝑆𝑊𝐶𝑙−𝑊𝑃𝑙

𝐹𝐶𝑙−𝑊𝑃𝑙
)      (D.5) 

where, SWCl, WPl, and FCl are, respectively, the soil water content, wilting 

point, and field capacity of soil layer l. 

𝐶𝑂2𝑐𝑝𝑟 = 1 + 
(𝑐𝑜2𝑖𝑝𝑟−1)

𝑙𝑜𝑔10(2.0)
𝑙 × 𝑙𝑜𝑔10 (

𝑐𝑜2

330
)             (D.6) 

where, co2ipr is the plant production ratio when atmospheric CO₂ concentration 

is doubled, co2 is atmospheric CO₂ concentration (ppmv). 
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𝑆𝑑𝑙𝑛𝑔 =

{
𝑀𝐼𝑁 (1.0, 𝑝𝑙𝑡𝑚𝑟𝑓 +  𝑎𝑔𝑙𝑖𝑣𝑐 ×

(1−𝑝𝑙𝑡𝑚𝑟𝑓)

𝑓𝑢𝑙𝑐𝑎𝑛
)              𝑤ℎ𝑒𝑛 𝑃𝐻𝑈 < 0.25

1                                                                                             𝑤ℎ𝑒𝑛 𝑃𝐻𝑈 ≥ 0.25
(D.7)  

       

where, pltmrf is the reduction factor to limit the seedling growth, aglivc is 

aboveground live carbon (g C/m²), and fulcan is aboveground live carbon full canopy 

cover (g C/m²) 

𝑏𝑖𝑜𝑓 =

{
 
 

 
 𝑏𝑖𝑜𝑝𝑟𝑑 + 0.75 × (1 − 𝑏𝑖𝑜𝑝𝑟𝑑) ×

𝑎𝑔𝑙𝑖𝑣𝑐

𝑏𝑖𝑜𝑐
                                                            𝑖𝑓 

𝑎𝑔𝑙𝑖𝑣𝑐

𝑏𝑖𝑜𝑐
≤ 1

𝑏𝑖𝑜𝑝𝑟𝑑 + 0.75 × (1 − 𝑏𝑖𝑜𝑝𝑟𝑑) + 0.25 × (1 − 𝑏𝑖𝑜𝑝𝑟𝑑) × (
𝑎𝑔𝑙𝑖𝑣𝑐

𝑏𝑖𝑜𝑐
− 1)    𝑖𝑓  1 <

𝑎𝑔𝑙𝑖𝑣𝑐

𝑏𝑖𝑜𝑐
≤ 2

𝑏𝑖𝑜𝑓 = 1                                                                                                                      𝑖𝑓 
𝑎𝑔𝑙𝑖𝑣𝑐

𝑏𝑖𝑜𝑐
> 2

(D.8) 

𝑏𝑖𝑜𝑝𝑟𝑑 =  1 − 
𝑏𝑖𝑜𝑐

𝑏𝑖𝑜𝑘5+𝑏𝑖𝑜𝑐
                 (D.9) 

𝑏𝑖𝑜𝑐 =

{

𝑠𝑡𝑑𝑐𝑖𝑠 + 0.1 × 𝑠𝑜𝑙𝑟𝑠𝑑(𝑠𝑢𝑟𝑓𝑎𝑐𝑒)
0.1                                                             𝑖𝑓 𝑠𝑡𝑑𝑐𝑖𝑠 + 0.1 × 𝑠𝑜𝑙𝑟𝑠𝑑(𝑠𝑢𝑟𝑓𝑎𝑐𝑒) ≤ 0

 𝑝𝑚𝑥𝑏𝑖𝑜                                                   𝑖𝑓 𝑠𝑡𝑑𝑐𝑖𝑠 + 0.1 × 𝑠𝑜𝑙𝑟𝑠𝑑(𝑠𝑢𝑟𝑓𝑎𝑐𝑒) > 𝑝𝑚𝑥𝑏𝑖𝑜

           

(D.10) 

where, biok5 is (standing dead+10% surface litter) carbon at which production 

is reduced to half maximum due to physical obstruction by dead material (g C/m²), 

pmxbio is the maximum standing dead biomass +10% surface litter carbon for 

calculation of the potential negative effect of physical obstruction by standing dead and 

surface litter on biomass production (g C/m²), stdcis is standing dead carbon (g C/m²), 

solrsd (surface) is plant residue carbon in surface soil layer (g C/m²). For compatibility 

with SWAT, biomass production ceases when the accumulated potential heat unit 

exceeds 1 (i.e. plant maturity).  
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D.2 Actual biomass production and allocation 

The plant-specific parameters are used to estimate the RF to allocate the 

potential biomass production to the different plant compartments (aboveground and 

belowground). The optimum RF is calculated as a function of four plant-specific 

parameters (cfrtcn(1), cfrtcn(2), cfrtcw(1), cfrtcw(2)), that represents the maximum and 

minimum fraction of carbon allocated to root under nutrient and water stress.  

𝑅𝐹 =  (𝑐𝑓𝑟𝑡𝑐𝑤(1) + 𝑐𝑓𝑟𝑡𝑐𝑤(2) + 𝑐𝑓𝑟𝑡𝑐𝑛(1) + 𝑐𝑓𝑟𝑡𝑐𝑛(2))/4.0  (D.11) 

The calculated optimum RF is then used to partition the potential plant biomass 

into aboveground and belowground components. In addition, the optimum RF is used 

to compute the plant nutrient demand taking into account the impact of root biomass 

(rtimp) on the availability of nutrients from the soil.  

The nutrient uptake by the aboveground and belowground biomass is dependent 

on the availability of nutrients and nutrient content of the plant which is further 

constrained between plant-specific upper and lower nutrient limits set for both plant 

compartments. To adjust for changes in nutrient content as the plant ages, the limits of 

the nutrient content of aboveground biomass are calculated as a function of 

aboveground biomass. Meanwhile, the limits of the nutrient content of belowground 

biomass are calculated as a function of annual precipitation. The most limiting nutrient 

is then used to scale the potential biomass production and calculate the actual biomass 

production and corresponding nutrient concentration and nutrient uptake. A linear 

relationship is then used to estimate the impact of water and nutrient limitations on the 

allocation of actual biomass between shoot and root. The water limitation is calculated 

as a function of soil moisture effect on potential production and plant-specific 
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parameter cftrcw. The nutrient limitation is calculated as a function of nutrient stress 

and plant-specific parameter cftrcn. The most limiting factor between the water and 

nutrient limitation is used to determine the actual fraction of biomass allocated to the 

root. This approach incorporates the plant's response to water and nutrient stress such 

that more allocation of biomass to the root takes place when water and nutrient stress 

increases.  

𝑓𝑟𝑎𝑐𝑟𝑐 = 𝑚𝑎𝑥(ℎ2𝑜𝑒𝑓𝑓, 𝑛𝑡𝑟𝑒𝑓𝑓(𝑖𝑒𝑙))      (D.12) 

ℎ2𝑜𝑒𝑓𝑓 =  (𝑐𝑓𝑡𝑟𝑐𝑤(2) − 𝑐𝑓𝑡𝑟𝑐𝑤(1)) × (𝑆𝑀𝑠𝑡𝑟𝑒𝑠𝑠 − 1) + 𝑐𝑓𝑟𝑡𝑐𝑤(2) (D.13) 

𝑛𝑡𝑟𝑒𝑓𝑓(𝑖𝑒𝑙)  = (𝑐𝑓𝑡𝑟𝑐𝑛(2) − 𝑐𝑓𝑡𝑟𝑐𝑛(1)) × (
𝑡𝑜𝑡𝑎𝑙𝑒(𝑖𝑒𝑙)

𝑑𝑒𝑚𝑎𝑛𝑑(𝑖𝑒𝑙)
− 1) + 𝑐𝑓𝑟𝑡𝑐𝑛(2)  (D.14) 

where, iel represents nutrients nitrogen and phosphorous, totale(iel) is the 

nutrient iel (nitrogen or phosphorous) available for biomass production, and 

demand(iel) is plant demand of nutrient iel for optimum biomass production. The 

potential aboveground and belowground biomass is then calculated as: 

𝑏𝑔𝑝𝑟𝑜𝑑 =  𝑡𝑔𝑝𝑟𝑜𝑑 ∗  𝑓𝑟𝑎𝑐𝑟𝑐      (D.15) 

𝑎𝑔𝑝𝑟𝑜𝑑 =  𝑡𝑔𝑝𝑟𝑜𝑑 –  𝑏𝑔𝑝𝑟𝑜𝑑      (D.16) 

where, tgprod is total plant biomass, agprod is aboveground biomass, and 

bgprod is belowground biomass. The belowground biomass is further categorized into 

juvenile and mature roots. 

D.3 Shoot and root die-off 

Unlike SWAT, the death of shoot and root is simulated in the growing season. 

The shoot and root death are determined by soil moisture, soil temperature, and plant-

specific maximum senescence parameters. Root death takes place when the soil 
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temperature is greater than 2℃. In senescence months (i.e., when PHU > Fraction of 

growing season when leaf area starts declining, DLAI) shoot death rate is set to a fixed 

plant-specific fraction fsdeth(2). The dead shoot biomass (standing dead) is transferred 

to the surface soil layer (0-10cm) as the plant residue at the plant-specific fall rate 

(fallrt). Meanwhile, the dead root biomass is distributed to different soil layers based 

on the depth distribution of roots in the soil column following the approach used by 

SWAT during plant kill operations. During dormancy, SWAT assumes 10% of plant 

biomass is returned to the surface soil layer as plant residue, which is adopted in the 

new sub-model. 

D.4 Plant nutrient storage 

The DAYCENT grass sub-model simulates the nutrient flow for the nutrient 

storage pool in addition to the nutrient flow for each plant compartment. A fraction of 

nutrients from aboveground biomass which is converted to standing dead material is 

transferred to the nutrient storage pool during the growing season. In addition, a 

fraction of nutrient uptake by the plant from the soil during the late growing season is 

allocated to the nutrient storage pool. The nutrients accumulated in the storage pool are 

remobilized by the plant during the early growth phase such that plants use nutrients in 

the storage pool before utilizing soil nutrients for biomass production. Nutrient uptake 

from the internal plant storage pool by each plant compartment is calculated as 

𝑢𝑝𝑡𝑎𝑘𝑒𝑎𝑏𝑜𝑣𝑒 = {
𝑢𝑝𝑡𝑎𝑘𝑒𝑠𝑡𝑜𝑟𝑎𝑔𝑒,𝑖𝑒𝑙 × 𝑒𝑢𝑓𝑎𝑏𝑜𝑣𝑒 × (1.0 −  𝑐𝑙𝑠𝑔𝑟𝑒𝑠)    𝑖𝑓 𝑃𝐻𝑈 > 0.8

𝑢𝑝𝑡𝑎𝑘𝑒𝑠𝑡𝑜𝑟𝑎𝑔𝑒,𝑖𝑒𝑙 × 𝑒𝑢𝑓𝑎𝑏𝑜𝑣𝑒                                         𝑖𝑓 𝑃𝐻𝑈 ≤ 0.8

 (D.17) 

𝑢𝑝𝑡𝑎𝑘𝑒𝑏𝑒𝑙𝑜𝑤 = 𝑢𝑝𝑡𝑎𝑘𝑒𝑠𝑡𝑜𝑟𝑎𝑔𝑒,𝑖𝑒𝑙 × 𝑒𝑢𝑓𝑏𝑒𝑙𝑜𝑤    (D.18) 
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Nutrient flow into the internal plant storage pool is calculated as: 

Step 1. Obtained from the conversion of aboveground live biomass to standing dead 

𝑠𝑡𝑜𝑟𝑎𝑔𝑒(𝑖𝑒𝑙) = 𝑓𝑑𝑒𝑡ℎ × 𝑎𝑔𝑙𝑖𝑣𝑒(𝑖𝑒𝑙) × 𝑐𝑟𝑝𝑟𝑡𝑓(𝑖𝑒𝑙)             (D.19) 

Step 2. Obtained from soil nutrient uptake during the late growing season 

𝑠𝑡𝑜𝑟𝑎𝑔𝑒(𝑖𝑒𝑙) = 𝑢𝑝𝑡𝑎𝑘𝑒𝑠𝑜𝑖𝑙,𝑖𝑒𝑙 × 𝑒𝑢𝑓𝑎𝑏𝑜𝑣𝑒 × 𝑐𝑙𝑠𝑔𝑟𝑒𝑠                 𝑖𝑓 𝑃𝐻𝑈 > 0.8         

(D.20) 

where, 𝑢𝑝𝑡𝑎𝑘𝑒𝑠𝑜𝑖𝑙,𝑖𝑒𝑙 is the plant uptake of nutrient iel from soil (g E/m2), 

𝑢𝑝𝑡𝑎𝑘𝑒𝑠𝑡𝑜𝑟𝑎𝑔𝑒,𝑖𝑒𝑙 is plant uptake of nutrient iel from the internal storage pool (g E/m2), 

fdeth is the death rate of shoots to standing dead, aglive(iel) is the concentration of 

nutrient iel in the plant (g E/m2), clsgres is late growing season restriction factor (0-1), 

crprtf(iel) is the fraction of nutrient iel translocated from aboveground biomass at 

death, 𝑒𝑢𝑓𝑎𝑏𝑜𝑣𝑒 is the fraction of nutrient uptake from aboveground biomass, and 

𝑒𝑢𝑓𝑏𝑒𝑙𝑜𝑤 is the fraction of nutrient uptake from belowground biomass. 
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Appendix E. SWAT-GRASS model performance 
 

Figure E.1. Scatter plots of SWAT, SWAT-GRASSD, and SWAT-GRASSM simulated 

and observed annual switchgrass biomass yield for all field sites using default plant 

growth parameters. 

 

Table E.1. Plant growth parameters of Switchgrass for SWAT based on Cibin et al. 

(2016). 

S. No Parameter Description Value 

1 T_OPT Optimal Temperature (℃) 25 

2 T_BASE  Base Temperature (℃) 10  

3 BIO_E Radiation Use Efficiency (biomass/energy ratio) 17 

4 HVSTI Harvest Index 1 

5 HEFF Harvest Efficiency 0.75 

6 WSYF Lower Limit of Harvest Index due to stress 

(( kg/ha)/(kg/ha)) 

1 

7 BLAI Maximum Leaf Area Index (LAI) 8 

8 DLAI Fraction of growing season when growth declines 1 

9 RFR1C Root Fraction (emergence) 0.89 

10 RFR2C Root Fraction (maturity) 0.49 

11 ALAI_MIN Minimum LAI for plant during dormant period (m2/m2) 0 

12 EXT_COEFF Light extinction coefficient 0.5 

13 LAIMX1 First point fraction of BLAI for optimum growth curve 0.1 

14 FRGRW1 Fraction of growing season coinciding with LAIMX1 0.1 

15 LAIMX2 Second point fraction of BLAI for optimum growth curve 0.85 

16 FRGRW2 Fraction of growing season coinciding with LAIMX2 0.4 

17 PLTNFR(1) Plant nitrogen fraction at emergence (kg N/kg biomass) 0.0073 

18 PLTNFR(2) Plant nitrogen fraction at 50% maturity (kg N/kg biomass) 0.0068 

19 PLTNFR(3) Plant nitrogen fraction at maturity (kg N/kg biomass) 0.0053 

20 CNYLD Plant nitrogen fraction in harvested mass (kg N/kg yield) 0.0054 

21 PLTPFR(1) Plant phosphorus fraction at emergence (kg P/kg biomass) 0.0011 
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22 PLTPFR(2) Plant phosphorus fraction at 50% maturity (kg P/kg 

biomass) 

0.0014 

23 PLTPFR(3) Plant phosphorus fraction at maturity (kg P/kg biomass) 0.0012 

24 CPYLD Plant phosphorus fraction in harvested mass (kg P/kg 

yield) 

0.0010 

25 CHTMX Max. Canopy Height (m) 2 

26 RDMX Max. Rooting Depth (m) 3 

27 USLE_C Min. Crop Factor for Water Erosion 0.003 

28 GSI Stomatal conductance (m/s) 0.005 

29 CN Curve Number 31[A], 

59[B], 

72[C], 

79[D] 

30 OV_N Manning’s roughness for overland flow 0.24 

 

 

Table E.2. Plant growth parameters of Switchgrass for SWAT-GRASS based on Davis 

et al. (2010). 

S. No Parameter Description Value 

1 prdx Potential aboveground monthly biomass production (g C/m2) 1.0 

2 T_OPT/ppdf(1) Optimum temperature for plant growth (℃) 25 

3 T_BASE Minimum temperature for plant growth (℃) 10 

4 ppdf(2) maximum temperature for plant growth (℃) 50 

5 ppdf(3) left curve shape parameter that controls temperature effect on 

plant growth 

0.5 

6 ppdf(4) right curve shape parameter that controls temperature effect 

on plant growth 

2.5 

7 cfrtcn(1) Maximum fraction of carbon allocated to roots under 

maximum nutrient stress 

0.3 

8 cfrtcn(2) Minimum fraction of carbon allocated to roots under no 

nutrient stress 

0.1 

9 cfrtcw(1) minimum fraction of C allocated to roots under maximum 

water stress 

0.3 

10 cfrtcw(2) minimum fraction of C allocated to roots under no water 

stress 

0.1 

11 crprtf(1) Fraction of N transferred to a vegetation storage pool from 

grass/crop to root at death 

0.8 

12 crprtf(2) Fraction of P transferred to a vegetation storage pool from 

grass/crop to root at death 

0.8 

13 snfxmx Symbiotic N fixation maximum for grass/crop 

(g N fixed per g C of new growth) 

0.0 

14 pltmrf  Planting month reduction factor to limit seedling growth 1.0 

15 clsgres Late season crop/grass growth restriction factor 1.0 
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16 fulcan  Value of aboveground live C at full canopy cover above 

which potential production is not reduced (g C/m2) 

1000.0 

17 pramn(1,1) Minimum aboveground C:N ratio with zero biomass 20 

18 pramn(1,2) Minimum aboveground C:N ratio with biomass equal to 

BIOMAX 

60 

19 pramn(2,1) Minimum aboveground C:P ratio with zero biomass 390 

20 pramn(2,2) Minimum aboveground C:P ratio with biomass equal to 

BIOMAX 

390 

21 pramx(1,1) Maximum aboveground C:P ratio with zero biomass 40 

22 pramx(1,2) Maximum aboveground C:P ratio with biomass equal to 

BIOMAX 

220 

23 pramx(2,1) Maximum aboveground C:P ratio with zero biomass 440 

24 pramx(2,2) Maximum aboveground C:P ratio with biomass equal to 

BIOMAX 

440 

25 prbmn(1,1) Intercept for calculating the minimum C:N ratio for 

belowground biomass as a linear function of annual 

precipitation 

40 

26 prbmn(1,2) Slope for calculating the minimum C:N ratio for 

belowground biomass as a linear function of annual 

precipitation 

0 

27 prbmn(2,1) Intercept for calculating the minimum C:P ratio for 

belowground biomass as a linear function of annual 

precipitation 

390 

28 prbmn(2,2) Slope for calculating the minimum C:P ratio for belowground 

biomass as a linear function of annual precipitation 

0 

29 prbmx(1,1) Intercept for calculating the maximum C:N ratio for 

belowground biomass as a linear function of annual 

precipitation 

60 

30 prbmx(1,2) Slope for calculating the maximum C:N ratio for 

belowground biomass as a linear function of annual 

precipitation 

0 

31 prbmx(2,1) Intercept for calculating the maximum C:P ratio for 

belowground biomass as a linear function of annual 

precipitation 

420 

32 prbmx(2,2) Slope for calculating the maximum C:P ratio for 

belowground biomass as a linear function of annual 

precipitation 

0 

33 riint root impact intercept used for calculating the impact of root 

biomass on nutrient availability 

0.8 

34 rictrl  root impact control term on nutrient availability 0.015 

35 favail(1) Fraction of N available per month to plants 0.15 

36 favail(3) Minimum fraction of P available per month to plants 0.20 

37 favail(4) Maximum fraction of P available per month to plants 0.40 

38 favail(5) Mineral N in surface layer corresponding to maximum 

fraction of P available 

2.00 
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39 npp2cs  Multiplier used to estimate GPP as a function of NPP to 

estimate amount of carbon stored in carbohydrate storage 

pool 

1.0 

40 co2ipr the calculated effect on production of doubling the 

atmospheric CO2 

1.15 

41 biomax  biomass level above which the minimum and maximum C/E 

ratios of new shoot increments equal pramn(:,2) and 

pramx(:,2) respectively 

300 

42 mrtfrac Fraction of belowground root production that goes to mature 

root 

0.05 

43 cmxturn Fall rate (fraction of standing dead which falls each month) 0.21 

44 cgresp(1) Maximum fraction of aboveground C that goes to growth 

respiration 

0.23 

45 cgresp(2) Maximum fraction of juvenile root C that goes to growth 

respiration 

0.23 

46 cgresp(3) Maximum fraction of mature root C that goes to growth 

respiration 

0.23 

47 cmrspnpp(1) X1 value, based on predicted aboveground production, of 

line function that decreases maintenance respiration  

0.0 

48 cmrspnpp(2) Y1 value, based on predicted aboveground production, of 

line function that decreases maintenance respiration 

0.0 

49 cmrspnpp(3) X2 value, based on predicted aboveground production, of 

line function that decreases maintenance respiration 

1.25 

50 cmrspnpp(4) Y2 value, based on predicted aboveground production, of 

line function that decreases maintenance respiration 

1.0 

51 cmrspnpp(5) X2 value, based on predicted aboveground production, of 

line function that decreases maintenance respiration 

4.0 

52 cmrspnpp(6) Y2 value, based on predicted aboveground production, of 

line function that decreases maintenance respiration 

1.5 

53 ckmrspmx(1) maximum fraction of aboveground live C that goes to 

maintenance respiration for crops 

0.1 

54 ckmrspmx(2) maximum fraction of belowground live C that goes to 

maintenance respiration of juvenile roots for crops 

0.1 

55 ckmrspmx(3) maximum fraction of belowground live C that goes to 

maintenance respiration of mature roots for crops 

0.03 

56 fsdeth(1) maximum shoot death rate at very dry soil conditions 0.10 

57 fsdeth(2) fraction of shoots which die during senescence  0.99 

58 fsdeth(3) fraction of shoots which die when aboveground live C is 

greater than fsdeth(4) 

0.1 

59 fsdeth(4) level of aboveground C above which shading occurs and 

shoot senescence increases 

300 

60 rdrj  Maximum death rate of juvenile root at very dry soil 

condition 

0.8 

61 rdrm  Maximum death rate of mature root at very dry soil 

conditions 

0.2 
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62 fallrt Fall rate (fraction of standing dead which falls each month) 0.15 

63 pslsrb Slope term which controls the fraction of phosphorous that is 

labile 

1.0 

64 sorpmx Maximum phosphorous sorption potential for soil 20 

65 biok5 Level of aboveground standing dead + 10% of litter C at 

which production is reduced to half maximum due to 

physical obstruction by dead material (g/m2) 

60 

 

 

Table E.3. SWAT plant growth parameters selected for sensitivity analysis 

Parameters Description 

T_OPT Optimal Temperature for plant growth (℃) 

T_BASE  Base Temperature for plant growth (℃) 

BIO_E Radiation Use Efficiency (biomass/energy ratio) 

PLTNFR(1) Plant nitrogen fraction at emergence 

PLTNFR(2) Plant nitrogen fraction at 50% maturity 

PLTNFR(3) Plant nitrogen fraction at maturity 

CNYLD Plant nitrogen fraction in harvested mass 

DLAI Fraction of growing season when growth declines 

BIOEHI Biomass energy ration corresponding to the second point on radiation 

use efficiency curve 

BMDIEOFF Fraction of aboveground biomass that dies off at dormancy 

WSYF Lower Limit of Harvest Index due to stress 

RSR1C Root to shoot ratio at the beginning of the growing season 

RSR2C Root to shoot ratio at the end of the growing season 

EXT_COEF Light extinction coefficient 

FRGRW1 Fraction of  the plant growing season corresponding to the 1st point on 

the optimal leaf area development curve 

FRGRW2 Fraction of  the plant growing season corresponding to the 2nd point on 

the optimal leaf area development curve 

LAIMX1 Fraction of the maximum leaf area index corresponding to the 1st point 

on the optimal leaf area development curve 

LAIMX2 Fraction of the maximum leaf area index corresponding to the 2nd point 

on the optimal leaf area development curve 

 

Table E.4. SWAT-GRASS plant growth parameters selected for sensitivity analysis 

based on Cibin et al. (2016) and Davis et al. (2010). 

Parameters Description 

T_OPT Optimum temperature for plant growth (℃) 

T_BASE Minimum temperature for plant growth (℃) 

riint Root impact intercept used to control nutrient allocation 

rictrl Root impact control term used to control nutrient allocation 

cfrtcn(1) Maximum fraction of carbon allocated to roots under maximum nutrient 
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stress 

cfrtcn(2) Minimum fraction of carbon allocated to roots under no nutrient stress 

biomax Biomass above which the minimum and maximum C:E ratios of new shoot 

increments equal pramn(:,2) and pramx(:,2) respectively (g/m2) 

prdx Potential aboveground monthly biomass production (g C/m2) 

clsgres Late season crop/grass growth restriction factor 

crprtf(1) Fraction of N transferred to a vegetation storage pool from grass/crop leaves 

at death 

crprtf(2) Fraction of P transferred to a vegetation storage pool from grass/crop leaves 

at death 

pramn(1,1) Minimum aboveground C/N ratio with zero biomass 

pramn(1,2) Minimum aboveground C:N ratio with biomass equal to BIOMAX 

pramx(1,1) Maximum aboveground C/N ratio with zero biomass 

pramx(1,2) Maximum aboveground C/N ratio with biomass equal to BIOMAX 

prbmn(1,1) Intercept for calculating the minimum C:N ratio for belowground biomass 

as a linear function of annual precipitation 

prbmn(1,2) Slope for calculating the minimum C:N ratio for belowground biomass as a 

linear function of annual precipitation 

prbmx(1,1) Intercept for calculating the maximum C:N ratio for belowground biomass 

as a linear function of annual precipitation 

prbmx(1,2) Slope for calculating the maximum C:N ratio for belowground biomass as a 

linear function of annual precipitation 

fsdeth(1) maximum shoot death rate at very dry soil conditions 

ppdf(2) maximum temperature for plant growth (℃) 

ppdf(3) left curve shape parameter that controls temperature effect on plant growth 

ppdf(4) right curve shape parameter that controls temperature effect on plant growth 

cfrtcw(1) minimum fraction of C allocated to roots under maximum water stress 

cfrtcw(2) minimum fraction of C allocated to roots under no water stress 

fallrt Fall rate (fraction of standing dead which falls each month) 

 

 

Table E.5. Observed and simulated mean Switchgrass dry weight biomass yield 

(Mg/ha) at the GLBRC and AR field sites. 

Model Escaba

na 

Hancoc

k 

Rhineland

er 

Lux 

Arbor 

Lake 

City 

Fairfiel

d 

Orr Dekalb 

Observed 8.59 3.62 6.72 7.50 7.25 13.80 10.76 7.41 

SWAT 8.14 7.94 7.79 8.44 8.02 11.94 11.10 10.77 

SWAT-GRASSD 7.46 6.46 6.62 7.98 6.52 10.26 8.49 10.56 

SWAT-GRASSM 7.73 6.13 7.86 6.60 7.15 9.90 8.41 9.18 
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Table E.6. Summary of uncertainty analysis of each field site. 

Site Parameter 
Model 

SWAT SWAT-GRASSD SWAT-GRASSM 

Escabana 
P-factor 0.38 0.38 0.38 

R-factor 0.62 0.97 1.73 

Hancock 
P-factor 0.13 0.38 0.50 

R-factor 1.11 2.18 3.10 

Rhinelander 
P-factor 0.50 0.38 0.63 

R-factor 0.94 0.99 2.03 

Lux Arbor 
P-factor 0.50 0.50 0.75 

R-factor 0.61 1.46 1.90 

Lake City 
P-factor 0.63 0.38 0.50 

R-factor 0.94 1.02 2.26 

Fairfield 
P-factor 0.50 0.50 0.50 

R-factor 0.87 1.31 2.02 

Orr 
P-factor 0.50 0.67 0.67 

R-factor 0.85 1.39 2.43 

Dekalb 
P-factor 0.50 0.67 0.83 

R-factor 0.66 1.82 2.54 
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Figure E.2. Global sensitivity analysis of plant growth parameters for SWAT. 
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Figure E.3. Global sensitivity analysis of plant growth parameters for SWAT–GRASSD. 
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Figure E.4. Global sensitivity analysis of plant growth parameters for SWAT–

GRASSM. 
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Figure E.5. Mean seasonal (a) surface runoff, (b) evapotranspiration, (c) soil moisture 

content, and (d) percolation simulated by SWAT, SWAT–GRASSD, and SWAT–

GRASSM at the switchgrass cultivated HRUs. The shading represents 95% confidence 

interval. 
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Figure E.6. Mean seasonal (a) plant nitrogen uptake and (b) total soil nitrate content 

simulated by SWAT, SWAT–GRASSD, and SWAT–GRASSM for switchgrass. The 

shading represents 95% confidence interval. 
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Appendix F. Selected near-natural streamgages 
 

Figure F.1. Relationship between the number of clusters and silhouette score. 

 

Figure F.2. Frequency distribution of basin characteristics representative of human 

disturbance within a basin. 
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Figure F.3. Map showing (a) water resource divisions across the contiguous United 

States and (b) spatial distribution of streamgages selected for correlation analysis. The 

marker with blue outline indicates streamgages categorized as reference in GAGES-II 

dataset. 
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Figure F.4. Comparison of relationship of maximum precipitation-streamflow 

correlation coefficient with (a-b) basin elevation and (c-d) baseflow index for 

streamgages excluded (a and c) and selected (b and d) for correlation analysis. 

 

Figure F.5. Proportion of streamgages with maximum correlation obtained at the 

timescale of 1, 5, 10, 15, 20, 25, and 30 days for each water resource division. 
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Table F.1. Summary of streamgages selected as reference condition. 

Region Number of reference 

streamgages 

(total gages) 

% of gages as GAGES-II 

reference (count) 

Arkansas-White-Red 115 22 (25) 

California 246 17 (42) 

Great Basin 40 18 (7) 

Great Lakes 69 30 (21) 

Lower Colorado 65 32 (21) 

Lower Mississippi 30 47 (14) 

Mid Atlantic 200 32 (63) 

Missouri 87 16 (14) 

New England 110 28 (31) 

Ohio 108 27 (29) 

Pacific Northwest 188 30 (57) 

Rio Grande 23 17 (4) 

Souris-Red-Rainy 7 43 (3) 

South Atlantic-Gulf 181 34 (61) 

Tennessee 19 53 (10) 

Texas-Gulf 8 38 (3) 

Upper Colorado 22 0 (0) 

Upper Mississippi 26 15 (4) 

Note: “–” indicates that trends were not detected. 
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