
ABSTRACT 

GAY, ELLY TAHMASEB. Utilizing Hydrologic Modeling to Analyze the Role of Forests in  

Protecting Water Resources under Changing Environments. (Under the direction of Dr. 

Katherine Martin). 

 

The role of forests in protecting water resources has become increasingly pivotal amidst 

rapid global urbanization and unprecedented shifts in climate. Forested areas contain unique 

features that enable them to produce consistent, high-quality water yield relative to other land 

cover types. Consequently, forest conversion, especially to development, can disrupt balanced 

hydrologic regimes, impacting the physical, chemical, and ecological integrity of watersheds. 

The compounding effects of climate change can further complicate water resource challenges. 

Changes in climate patterns, characterized by increased temperatures and precipitation extremes, 

have already intensified the hydrologic cycle at local and global scales. Subsequently, it is 

increasingly crucial to understand the complex interplay between climate, land cover, and the 

hydrologic cycle. While we have a foundational understanding of historic hydrologic patterns, 

the impacts of anthropogenic changes in climate and land cover on water resources remain less 

clear. Therefore, there is an urgent need for research that explores approaches to safeguard water 

resources under changing conditions. 

Chapter 1 provides a review of how land cover and climate relate to the hydrologic cycle 

and discusses strategies for anticipating and managing changing conditions on water resources. 

This chapter introduces hydrologic modeling as a method to integrate interdisciplinary datasets 

and broad spatial scales to understand watershed response to dynamic conditions. I provide an 

overview of common hydrologic models and discuss the reason for using the Soil and Water 

Assessment Tool (SWAT) for subsequent studies. I then discuss how the US Southeast is an 

optimal case study as it represents a microcosm of global trends, where forest conversion from 



rapid population growth and subsequent development are exerting pressure on once stable water 

supplies.  

Chapter 2 seeks to determine the magnitude of climate change that would result in 

substantial increases in nutrient and sediment delivery across the Cape Fear Watershed and the 

associated implications for downstream coastal areas. To answer these questions, I used SWAT 

to compare baseline (2000-2020) and future (2040-2060) water quantity and quality in the 

watershed under two scenarios of ñwetò and ñdryò climate futures. I found that both futures 

predict increased sediment and nutrient loading and increased flood risk in the lower portion of 

the watershed near sensitive coastal ecosystems. These effects were diminished in an area with 

high forest cover. In the Cape Fear Watershed, upstream forest retention might prove 

advantageous for downstream areas, especially when the effects of development are compounded 

by a wetter climate. 

Chapter 3 aims to increase our understanding of how current forest cover contributes to 

source water protection and to assess the impacts of future forest loss on water quality and 

quantity in a watershed experiencing rapid development. For this study, I used SWAT in the 

Middle Chattahoochee Watershed to analyze how projected land cover scenarios to 2070 affect 

water quality and quantity, with specific focus on drinking water intake facilities. I found that 

projected development occurs on the edge of major metropolitan cities and within small, rural 

towns. Further, sediment, nitrogen, and phosphorus loads, as well as sediment and nitrogen 

concentrations, will surge at most drinking water intake facilities, with the largest gains at 

facilities on tributaries. This study highlights areas in the watershed that can be prioritized for 

source water protection, thereby enhancing the resilience of drinking water supplies. 
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CHAPTER 1: The Impact of Land Cover and Climate Change on Water Resources and the 

Importance of Hydrologic Modeling 

Abstract 

Forested areas provide the most stable water resources relative to other land cover types owing to 

their unique characteristics, such as robust root systems and high infiltration capacity. 

Consequently, forest conversion, particularly to development, can cause both water quantity and 

quality degradation. While we have a foundational understanding of the interplay between land 

cover, climate, and the hydrologic cycle, rapid urbanization and climate change are creating 

unprecedented shifts in our water resources. Therefore, it is crucial that we develop innovative 

strategies to safeguard our water resources. One way we can achieve this is by utilizing 

hydrologic modeling. Hydrologic modeling integrates interdisciplinary datasets at broad spatial 

scales, providing insights into watershed responses under dynamic conditions. The US Southeast 

presents an ideal setting for hydrologic modeling studies, serving as a microcosm of global 

trends. In the Southeast, rapid development and subsequent forest conversion are exerting 

significant pressure on water supplies. Through hydrologic modeling, we can gain valuable 

insights into the intricate dynamics of water resources in this region and propose strategies for 

their sustainable management. 
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1.1 How do land cover and climate relate to the hydrologic cycle? 

The hydrologic cycle is governed by various mechanisms that respond to changes in both 

climate and land cover. Precipitation serves as the primary input mechanism into a watershed. 

Upon falling, precipitation can be intercepted (namely by vegetation), infiltrated into the soil, or 

become runoff entering the stream network. Evapotranspiration (ET) is an output mechanism 

that removes water from the watershed and links land surface characteristics with the overall 

processes of the hydrologic cycle (Hornberger, Wiberg, Raffensperger, & D'Odorico, 2014). 

Climate controls on ET can substantially affect the amount of water within a watershed. 

These controls include temperature, precipitation, vapor pressure, net radiation, and wind speed. 

Warmer air, capable of holding more water, increases the vapor pressure deficit, or the amount of 

moisture in the air relative to the amount of moisture the air can hold. Generally, an elevated 

demand for atmospheric moisture leads to higher ET rates. Net radiation, an essential energy 

source for ET, dissipates as latent heat, fueling evaporation and introducing solar energy as a 

driving force in the hydrologic cycle (Hornberger et al., 2014). Around half of the solar energy 

the land absorbs is utilized for evaporation (Trenberth, Fasullo, & Kiehl, 2009). Precipitation and 

ET share a reciprocal relationship, where warmer temperatures boost evaporation rates, which 

elevate atmospheric water vapor levels that foster precipitation events (Hayhoe et al., 2018). 

Conversely, precipitation can limit ET, leading to higher water yields (P. V. Caldwell, G. Sun, S. 

G. McNulty, E. C. Cohen, & J. A. Moore Myers, 2012). While these physical conditions impact 

evaporation, transpiration is influenced by both these elements and by biological factors directly 

connected to land cover (Hornberger et al., 2014). 

Transpiration is regulated by stomatal conductance, the mechanism plants use to open 

their stomata to transpire water. The frequency and extent to which plants open their stomata can 
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be specialized from a species to individual level and are primarily dictated by species phenology 

and physiology. For example, isohydric species shut their stomata under dry soil conditions, 

whereas anisohydric species keep their stomata open under the same conditions. Stomatal 

conductance is largely influenced by the atmospheric vapor pressure deficit, with high deficits 

prompting plants to close stomata in self-preservation; however, this response can vary based on 

species and climate characteristics (Massmann, Gentine, & Lin, 2019). Stomatal conductance is 

also closely tied to leaf area index (LAI), which is a major biological control on ET as leaf area 

relates to interception and subsequent evaporation back into the atmosphere. Forests exhibit the 

highest ET rates compared to other land cover types due to larger LAI, which allows for greater 

canopy storage and interception of falling precipitation (L. Zhang, Dawes, & Walker, 2001). 

Therefore, alterations to forested land cover, particularly to development, substantially affect ET, 

streamflow, and the internal movement of water within a watershed (DeWalle, Swistock, 

Johnson, & McGuire, 2000; Locatelli et al., 2017; Teuling et al., 2019).  

1.2 How do land cover changes affect water resources? 

1.2.1 Water Quantity 

Forests have a greater capacity for regulating streamflow relative to other land cover 

types because of several unique characteristics. For example, forest roots can access deep soil 

moisture and groundwater levels, creating preferential flow pathways that enhance groundwater 

infiltration and reduce runoff. The loss of forests, particularly to development, can disrupt stable 

hydrologic regimes, which define the relationship between water flow, distribution, and storage 

within a watershed. Development increases impervious surfaces, which can hinder or halt 

groundwater infiltration. This change can disrupt natural groundwater recharge areas, leading to 

lower soil moisture, baseflow, and groundwater levels (Groffman et al., 2003; OôDriscoll, 



   

4 

 

Clinton, Jefferson, Manda, & McMillan, 2010; M. J. Paul & J. L. Meyer, 2001). Further, soil 

compaction, impervious surfaces, and other features of development that hinder groundwater 

infiltration can greatly increase surface runoff (McGrane, 2016). 

Elevated runoff rates are key characteristics of a developed watershed (Boggs & Sun, 

2011; Nagy, Lockaby, Kalin, & Anderson, 2012; OôDriscoll et al., 2010). Forested areas slow 

runoff through greater levels of interception, physical roughness, and soil-moisture storage (Lull 

& Sopper, 1969). Forest conversion to development often shortens runoff lag time, causing 

water, particularly during storm events, to reach streams more quickly, which increases flow 

volumes, peak flows, and flood frequencies (McGrane, 2016; M. J. Paul & J. L. Meyer, 2001). 

Even minimal impervious cover can dramatically change flow regimes, with impervious surface 

cover between 5-20% generally linked to higher flow rates (Oudin, Salavati, Furusho-Percot, 

Ribstein, & Saadi, 2018; Sun & Caldwell, 2015). High runoff can alter channel geomorphology, 

causing erosion by increasing flow velocity and removing replenishing sediment (OôDriscoll et 

al., 2010). Urban streams may undergo downcutting and incision from direct runoff, exacerbated 

by storm drainage networks funneling large stormwater volumes to a central drainage point in a 

stream (Groffman et al., 2003). 

Increased runoff is also a symptom of ñurban stream syndromeò (Meyer, Paul, & 

Taulbee, 2005; Michael J Paul & Judy L Meyer, 2001), a term used to describe the ecological 

decline in urban streams beyond a development threshold. This syndrome is characterized by 

flashier hydrographs and higher nutrient, sediment, and contaminant levels which vary with 

development intensity. For example, Diem, Hill, and Milligan (2018) observed that watersheds 

with recent development increases in the Atlanta, GA, USA area showed rising trends in high 

flow frequency and flashiness index, whereas consistently developed areas saw reduced 
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streamflow due to diminished groundwater recharge. Urban stream syndrome creates an unstable 

flow regime, which in turn affects the biological diversity of the stream ecosystem. Factors such 

as reduced forest cover decreases channel shading and runoff from impervious surfaces raises 

water temperatures, which threaten aquatic species (Walsh et al., 2005). 

The effects discussed above are the general trends and expected responses to water 

balance components when forestland is converted to development. However, the impact of forest 

conversion on water balance can vary with the development type and watershed characteristics. 

The initial conversion from forests to development may lead to increased water yield and flow 

rates due to reduced infiltration and ET. However, this is a temporary response indicative of a 

transitioning hydrologic state that often experiences watershed health implications, such as 

warmer stream temperatures, lower dissolved oxygen levels, and higher nutrient concentration 

(Price, 2011). Further, storm water, wastewater, and municipal intake infrastructure can alter the 

hydrologic response in unanticipated ways. In some developed areas, leaking water and sewer 

pipes may increase groundwater recharge and baseflows, though often with adverse water quality 

implications (OôDriscoll et al., 2010). When forest cover is replaced by development or 

agriculture, sediment, nitrogen, and phosphorus can become significant sources of river 

impairment, potentially leading to degraded drinking water quality (Dubrovsky et al., 2010; US 

EPA, 2000). Consequently, sediment, nitrogen, and phosphorus are water quality parameters 

commonly used in research to evaluate watershed health (Saad et al., 2019).  
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1.2.2 Water Quality 

Sediment is a physical parameter of water quality that relates to channel morphology and 

carries contaminants, such as metals. Sediment is quantified with various metrics, such as 

turbidity, sediment concentration, and total suspended sediment (Water Quality Portal, 2024). 

Identifying the source of sediment in watersheds poses a persistent challenge, as legacy effects 

from historic land uses can take decades to manifest and can be re-suspended from disturbances 

(Lockaby et al., 2013). In developed areas, higher runoff rates can increase sediment loading 

through hillslope and bank erosion while simultaneously disrupting settling sediment from 

replenishing the streambed (Mitsch et al., 2001). These processes alter channel morphology 

(Mitsch et al., 2001) and can introduce finer sediments through bank erosion that diminish the 

size and functionality of the hyporheic zone, the groundwater-surface water interface which 

plays a critical role in stream nutrient dynamics (Krause et al., 2011; OôDriscoll et al., 2010). 

Nutrients, such as nitrogen and phosphorus, originate from various sources in the 

landscape, including fertilizer applications, wastewater discharge, and leaky sewer and septic 

systems (OôDriscoll et al., 2010). Developed areas often lack the primary mechanisms for 

denitrification found in forests and, to some extent, agricultural areas. Denitrification, typically 

occurring in forested riparian zones, transforms nitrate into gas that is released into the 

atmosphere. The conditions conducive to effective denitrification ï such as high water tables, the 

presence of active denitrifying bacteria, ample organic carbon, and fluctuating aerobic/anaerobic 

conditions ï are absent in developed settings (Klapproth & Johnson, 2009). Vegetative uptake 

also aids in denitrification by converting nitrate into organic nitrogen, which is deposited back to 

the ground as organic material, facilitating the denitrification process (Klapproth & Johnson, 

2009). Phosphorus levels are higher in urban and agricultural areas, stemming from fertilizers 
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and the mobilization of previously buried sediments during land conversion (Michael J Paul & 

Judy L Meyer, 2001). Once in the stream network, phosphorus primarily binds to soil and 

organic materials, making deposition the main removal mechanism (Klapproth & Johnson, 

2009). 

The inextricable connection between climate, land cover, and the hydrologic cycle is 

complex. Although there is a basic understanding of how this relationship has influenced 

historical hydrologic patterns, the effects of anthropogenic changes in climate and land cover on 

water resources are less clear (Vose et al., 2011). Consequently, there is an urgent need to 

develop innovative approaches for safeguarding water resources in the face of new challenges 

and unprecedented conditions. One effective strategy involves a comprehensive assessment of 

watersheds through hydrologic modeling, enabling a holistic understanding and management of 

water resources.   

1.3 How do we anticipate and manage land cover and climate changes on water resources? 

1.3.1 Conceptual Framework 

Advances in hydrologic modeling stem from the earlier practice of conducting paired 

watershed studies (Vose et al., 2011). While these studies were critical for advancing 

foundational hydrologic knowledge, by focusing primarily on inputs and outputs the watersheds 

were treated as black box systems. The shift towards an ecosystem science perspective 

introduced a systems thinking approach, viewing watersheds as integral components of a 

broader, interconnected ecosystem. This conceptual evolution paved the way for the 

contemporary field of ecohydrology, which investigates the processes within and external to a 

watershed that influence hydrologic responses (Vose et al., 2011).  

 



   

8 

 

Viewing watersheds as integrated parts of the landscape fosters an integrated watershed 

perspective (Wang et al., 2016). This approach leverages interdisciplinary knowledge to address 

both social and ecological needs within the watershed (Wang et al., 2016). The success of 

integrated watershed studies often hinges on the scale of observation. Given the spatial and 

temporal variability of ecosystem services within a single region, studies at the landscape (1-104 

km2) to regional scales are more adept at capturing these variabilities (Y. Zhang, Holzapfel, & 

Yuan, 2013) and extrapolating them to similar regions around the globe. Larger scale also 

captures the integration of the river ecosystem with the surrounding landscape. This perspective 

supports the view of watersheds as interconnected, continuous systems (Carone et al., 2010), 

aligning with foundational theories like the River Continuum Concept (Vannote, Minshall, 

Cummins, Sedell, & Cushing, 1980), the Flood Pulse Concept (Junk, Bayley, & Sparks, 1989), 

and the concept of stream order (Strahler, 1952), which collectively illustrate the structure and 

change within a watershed from headwaters to large rivers. 

Beyond ecological and hydrological systems, watershed boundaries intersect with 

jurisdictional, social, and economic boundaries (Wang et al., 2016). This intersection places the 

hydrologic community in a strategic position to contribute to management decisions (Guswa et 

al., 2014). Consequently, there is a pressing research need for hydrologic modeling that 

seamlessly integrates interdisciplinary datasets, such as remotely sensed ET and other geospatial 

data, across broad spatial scales to understand watershed responses to dynamic conditions (Vose 

et al., 2011).  

  



   

9 

 

1.3.2 Modeling Framework 

An abundance of hydrological models exists, often described as a "plethora of models" 

(Clark, Kavetski, & Fenicia, 2011; Horton, Schaefli, & Kauzlaric, 2022). This variety can 

address diverse research questions but may also complicate the transferability of methods and 

findings. Hydrologic models have evolved in their capabilities, ranging initially from lumped, 

conceptual rainfall-runoff statistical models into physically-based, distributed models capable of 

capturing human impacts on hydrology (Ma, He, Bian, & Sheng, 2016). Commonly used models 

in contemporary ecohydrological research include MIKE SHE, RHESSys, and SWAT (Sun et 

al., 2023).  

The MIKE SHE model is a powerful tool capable of combining conceptual and physics-

based methods (Ma et al., 2016; Refshaard & Storm, 1995). It has been utilized in a variety of 

studies to assess the effects of urbanization, forest management, and climate change on water 

resources. Im, Kim, Kim, & Jang (2009) used MIKE SHE to analyze the effects of varying levels 

of urbanization on flow response in the Gyeongancheon watershed in Korea. Lu et al. (2006) 

applied MIKE SHE in the Santee Experimental Forest in the US Southeast, discovering that 

forest removal raised the water table and reduced ET, while a rise in temperature, combined with 

reduced precipitation, diminished groundwater recharge. Sun et al. (2006) also applied MIKE 

SHE across the US Southeast, concluding that climate change and forest conversion exert the 

most significant impacts on the regional hydrology. While MIKE SHE has proved useful in 

ecohydrological studies, its technical complexity (Christian Refsgaard, Storm, & Clausen, 2010) 

has been criticized for over-parameterization (Ma et al., 2016). 

The RHESSys model is advantageous for simulating integrated hydrological and 

ecological cycles across various scales and heterogeneous landscapes (Tague & Band, 2004). 
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Like MIKE SHE, RHESSys employs a nested hierarchy to compute processes, first within 

individual landscape units and then among them (Tague & Band, 2004). Son et al. (2019) 

utilized RHESSys to assess the impact of vegetation phenology and hydrologic connectivity on 

streamflow and dissolved organic carbon in a small forested headwater catchment in the Catskill 

Mountains, New York, USA. They observed improved model performance with dynamic 

phenology values compared to static ones, highlighting the capability of RHESSys to model 

specific, complex processes (K. Son et al., 2019). The majority of research employing RHESSys 

has focused on the effects of climate change on hydrological processes (Chen et al., 2020). 

Mishra et al. (2023) applied RHESSys to determine the hydrologic response of a watershed to 

various Global Climate Models. Martin et al. (2017) used RHESSys to examine the impacts of 

both climate and land use changes within the Yadkin River Basin in North Carolina, USA. 

Model complexity and sometimes inaccessibility of data and parameters, as well as challenges in 

applying the detailed model to larger watershed scales, are potential limitations of using 

RHESSys (Chen et al., 2020). 

SWAT was initially developed by the USDA Agricultural Research Service to model the 

impact of agricultural management practices on water resources (Gassman, Reyes, Green, & 

Arnold, 2007). This model synthesizes elements from several hydrologic models, notably the 

Chemicals, Runoff, and Erosion from Agricultural Management Systems (CREAMS) and the 

Groundwater Loading Effects of Agricultural Management Systems (GLEAMS) models 

(Neitsch, Arnold, Kiniry, & Williams, 2011). Operating on a daily time step, SWAT uses 

spatially distributed data inputs, such as topography, soils, land cover/use, and climate, to 

estimate water, sediment, and nutrient yields (Douglas-Mankin, Srinivasan, & Arnold, 2010). Its 

widespread use is attributed to a user-friendly interface and the availability of input data 
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(Abbaspour et al., 2007; Arnold, Srinivasan, Muttiah, & Williams, 1998). Over the nearly 30 

years since its inception, SWAT has garnered widespread application and validation by a broad, 

interdisciplinary community in both international and domestic studies (Gassman et al., 2007).  

SWAT simulates hydrologic processes by dividing the watershed into subbasins and 

hydrologic response units (HRUs), which are areas with similar biophysical characteristics, such 

as land use, soil, and slope. The model operates in two phases: the land phase and the water or 

routing phase. Climate data, including precipitation and temperature, are sourced from either the 

built-in weather generator or external climate datasets provided by the user. Initially, processes 

are modeled within the HRUs before being aggregated across the subbasins (Winchell, 

Srinivasan, Di Luzio, & Arnold, 2013). Flow is routed through the channel using the Muskingum 

method or the variable storage coefficient method (Neitsch et al., 2011). After running the 

model, it can be calibrated and validated against observed records (Winchell et al., 2013). The 

lack of physical connections between HRUs limits the model capacity to assess land 

management practices at detailed scales.  

SWAT was selected as the preferred hydrologic model for the upcoming chapters due to 

its use of open-source data inputs and its capability to assess changing conditions from the 

landscape to the regional scale. Our study areas within the SWAT models were carefully chosen 

based on stakeholder preference. Findings in these areas can be transferred to comparable 

regions and aid in the creation of a comprehensive framework for understanding the impacts of 

changing conditions on water resources. Therefore, subsequent chapters will focus on the US 

Southeast, a region that serves as a microcosm of global trends, where population growth drives 

forest conversion for development, exerting pressure on previously stable water supplies. 
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1.4 The US Southeast: Where land cover and climate change threaten water resources 

Development patterns in the Southeast (SE) are influenced by historic land use, which 

predisposes the region to hydrologic challenges. After European settlement led to widespread 

logging, the SE experienced a shift towards intensive agriculture, resulting in significant topsoil 

erosion (up to 12.3 inches) (Daniels, 1987; Trimble, 1975) and declines in soil productivity 

(Lockaby et al., 2013). Around 1920, the mass abandonment of agriculture resulted in 

widespread reforestation (Huggett, Wear, Li, Coulston, & Liu, 2013; Lockaby et al., 2013). 

Since that time, the landscape has seen considerable changes, characterized by rapid 

development that is rarely constrained by topography or water availability. Nevertheless, forest 

conversion is influenced by global economic trends, as the region serves as the largest producer 

of plantation forestry in the United States, with land consistently transitioning in and out of forest 

cover (Huggett et al., 2013; Wear, 2002). 

The SE has always been a national leader in the timber industry, which is shifting based 

on economic demand and climate policies (Brandeis, Taylor, Abt, Alderman, & Buehlmann, 

2021). Wood pellet production for non-domestic utility consumption is an emerging sector in the 

SE timber industry (Brandeis et al., 2021). Industrial wood pellet production in the SE increased 

by an estimated 42% from 2016 to 2019, (Brandeis et al., 2021; Electricity-Analysis and 

projections, form EIA-923 detailed data, 2020). Projections to 2070 indicate that national forest 

product production and consumption are expected to continue growing, with the SE projected to 

remain in the lead (Guo, Prestemon, & Johnston, 2023). However, climate changes can 

negatively impact the timber industry. Baker et al. (2023) found that under extreme warming 

scenarios to 2100, tree inventory losses will occur nationally with the most pronounced losses in 

the South (Baker et al., 2023). Therefore, the rise in wood production in combination with 
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climate changes has introduced uncertainty for forest resources in the SE, which extends to the 

impact on water resources.  

Forestlands in the SE serve as both a crucial economic resource for landowners and an 

invaluable source of water for the region. Overall, national, state, and private forestlands together 

provide about 36% of the regional water supply (P. Caldwell et al., 2014), highlighting the 

crucial role of forest land cover. Preservation of these forestlands might prove important as 

population surges lead to increased water demand. Ongoing interstate water disputes, such as the 

Alabama, Florida, and Georgia ñwater warsò in the Apalachicola-Chattahoochee-Flint Basin, 

along with a Supreme Court case between North Carolina and South Carolina over the Catawba-

Wateree River Basin, emphasize the critical importance of strategic water management in the 

region (Engström & Waylen, 2017). If not addressed, development and climate trends will 

further escalate water resource challenges.  

The interplay between urbanization and climate change may impact the amount of clean 

water available to meet rising demand. A study by Sanchez et al. (2020) forecasts a significant 

rise in water demand (37-383%) in North and South Carolina by 2065, based on various land 

cover and climate scenarios compared to a 2010 baseline. Although initial forest conversion may 

increase water yield (Boggs & Sun, 2011), climate change is anticipated to negate these effects 

by 2060, leading to flow reductions from water withdrawals and a 16% decrease in water levels 

compared to 2010 (P. Caldwell, G. Sun, S. McNulty, E. Cohen, & J. Moore Myers, 2012). 

Additionally, urbanization can intensify extreme rainfall events in the region (Singh, Karmakar, 

PaiMazumder, Ghosh, & Niyogi, 2020).  

The SE now stands at a crossroads, with historic hydrologic regimes undergoing 

profound shifts due to unprecedented changes in land cover and climate. These transformations 
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threaten to exacerbate water quality degradation, increase flood hazard risks, and cause further 

disruptions to the regional water resources. Consequently, to advance our understanding of 

anthropogenic effects on watershed health, it is critical to explore how changes in climate and 

land cover will impact hydrology. Examining these changes at the landscape level will capture 

spatial and temporal heterogeneity of the study areas and improve the transferability of results to 

similar regions. Therefore, the following chapters will address these overarching questions:  

1. What are the potential changes in nutrient and sediment delivery across a large regional 

watershed with diverse land covers due to a changing climate and what are the anticipated 

downstream impacts to coastal areas? 

2. To what extent does current forest cover, in comparison to predicted future losses, protect 

downstream water quality at drinking water intakes in a rapidly developing watershed? 

1.4.1 The Cape Fear River Watershed 

The Cape Fear River Watershed (CF) in North Carolina, USA, is experiencing water 

degradation challenges due to agricultural and industrial activities. The CF is dominated by 

concentrated animal feeding operations (CAFOs), which is a type of agriculture where animals 

such as cows, chickens, and hogs are confined and fed for 45 days or more within a 12-month 

period ("Animal Feeding Operations," 2024; "Cape Fear River," n.d.). CAFOs have been 

designated as point sources as they contribute substantial pollution to waterways and are 

regulated under the National Pollutant Discharge Elimination System (NPDES) ("Animal 

Feeding Operations," 2024). Approximately half of the North Carolina hog population resides 

within the CF, with two counties alone representing 43% of the state permitted CAFOs 

(Katherine L Martin, Emanuel, & Vose, 2018). In addition to agricultural sources, industrial 
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activities contribute significant pollutants to the CF River watershed, with recent attention drawn 

to the presence of GenX in drinking water within the lower basin.  

GenX is a type of per- and polyfluoroalkyl substances (PFAS), which are human-made 

chemicals commonly used for nonstick and waterproof coatings in cookware and clothing 

("GenX Health Information," 2017). GenX has been discharged into the CF River since the 

1980s from upstream industrial facilities in Fayetteville and has sparked human health and 

drinking water quality concerns in the downstream area, particularly in the Wilmington region 

(Helmer, 2020). Despite these challenges, the CF remains critically important for drinking water 

and recreation, featuring a network of 6,500 miles of streams, 33 reservoirs, and 95 water 

systems ("Cape Fear River," n.d.; "Safer Cape Fear River Basin," 2021).  

Concurrent population growth and climate change are introducing new vulnerabilities for 

populations in the CF. Individuals residing downstream, especially near CAFOs, may face 

disproportionate impacts compared to those upstream (J.-Y. Son, Miranda, & Bell, 2021). The 

presence of CAFOs has escalated into an environmental justice issue, with studies indicating that 

residents living nearby face elevated risks of cardiovascular mortality (J.-Y. Son, Miranda, & 

Bell, 2021). This group is also at higher risk for conditions such as anemia and kidney disease 

(J.-Y. Son et al., 2021). Furthermore, nutrient and sediment loading from agricultural and urban 

lands pose significant health risks and are leading concerns for water quality degradation within 

the CF. Notably, practices such as animal waste spraying and wastewater discharge contribute 

more nitrogen to the waterways than agricultural field fertilizers (Brown, Mallin, & Loh, 2020). 

This increased nutrient loading has led the state to classify certain areas of the CF as "nutrient-

sensitive waters," enforcing stricter limits on phosphorus and nitrogen releases from wastewater 

treatment plants into these zones (NOAA, n.d.). 
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Elevated nitrogen levels stimulate algal growth that leads to increased eutrophication, 

which poses challenges for drinking water intakes. On average, a drinking water utility in the CF 

must spend $800-$1,300 per day to treat harmful algal blooms (NOAA, n.d.). These algal 

blooms, in addition to other water quantity concerns, are primarily exacerbated by flooding due 

to land cover changes and frequent hurricanes. All of the top ten maximum peak discharges in 

the CF have been the result of hurricanes (Yin et al., 2021). However, the CF region is also 

expected to experience increased dry periods. Griffin et al. (2013) examined the Lower Cape 

Fear Basin and noted an increase in summer water deficits, compounded by rising demand from 

a growing population.  

The CF represents an ideal case study for examining the impact of changing conditions 

on water resources. Water quality issues stemming from developed and agricultural areas are 

currently exacerbated by high-flow events, a trend that is likely to intensify with climate change. 

The downstream ecosystems and communities in the CF are particularly vulnerable due to their 

sensitivity to upstream climate and development changes, further compounded by their proximity 

to industrialized agriculture and coastlines. Therefore, the second chapter aims to investigate (1) 

the magnitude in which climate change increases nutrient and sediment delivery across the Cape 

Fear River Watershed and (2) the implications for downstream coastal areas. 

1.4.2 The Middle Chattahoochee Watershed 

The Middle Chattahoochee Watershed (MC) is part of the Apalachicola-Chattahoochee-

Flint Basin (ACF), one of the most vital and disputed water resources in the SE. Water from the 

ACF is allocated among three states ï Georgia, Alabama, and Florida ï leading to the well-

known "tri-state water wars". Georgia depends on the ACF to meet water demands in Atlanta 

and support downstream agriculture. Alabama primarily uses the water for agricultural and 



   

17 

 

energy production, while Florida relies on navigational and environmental flows to sustain the 

shellfish industry in the Apalachicola Bay (Fang et al., 2022; Feldman, 2009). The diverse range 

of stakeholder interests has placed the ACF at the center of legal disputes since the 1990s (Rugel, 

2020). Tensions within the basin escalated around 2012 when a series of droughts strained water 

resources, leading to a dangerously diminished drinking water supply (Rugel, 2020). Even under 

various operational scenarios, managed reservoir storage alone will not be adequate to augment 

downstream flows during a drought similar to the 2012 event ï simply put, there is not enough 

water to mitigate extreme events (Leitman, Pine III, & Kiker, 2016). 

Restoration activities, such as afforestation, have the potential to mitigate the impacts of 

extreme events on water resources (Sun, Arumugam, et al., 2013). However, the notion of forest 

conservation and afforestation raises the question of the importance of current forest cover 

compared to anticipated future losses. Determining the necessary amount of forest cover to 

maintain stable water resources under changing conditions can be challenging. The significance 

of current forest cover is especially critical in the Middle Chattahoochee (MC) watershed, as its 

headwater tributaries are located within the Atlanta city limits. The Atlanta region is projected to 

grow to 7.9 million people by 2050, with the most rapid growth expected in the outer counties 

(Metro Atlanta Population to Reach 7.9 Million by 2050, ARC Forecasts Show, 2024). This swift 

population increase, particularly in the outer counties, is likely to lead to forest conversion to 

development. 

Forest ownership may also determine the extent and intensity of development. State and 

private forestlands, the dominant types of forest ownership in the SE, are also the most 

susceptible to development pressures (Caldwell et al., 2014; Sass, Butler, & Markowski-Lindsay, 

2020). Utilizing data from the Forests to Faucets 2.0 Assessment (Mack, Lilja, Claggett, Sun, & 
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Caldwell, 2023), I found that within the MC, 89% of forest cover is privately owned, 6% is 

federal, and 2% is protected (including state land). This data also includes an index of relative 

importance to surface drinking water, which ranges from 0 (very low) to 100 (very high). 

Approximately 71% of the MC had an index score between 80 and 100. The combination of 

population growth, private forest ownership, and the critical importance to drinking water 

supplies highlights the vulnerability of the MC to changes in land cover, which could be 

exacerbated by climate change. 

Climate variability introduces uncertainty in water supply vulnerability across the ACF 

(Schlef, Steinschneider, & Brown, 2018). Water supply stress in the SE is expected to 

significantly increase due to climate change and rising usage by 2050 (Sun, Caldwell, et al., 

2013). Therefore, it is imperative to investigate the ecosystem services that threatened forest 

cover provides for water resources, especially in areas vital for stabilizing drinking water 

supplies. In the third chapter, we analyze how land conversion to development will impact water 

quantity and quality in the MC watershed, with a particular focus on drinking water intake 

locations. Our primary objectives are to 1) estimate water quantity and quality throughout the 

watershed under a 2020 baseline, 2) analyze changes in water quantity and quality under a suite 

of future land cover scenarios extending to 2070, and 3) identify areas within the watershed that 

could be prioritized for source watershed protection, informing more targeted, effective 

watershed management. 
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CHAPTER 2: Climate Change Could Drive Increased Sediment and Nutrient Loading in 

Downstream Coastal Areas 

Abstract 

Climate change is intensifying the hydrologic cycle, resulting in unprecedented shifts in 

streamflow regimes. Climate changes further inland can compound and have significant 

downstream impacts, exacerbating flood risk and increasing sediment and nutrient loading. This 

is a pressing concern for coastal communities and ecosystems, which can be caught between 

rising sea levels and upstream impacts. There is a pressing need for research that relates and 

projects the effects of climate change on water resources, particularly water quality, as the most 

extreme water quality impacts can be driven and exacerbated by weather. Therefore, the 

objective of this study was to assess how climate change will affect both water quality and 

quantity in the Cape Fear River Watershed in North Carolina, USA. This watershed connects 

different physiographic regions to vulnerable coastal areas, experiences water quality 

degradation from industrial and agricultural operations, and faces development pressures from a 

growing population. Our objectives were to: (1) determine the potential changes in nutrient and 

sediment delivery across a large regional watershed with diverse land covers due to a changing 

climate (2) estimate the associated implications for downstream coastal areas. We used the Soil 

and Water Assessment Tool (SWAT) to compare baseline (2000-2020) and future (2040-2060) 

water quantity and quality under two regional climate futures. We found that both futures predict 

increased sediment and nutrient loading and increased flood risk in the lower portion of the 

watershed near sensitive coastal ecosystems. These effects were diminished in an area with high 

forest cover. In the Cape Fear Watershed, upstream forest retention might prove advantageous 
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for downstream areas, especially when the effects of development are compounded by a wetter 

climate. 

2.1 Introduction 

2.1.1. Climate change effects on the hydrologic cycle 

Changes in climate are intensifying the hydrologic cycle (Costa et al., 2022). Global 

climate models predict trends of warmer and wetter conditions throughout most regions, 

amplifying extremes in precipitation and temperature (Adeyeri et al., 2022; Seneviratne & 

Hauser, 2020). Consequently, changes in water partitioning, particularly through 

evapotranspiration and surface runoff, drive changes in streamflow, with implications for aquatic 

ecosystems, flood risk, and water availability. The effects of climate and land use change on 

hydrology can differ across spatial and temporal scales. Globally, precipitation and vegetation 

changes have been identified as main drivers of increased global water availability over the past 

two decades, offsetting the impacts of increased evapotranspiration (Cui et al. 2022). However, 

in some humid regions, warming temperatures can either lower annual streamflow through 

increased evapotranspiration (Nijssen, O'Donnell, Hamlet, & Lettenmaier, 2001) or have 

minimal effect on streamflow through increased moisture recycling (Zeng et al., 2018). 

Therefore, climate change influence on water quantity requires a closer examination of unique 

watershed characteristics (Yu et al., 2022). 

Unprecedented shifts in streamflow regimes also impact water quality and river 

morphology. For example, the rise in frequency of summer droughts affect contaminant 

concentrations by increasing water residence time and reducing dilution (Whitehead, Wilby, 

Battarbee, Kernan, & Wade, 2009), which provides the opportunity for events like toxic algal 

blooms (Bussi, Janes, Whitehead, Dadson, & Holman, 2017). Conversely, flash flooding can 
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increase surface runoff and mobilize higher loads of pollutants (Suddick, Whitney, Townsend, & 

Davidson, 2013; Whitehead et al., 2009). Higher flows driven by changing climate are projected 

to be responsible for a 30 to 60% increase in global soil erosion and thus increases in suspended 

sediment by 2070 (Borrelli et al., 2020). Coastal areas particularly represent a microcosm of 

these global trends, where changing climate has driven visible, negative effects on water quality 

and quantity (Sandifer & Scott, 2021). The focus of coastal research efforts is often on the effect 

of sea-level rise (Barbier et al., 2011; Fleming et al., 2018; Friedman et al., 2020); however, 

coastal areas are vulnerable to upstream hydrologic changes. 

2.1.2. Relating the hydrological impact on coastal health 

In addition to sea level rise and warming oceans, it is important to recognize that climate 

changes further inland can compound to have significant downstream impacts. For example, 

increased precipitation from climate change is estimated to increase total riverine nitrogen 

loading 19 ± 14% by 2100 within the contiguous US, resulting in coastal eutrophication and 

harmful algal blooms (Sinha, Michalak, & Balaji, 2017). Rivers are also a main source of ocean 

sediment (Slattery & Phillips, 2011), and a change in streamflow and sediment loading can 

directly affect coastal ecosystems. Upstream development and infrastructure can further 

exacerbate the effects of climate change downstream, leaving communities caught in a ñcoastal 

squeezeò (Mart²nez, Mendoza-Gonzalez, Silva-Casarín, & Mendoza-Baldwin, 2014), which 

describes areas trapped between fixed landward boundaries and rising sea levels (Schleupner, 

2008). 
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2.1.3 Objectives 

There is a pressing need for research that relates and projects the effects of climate 

change on water resources, particularly water quality, as the most extreme water quality impacts 

can be driven and exacerbated by weather (Michalak, 2016). Multiple studies underscore the 

importance of viewing watersheds as integrated, connected systems where changes accumulate 

along a river to coast continuum (Lewis et al., 2021; Malara, Zema, Arena, Bombino, & 

Zimbone, 2020; Salomons et al., 2005; Thornbrugh et al., 2018). A watershed-scale study is 

especially applicable for management, as environmental challenges are not limited to 

jurisdictional or ecosystem boundaries (Cañedo-Argüelles, Brito, Sen, & Roy, 2023). Therefore, 

the objective of this study was to assess how climate change will affect both water quality and 

quantity in the Cape Fear River Watershed in North Carolina, USA. We chose this watershed as 

it connects different physiographic regions to vulnerable coastal areas, experiences water quality 

degradation from industrial and agricultural operations, and faces development pressures from a 

growing population. Specifically, our objectives were to: (1) determine the magnitude of climate 

change that would result in substantial increases in nutrient and sediment delivery across a 

regional watershed of multiple land covers and (2) estimate the associated implications for 

downstream coastal areas. We hypothesize that climate-induced increased precipitation will (1) 

drive subsequent increases in sediment and nutrient loading for all land covers with larger 

increases in developed and agricultural areas and (2) elevate the frequency of downstream 

flooding relative to historical climate. To answer our questions, we used the Soil and Water 

Assessment Tool (SWAT) (Arnold, Srinivasan, Muttiah, & Williams, 1998) to compare baseline 

(2000-2020) and future (2040-2060) water quantity and quality in the Cape Fear River 
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Watershed. We used two general circulation models (GCM), CNRM-CM5 and IPSL-CM5A-

MR, paired with a future of high change, representative concentration pathway 8.5 (RCP 8.5). 

 

2.2 Methods 

2.2.1 Study Area 

The 23,576 km2 Cape Fear River Watershed comprises 17% of total state land area and 

one-third of North Carolinaôs population, making it the most densely populated area in the state 

(Figure 2.1). According to the 2019 National Land Cover Dataset (NLCD), the watershed is 

approximately 14% developed, 37% forested, 21% agriculture, and 18% wetlands (Jin et al., 

2023). Yin et al. (2021) calculated the dominant soil types of the Cape Fear Basin to be 34% 

sandy loam, 24% loamy sand, 22% sand, 12% silty loam, and 7% loam. The Cape Fear 

Watershed comprises 6 USGS hydrologic unit code level 8 (HUC-8) subwatersheds which span 

the Piedmont and Coastal Plain physiographic regions: the Haw River, Deep River, Upper Cape 

Fear River, Black River, Northeast Cape Fear River, and Lower Cape Fear River. The Piedmont 

region extends from central Alabama to Southern New York and is characterized by gently 

rolling topography and moderate infiltration rates stemming from clay-based soils. In contrast, 

the Coastal Plain spans along the coastline of the Southeast to the Northeast and is characterized 

by relatively flat topography and erosional, sandy soils (Markewich, Pavich, & Buell, 1990). The 

Haw and Deep subwatersheds are in the Piedmont physiographic region. The Upper Cape Fear 

subwatershed represents the transition zone between the Piedmont and the Coastal Plain 

physiographic region. The Black, Northeast Cape Fear, and Lower Cape Fear River 

subwatersheds are within the Coastal Plain region. The Haw, Deep, and Upper Cape Fear 

subwatersheds contain the highest amounts of forest cover (44-56% of subwatershed area), while 
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the Black, Northeast Cape Fear and Lower Cape Fear have larger amounts of wetland (28-43%) 

and agricultural area (10-33%). 

The headwater region of the Cape Fear in the Piedmont is drier and cooler compared to 

the lower portion in the Coastal Plain. The 1991-2020 U.S. Climate Normals (Arguez et al., 

2012) show the upper portion of the basin near Greensboro, NC has an average annual 

temperature of 15.3 ºC and average annual accumulated precipitation of 1,116.3 mm. Near the 

coast at Wilmington, NC, average annual temperature increases to 18 ºC and precipitation 

increases to 1,527.8 mm per year.  

2.2.2 Hydrologic Modeling Approach 

Our work builds on a SWAT model developed by (Schaffer-Smith et al. (2022) and the 

U.S. Geological Survey (USGS) South Atlantic Water Science Center (Gurley, García, Pfeifle, & 

Sanchez, 2023) and is briefly described here. SWAT is a semi-distributed hydrological model 

compatible with a GIS interface. SWAT uses a digital elevation model to create a stream 

network and discretize the watershed into subwatersheds referred to as subbasins. Hydrologic 

response units (HRU) are then created from land cover, soil, and slope information and represent 

areas with similar biophysical characteristics. SWAT runs processes within the HRUs and then 

scales up to the subbasin level. Water is first routed on land to capture loadings entering the 

channel where water is then routed to capture movement through the subbasin channel to the 

outlet (J. Arnold et al., 2013; Neitsch, Arnold, Kiniry, & Williams, 2011). 

The Cape Fear Watershed was delineated into 2,928 subbasins and 13,596 HRUs. 

Schaffer-Smith et al (2022) calibrated for streamflow, sediment, and nutrients at a point close to 

the outlet (Lock and Dam #1 near Kelly, NC.) to avoid the influence of tides. Observed mean 

streamflow data and sediment, nitrogen, and phosphorus concentration were derived from the 
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Water Quality Portal (Water Quality Portal, 2024). Mean sediment, nitrogen, and phosphorus 

loads were estimated with LOADEST (Runkel, Crawford, & Cohn, 2004). Land cover classes 

were assigned using the Cropland Data Layer (USDA National Agricultural Statistics Service 

Cropland Data Layer, 2023). All urban land cover was modeled as medium density residential 

with 38% impervious cover. Further adjustments included management activities such as crop 

rotations and forest stands. Inorganic fertilizers were applied as elemental N and P to crops and 

hay while non-farm N and P were applied to lawns in urban areas. Concentrated animal feeding 

operations (CAFO) were modeled through land application of liquid manure to row crops, hay, 

rangelands, and pine plantations within 5-miles of a CAFO location (Schaffer-Smith et al., 

2022). Climate data, including daily precipitation, temperature, solar radiation, and relative 

humidity at a ~4-km resolution, were derived from the Gridded Surface Meteorological dataset 

(Abatzoglou, 2013). For precipitation and temperature, the centroid of each subbasin was used to 

download climate data and upload into the model. For solar radiation and relative humidity, 300 

equally spaced points across the basin were created using a fishnet, which is a way to divide a 

geographic area into a grid ("How Create Fishnet works," n.d.). Solar radiation and relative 

humidity at these 300 points were used to extrapolate values across the entire basin.  

2.2.2.1. Climate Data Updates 

We ran model scenarios using two general circulation models from the fifth phase of the 

Coupled Model Intercomparison Project (CMIP5): the CNRM-CM5 GCM (Voldoire et al., 

2013) and the IPSL-CM5A-MR GCM (Dufresne et al., 2013). We selected the CNRM-CM5 

GCM to represent a ñwetò scenario and the IPSL-CM5A-MR GCM to be a ñdryò scenario based 

on climate research across the southeast US (Duan et al., 2017; "MACA Ensemble Summary 

Projections," 2023; OôDea, Langner, Joyce, Prestemon, & Wear, 2023). We chose RCP 8.5 as 



   

34 

 

this scenario represents a high change in radiative forcing occurring by 2100. Each model was 

run for a baseline (2000-2020) and future (2040-2060) time period. Therefore, the model was run 

twice for the CNRM-CM5 GCM: baseline period (CNRM-BASE) and future period (CNRM-

FUT); and twice for the IPSL-CM5A-MR GCM: baseline period (IPSL-BASE) and future period 

(IPSL-FUT).  

For each scenario, we downloaded and formatted climate data from the Multivariate 

Adaptive Constructed Analogs (MACA) dataset in RStudio using the climateR package 

(Johnson, 2023) for baseline and future conditions, with each model run having a 3-year warmup 

period starting in 1997 for the baseline and 2037 for the future. Baseline data was comprised of 

1997-2005 GCM historical data and 2006-2020 RCP 8.5 GCM projected data. Climate 

parameters included statistically downscaled estimates of precipitation, temperature, solar 

radiation, relative humidity, and wind speed at a 4-km resolution (John T Abatzoglou & Brown, 

2012). Daily total precipitation and daily maximum and minimum temperature were downloaded 

using the centroids of the 2,928 subbasins in the Cape Fear model. Maximum and minimum 

daily relative humidity, average daily eastward and westward component of wind speed, and 

average daily shortwave radiation were downloaded for the 300 fishnet points used by Schaffer-

Smith et al. (2022) and extrapolated for all subbasins (Table 1). The average size of a subbasin 

was 8-km2, meaning multiple adjacent subbasins were informed by the same climate data in 

some cases.  
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Table 2.1 Scenario and data inputs for the SWAT model. Note: model runs had a 3-year warmup 

period and started printing in 2000 for the baseline and 2040 for the future period. 

 

Scenario Time Period Model 

Downscaled GCM  

Resolution 

CNRM-BASE 1997-2020 

Historical + Future CNRM-

CM5 RCP 8.5 

1.4 deg x 1.4 deg 

CNRM-FUT 2037-2060 Future CNRM-CM5 RCP 8.5 1.4 deg x 1.4 deg 

IPSL-BASE 1997-2020 

Historical + Future IPSL-

CM5A-MR RCP 8.5 

2.5 deg x 1.25 deg 

IPSL-FUT 2037-2060 

Future  

IPSL-CM5A-MR RCP 8.5 

2.5 deg x 1.25 deg 

Climate parameter Default Units Description 

Tasmax K Maximum daily temperature near surface 

Tasmin K Minimum daily temperature near surface 

rhsmax % Maximum daily relative humidity near surface 

rhsmin % Minimum daily relative humidity near surface 

pr Mm Average daily precipitation amount near surface 

Rsds W/m2 Average daily downward shortwave radiation at surface 

uas m/s Average daily eastward component of wind near surface 

vas m/s Average daily northward component of wind near surface 
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2.2.2.2 Point source updates 

Multiple management activities, like nutrient applications and planting/harvesting 

operations, can be defined at the HRU level. Point source information can be included at the 

subbasin level and consists of measured records of flow, nutrient, and sediment loadings routed 

directly into the channel network on an hourly, monthly, daily, yearly, or mean annual timestep. 

All point source (e.g., municipal wastewater treatment plant) management files presented in 

section 2.2 were held constant over time across the CNRM and IPSL baseline and future 

scenarios to isolate climate effects on water quality and quantity. For the 148 continuously active 

point sources, we created monthly averages of the flow, sediment, and nutrient loadings. We held 

these files constant from the baseline to future periods for the two climate models.  

2.2.2.3 Land cover correlation analysis 

In addition to analyzing general trends in water quality and quantity, we also analyzed the 

relationship between water quality and land cover type under the two climate scenarios. We 

broke land cover into 4 main classes: urban, forested, natural (non-forested), and agricultural. 

For each of these four classes, we calculated the percent area of each land cover class within the 

2,928 subbasins. The forested land cover class included deciduous, evergreen, and mixed forest. 

The other natural land cover class included range, shrubland, grasslands/herbaceous, barren land, 

woody wetlands, and emergent/herbaceous wetlands. Agricultural land cover included row crops 

and pasture/hay. We tested the relationship of each of these land cover percentages against 

sediment and nitrate (NO3) yield and examined how these relationships might change under two 

climate scenarios in areas with 10% or greater of the respective land cover. We excluded 

subbasins where management files included liquid manure application from surrounding CAFOs 

and subbasins where loadings were less than 1 metric tons/km2 for sediment and 1 kg/km2 for 
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nitrate. We avoided the influence of point sources by focusing on sediment and nitrate coming 

from the land phase of routing, as data from point sources are routed directly into the channel 

network. Lastly, we removed outliers from the sediment and nitrate loads. Outliers were 

identified as values that were less or greater than the first and third quartile by more than 1.5 

times the interquartile range.  

We investigated three subbasins as detailed case studies of the relationships between land 

cover, climate, and water quality. The urban case study (subbasin 1859) had 100% developed 

land cover and an area of 23.3 km2. The forested case study (subbasin 1662) had 100% forested 

land cover and an area of 23 km2. The agricultural case study (subbasin 230) had 100% 

agricultural land use and an area of 26 km2. There were no point sources or management 

activities within the case study subbasins.  

2.3 Results 

2.3.1. Model Calibration and Validation 

Monthly calibration (2010-2019) and validation (2000-2009) were performed by 

Schaffer-Smith et al. (2022) in Matlab statistical software using observed streamflow and water 

quality monitoring records at the watershed outlet (Lock and Dam #1 at Kelly, NC). The model 

fit statistics we achieved using the calibrated parameter values are provided in Table 2. 

Table 2.2 Monthly goodness-of-fit metrics for Lock and Dam #1, Kelly, NC (outlet) 

 Calibration Validation 

Metric  Flow Sediment TN TP Flow Sediment TN TP 

NSE 0.76 0.79 0.74 0.96 0.53 -0.49 0.59 0.31 

R 0.78 0.86 0.74 0.71 0.57 0.48 0.59 0.42 

PBIAS (%) 0.29 0.86 0.86 4.17 -0.17 69.41 3.5 15.21 
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2.3.2. General Precipitation and Temperature Trends 

Both the CNRM and IPSL GCMs indicate a wetter future within the Cape Fear watershed 

compared to historic climate (Figure 2.2). CNRM-BASE mean annual precipitation across all 

subbasins was 1,253 ± 90-mm (SD), similar to the precipitation data used in the model set up 

(1,223 ± 111-mm). This value increased 7% to 1,338 ± 95-mm across all subbasins under the 

CNRM-FUT scenario. IPSL-BASE mean annual precipitation across all subbasins was 1,206 ± 

100-mm. IPSL-FUT mean annual precipitation increased 9.4% to 1,320 ± 122-mm. The highest 

percent change in mean annual precipitation (+9-12%) between CNRM-BASE and CNRM-FUT 

was concentrated in the Upper Cape Fear subwatershed. The percent change between IPSL-

BASE and IPSL-FUT was greater across the watershed compared to the CNRM scenarios, with 

the highest percent change (+9-12%) in precipitation occurring in the Black and Northeast Cape 

Fear subwatersheds. 

During the growing season (April-October) mean monthly precipitation across all 

subbasins was 109 ± 27-mm (IPSL-BASE), 127 ± 35-mm (IPSL-FUT), 119 ± 29-mm (CNRM-

BASE), and 124 ± 37-mm (CNRM-FUT). CNRM-FUT had the highest mean monthly 

precipitation across all subbasins during the dormant season (November-March) at 95 ± 13-mm, 

while CNRM-BASE had the lowest mean monthly precipitation during this season at 84 ± 13-

mm. IPSL-BASE mean monthly precipitation during the dormant season was 88 ± 11-mm, and 

remained similar (86 ± 7-mm) during IPSL-FUT. 

Mean daily temperature values across the watershed were similar between the CNRM 

and IPSL scenarios (Figure 2.3). CNRM daily mean temperature across the Cape Fear Watershed 

increased 9.5% from 16.8 ± 0.75 °C (baseline) to 18.4 ± 0.65 °C (future). Mean daily maximum 

temperature increased 6.5% (23.2 ± 0.74 °C to 24.7 ± 0.64 °C). Mean daily minimum 



   

39 

 

temperature experienced the greatest change, increasing 14.3% from 10.5 ± 0.83 °C to 12 ± 0.75 

°C. The IPSL scenarios followed a very similar trend, where mean daily temperature increased 

10% (16.8 ± 0.76 °C to 18.5 ± 0.64 °C), mean daily maximum temperature increased 6.5% (23.2 

± 0.72 to 24.7 ± 0.63 °C), and mean daily minimum temperature increased 18.3% (10.4 ± 0.86 to 

12.3 ± 0.71 °C). At the subbasins level, the greatest changes in temperature were in mean daily 

minimum temperature. For example, during the IPSL scenario, the mean daily minimum 

temperature increased 18-24% in the Haw and Deep subwatersheds. 

2.3.3 Water Quantity Trends 

2.3.3.1. CNRM and IPSL Water Balance 

Under the CNRM scenario, the Upper Cape Fear subwatershed had the highest percent 

increase in ET (Figure 2.4) from baseline to future. The lower portion of the Cape Fear (Black, 

Northeast Cape Fear, and Lower Cape Fear subwatersheds) was estimated to experience up to a 

4% decrease (610 to 586 mm/yr) in ET. Under the IPSL scenarios, the Piedmont region received 

up to a 17% increase (618 to 725 mm/yr) in mean annual ET. While ET rates were lower in the 

Coastal Plain, only 2% of subbasins had decreased ET from baseline to future (compared to 12% 

of subbasins during the CNRM scenarios). Across the entire Cape Fear during IPSL, mean 

annual ET increased 5.4% from 777 to 819 mm/yr.  

The Piedmont region is expected to experience up to a 26% decrease (327 to 240 mm/yr) 

in mean annual WY from the CNRM baseline to future, with the majority of the decrease 

concentrated in the Haw headwaters (Figure 2.5, Table 3). Under both CNRM and IPSL, the 

Coastal Plain region is projected to experience the largest increases in WY. The IPSL scenario 

projected a >100% increase in WY throughout this region. The Cape Fear watershed on average 
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under the IPSL scenario is projected to experience a 29% (241 to 310 mm/yr) increase in WY 

and a 12% increase under the CNRM scenario (284 to 319 mm/yr). 

Table 2.3 Water balance components (annual mm) across all subbasins in the Cape Fear 

watershed 

 CNRM IPSL 

 BASE FUT Change BASE FUT Change 

Precip mean 1254 1340 + 6.8 % 1209 1323 + 9.5 % 

ET Mean 781 809 + 3.5 % 773 814 + 5.3 % 

WY Mean 284 319 + 12 % 236 306 + 30% 

 

We investigated temperature and precipitation in areas that had the greatest changes in 

WY and ET, such as the Haw and Northeast Cape Fear subwatersheds. Precipitation trends 

indicate that under the IPSL scenario, the Northeast Cape Fear received higher amounts of mean 

annual precipitation during both the baseline and future relative to the Haw. The CNRM scenario 

is similar, with future mean annual precipitation in the Northeast being ~200-mm greater than 

future precipitation in the Haw, and ~400-mm greater than baseline precipitation in the Haw. The 

temperature trends in the Haw and Northeast are similar between the CNRM and IPSL scenarios. 

CNRM-FUT and IPSL-FUT both have higher mean daily temperatures in the Northeast and Haw 

compared to their respective baselines. Higher precipitation in the Northeast Cape Fear might be 

outweighing the effects that increased temperature has on ET, resulting in increased WY in the 

Coastal Plain into the future. In the Piedmont increased temperatures and precipitation in the 

Haw subwatershed are driving increases in ET rates, and therefore lower water yields compared 

to the Coastal Plain.  
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2.3.3.2 CNRM and IPSL Flow Regime 

The USGS flood stage at the outlet (gage 02105769) is 1,130 m3/s and observed data 

shows 18 days that surpassed the flood stage between 2000-2020 (an average of 0.9 days/year).  

CNRM-BASE also showed 18 days (0.9 days/year) that surpassed the flood stage. Flood days 

during CNRM-BASE occurred between August and October and peaked at 1,973 m3/s. Mean 

daily flow rate increased 7.7% at the outlet from CNRM-BASE (91 m3/s) to CNRM-FUT (98 

m3/s). CNRM-FUT had an average of 2.14 days/year that surpassed the flood stage compared to 

0.9 days/year for CNRM-BASE, with a peak flow of 3,394 m3/s. Flooding during CNRM-FUT 

occurred primarily between September and October. Outlet extreme low flow was defined as the 

lowest 10 percentile of flow during the baseline period. The low flow threshold for CNRM-

BASE was 16 m3/s. Extreme low flow increased 31% from 32.8 days/year (baseline) to 43 

days/year (future) for the CNRM scenario. 

Average flow rate at the outlet from IPSL baseline to future increased 16% (71 m3/s to 

84 m3/s). IPSL-BASE was the driest period amongst all scenarios with no days surpassing the 

flood stage (highest flow was 784 m3/s). The IPSL-FUT projected 1.4 days/year that surpassed 

the flood stage, with peak flow of 2,475 m3/s. These flood events occurred between August-

October. The IPSL-BASE extreme low flow threshold was 15 m3/s. There was only a 2% 

increase (36 days/year to 36.7 days/year) in extreme low flow from baseline to future periods 

under the IPSL scenario.  
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2.3.4 Water Quality Trends 

2.3.4.1 Sediment   

Mean annual sediment concentration at the outlet during CNRM-BASE was 15.4 ± 20 

mg/L, which increased by 5% to 16 ± 23 mg/L during CNRM-FUT (Figure 2.6a). Mean annual 

sediment concentration ranged from <0.001 mg/L to 279 mg/L across the watershed during 

CNRM-BASE and <0.001 mg/L to 282 mg/L during CNRM-FUT. While the range of sediment 

concentration remained similar between the two CNRM periods, the distribution changes. 

Approximately 51% of subbasins had a Ó 5% increase in mean annual concentration, while 14% 

had a Ó 5% decrease in concentration from baseline to future. These values ranged from up to a 

49% reduction (subasin 2442) to a 1940% increase (subbasin 2561) in mean annual 

concentration. Reduced mean annual sediment concentration occurred in the Haw, Deep, and 

Upper Cape Fear subwatersheds, and these areas correspondingly produced the highest sediment 

loads. Mean annual sediment load at the outlet increased 38.3% from CNRM-BASE (125,026.8 

± 123,627.2 metric tons) to CNRM-FUT (172,851 ± 200,112.5 metric tons) (Figure 2.6b). About 

83.5% of subbasins had a Ó 5% increase in mean annual sediment load, while 10% had a Ó 5% 

decrease in load. 

Mean annual sediment concentration at the outlet was 11.7 ± 16 mg/L during IPSL-

BASE and 13.4 ± 21 mg/L during IPSL-FUT, representing a 15% increase in mean annual 

concentration (Figure 2.7a). About 62% of subbasins had a Ó 5% increase in mean annual 

concentration, while 7.3% had a Ó 5% decrease in daily concentration. These values ranged from 

up to a 70% reduction (subbasin 2099) and a 2,300% increase (subbasin 2561) in mean annual 

concentration from baseline to future. IPSL mean annual sediment load at the outlet increased 

87% from baseline (68,434.1 ± 59,002.9 tons) to future (128,034 ± 127,917.4 tons) (Figure 
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2.7b). About 98% of subbasins had a Ó 5% increase in mean annual sediment load, while only 

0.3% of subbasins had a Ó 5% decrease in load. 

2.3.4.2 Nitrogen and phosphorus  

Mean annual total nitrogen (TN) concentration at the outlet was 2.06 ± 1.03 mg/L during 

CNRM-BASE and 2.14 ± 1.01 mg/L during CNRM-FUT, representing a 3.9% increase in daily 

mean concentration (Figure 2.8a). About 41.5% of subbasins had a Ó 5% increase in mean 

annual concentration, while 12.2% had a Ó 5% decrease in concentration. These values ranged 

from up to a 40% reduction (subbasin 2566) to a 1,155% increase (subbasin 2576) in mean 

annual TN concentration across all subbasins. Mean annual TN load at the outlet increased 9.7% 

from 3,535,895 ± 650,044 kg (baseline) to 3,879,073 ± 921,137 kg (future) (Figure 2.8b). About 

83.2% of subbasins had a Ó 5% increase in annual mean TN load, while 3.8% of subbasins had a 

Ó 5% decrease in load. 

Mean annual TN concentration at the outlet during the IPSL scenarios ranged from 2.42 

± 1.05 mg/L (baseline) to 2.33 ± 1.05 mg/L (future) (Figure 2.9a). About 5.9% of subbasins 

experienced a Ó 5% increase in mean annual concentration, while 29.6% had a  Ó 5% decrease in 

concentration. These values range from a reduction up to 41.5% (subbasin 2927) to an increase 

of 539% (subbasin 2520) in mean annual concentration. Mean annual TN load at the outlet 

increased 6.6% from 3,608,815.4 ± 698,228.7 kg baseline to 3,846,958.5 ± 1,056,319.3 kg future 

(Figure 2.9b). About 86% of subbasins experienced a Ó 5% increase in mean annual TN load, 

while 1.5% had a Ó 5% decrease in load. 

Mean annual total phosphorus (TP) concentration was 0.326 ± 0.2 mg/L (CNRM-BASE) 

with a 4% increase to 0.339 ± 0.208 (CNRM-FUT) (Figure 2.10a). About 57.7% of subbasins 

had a Ó 5% increase in daily mean concentration, while 11.4% had a Ó 5% decrease in 
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concentration. These values ranged from a 75.3% reduction (subbasin 1441) to < 19,000% 

increase (subbasin 2110) in mean annual TP concentration. Mean annual TP load increased 7.8% 

(499,257.7 ± 81,342.4 kg to 538,553.2 ± 105,521.9 kg) from CNRM-BASE to CNRM-FUT 

(Figure 2.10b). About 88% of subbasins had a Ó 5% increase in mean annual load, while 3.3% 

had a  Ó 5% decrease in load. 

Daily mean TP concentration ranged from 0.375 ± 0.199 mg/L to 0.365 ± 0.204 mg/L 

IPSL-BASE to IPSL-FUT (Figure 2.11a). About 24.3% of subbasins had a Ó 5% increase in 

mean annual concentration, while 30% had a Ó 5% decrease in concentration. The range of 

change for IPSL was greater compared to CNRM, with a reduction up to 77.7% (subbasin 1441) 

and an increase <25,000% (subbasin 2110) in mean daily TP concentration. Mean annual load 

increased 5.3% at the outlet from baseline (513946.9 ± 88130.6 kg) to future (541290.2 ± 

128546.1 kg) (Figure 2.11b). About 83.3% of subbasins had a Ó 5% increase in mean annual 

load, while 4% had a Ó 5% decrease in load. 

2.3.5 Land cover correlation 

2.3.5.1 Sediment land cover correlation 

During the CNRM baseline and future scenarios, the relationship between sediment load 

and percent urban area was statistically significant (p-value < 0.001). The relationship had a 

positive correlation -0.45 (baseline) and 0.41 (future). The relationship with forest cover was also 

statistically significant with a negative correlation of -0.45 for baseline and -0.44 for the future 

period. The relationship with percent natural land cover was also significant but had weaker 

correlation (<-0.20) for both time periods. The relationship between sediment and agricultural 

land was not statistically significant. 
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The IPSL baseline and future scenarios had similar correlation results compared to the 

CNRM time periods. Sediment and percent urban land cover were statistically significant and 

positively correlated (IPSL-BASE: 0.44 and IPSL-FUT: 0.41). The relationship with forest cover 

followed a similar but inverse pattern, with a baseline correlation of -0.43 and future correlation 

of -0.46. Similar to the CNRM scenarios, natural land cover during the IPSL scenarios was 

statistically significant but with a weaker correlation (<-0.20). Agricultural land was not 

statistically significant with sediment during the IPSL scenarios. 

2.3.5.2 Nitrate land cover correlation 

The correlation between urban land cover and NO3 during CNRM-BASE was 0.46 and 

during CNRM-FUT was 0.44. Forest land cover was statistically significant but had a weak 

positive correlation with NO3 (CNRM-BASE: 0.13, CNRM-FUT: 0.11). A similar pattern was 

observed with natural land cover. Agricultural land cover was positively correlated with nitrate, 

resulting in a correlation of 0.42 during the baseline which decreased to 0.39 during the future 

period.  

This pattern did not change during the IPSL scenarios. Percent urban land cover was 

statistically significant with NO3 load with a positive correlation during the IPSL-BASE (0.46) 

and IPSL-FUT (0.44) time periods. Percent forest cover was statistically significant but had a 

weak positive correlation. Natural land cover was statistically significant during IPSL-BASE 

(correlation -0.10) but was not significant during IPSL-FUT. Lastly, agricultural land was 

statistically significant with a correlation that increased from 0.37 during the baseline to 0.45 into 

the future period. 
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2.3.5.3 Case study subbasins 

Precipitation had a statistically significant relationship with sediment yield within all case 

study subbasins and under all climate scenarios. Precipitation was correlated with sediment yield 

ranging from 0.44 to 0.64 in all case studies (Table 4). There was little change between the 

degrees of correlation within the climate scenarios. Precipitation was most strongly correlated 

with sediment yield on agricultural land. The agricultural case study subbasin also produced the 

highest yields of sediment relative to the urban and forested subbasins under both CNRM and 

IPSL scenarios. Very little sediment (<0.01 t/ha/day) was produced in the forested case study. 

During the same extreme precipitation events, the forested case study produced less sediment 

relative to the urban and agricultural case studies. For example, the linear regressions revealed 

that under both CRNM and IPSL scenarios, an extreme daily 100-mm precipitation event 

produced a sediment yield near 0.0025 ton/ha/day within the forested case study. Conversely, the 

100-m of precipitation within the urban subbasin was linked to sediment values ḷ 1 ton/ha/day. 

In the agricultural case study, 100-m of precipitation produced sediment values near 4 ton/ha/day 

in both CNRM and IPSL. 

Precipitation was also statistically significant with nitrate in all case studies and under all 

climate scenarios. The relationship yielded a moderate degree of correlation in the urban 

subbasin (0.40 to 0.46) and in the forested subbasin (0.57-0.61). The degree of correlation was 

low in the agricultural subbasin, ranging from 0.20 to 0.25, which might be explained as this 

subbasin did not have fertilizer or other management activities. 

 

 

 



   

47 

 

Table 2.4 Results of Pearson correlation analysis between precipitation and water quality 

characteristics in the case study subbasins 

 

 

 

 

 

 

 

 

 

 

*** p < 0.001 

2.4 Discussion  

2.4.1 Shift in water balance increases flood risk in the Coastal Plain 

Average annual precipitation increased in both IPSL and CNRM futures. During both 

baseline periods, the coastal region of the watershed experienced the highest rates of 

precipitation. The greatest change in annual precipitation during the CNRM scenario was 

observed as the Piedmont transitions into the Coastal Plain. This shift implies a rise in 

precipitation over a densely developed section of the watershed, leading to increased overland 

flow over urban impervious cover and subsequently degraded water quality (McGrane, 2016; 

OôDriscoll, Clinton, Jefferson, Manda, & McMillan, 2010). Under CNRM and IPSL, increased 

precipitation in the Coastal Plain led to a reduction in ET and increase in WY.  This finding 

raises specific concern for coastal communities and ecosystems.  

The SE in general is a hotspot for precipitation induced flash flooding that is often 

exacerbated by hurricanes (Alipour, Ahmadalipour, & Moradkhani, 2020). The Coastal Plain in 

Case Study-Metric CNRM-BASE CNRM-FUT IPSL-BASE IPSL-FUT 

Urban-Sediment 0.48***  0.48***  0.54***  0.52***  

Forested-Sediment -0.47***  -0.56***  -0.46***  -0.44***  

Agricultural-Sediment 0.64***  0.63***  0.50***  0.63***  

         

Urban-Nitrate 0.40***  0.45***  0.41***  0.46***  

Forested-Nitrate -0.57***  -0.61***  -0.57***  -0.61***  

Agricultural-Nitrate 0.20***  0.22***  0.24***  0.25***  
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particular is highly vulnerable to flooding due to its low-gradient, meandering streams which 

remain inundated for most of the year (Hupp, 2000). Our finding of an increase in flood 

frequency at the outlet suggests that under both IPSL and CNRM scenarios, there will be a rise in 

extreme high flows. Further, as other parts of the watershed are expected to receive an increase 

of up to 93.5% (CNRM) and 240% (IPSL) in annual WY, we can anticipate a corresponding 

surge in flood frequency throughout the watershed. This finding poses a novel challenge for the 

nearby, downstream coastal communities that already experience high tide flooding. Within the 

US, the frequency of high tide flooding is highest along the Southeast Atlantic coast (Sweet, 

Dusek, Obeysekera, & Marra, 2018). Therefore, coastal communities and the ecosystems of the 

Cape Fear might be squeezed between simultaneous coastal and upstream flooding as the climate 

intensifies.  

2.4.2. Both climate futures predict increased sediment and nutrient loading downstream 

The high prevalence of agricultural areas throughout the Cape Fear region can compound 

the anticipated effects of climate change. While warmer temperatures can increase crop uptake 

and plant water use to an extent, resulting in decreased sediment and nutrient leaching (Boutin et 

al., 2017), an increase in intensity and duration of precipitation events can mobilize high levels 

of sediment and nutrients and thus negate the effects of increased plant production (Costa et al., 

2022). We found that increased precipitation in the CNRM and IPSL futures diluted sediment 

and nutrient concentrations and increased loads. An increase in projected precipitation in the 

Coastal Plain region is particularly concerning because it may lead to higher nutrient 

mobilization at CAFO locations. CAFOs are a more significant source of nitrogen within the 

Cape Fear relative to crop fertilizer (Brown, Mallin, & Loh, 2020).  
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While land conversion to development in this region is projected to increase nutrient 

loading, climate drivers are projected to exert an outsized effect on loading compared to land 

cover type (Li, Zhang, Kharel, & Zou, 2018). Rising temperatures in the SE have been linked to 

decreased coastal nitrogen flux from increased denitrification (Shih et al., 2022). However, 

despite this historical trend, precipitation-induced increases in nitrogen loading in surface runoff 

are expected to outweigh the mitigative effects of rising temperatures (Ballard, Sinha, & 

Michalak, 2019). Our findings underscored synergy between the two, as we found precipitation 

to be a significant driver of sediment and nutrients within the case study watersheds. Our 

findings further highlight the importance of regional climate studies to provide more specific 

projections that allow for mitigation and adaptation planning.  

2.4.3 Natural solutions to protect downstream coastal areas under a changing climate 

Our findings indicate that forest cover had lower sediment and nutrient yields compared 

to other land cover types. Notably, it required higher volumes of rainfall to generate sediment 

and nutrient yields on forested land, particularly when compared to urban land cover. Our 

findings are consistent with Caldwell et al. (2023) who found that increased forest cover 

decreased nutrient and sediment concentrations. However, as the SE is the most rapidly growing 

region in the US (Terando et al., 2014), the ecosystem services provided by forest cover will be 

threatened by increased urbanization. If current growth patterns are held constant, developed 

land area in North and South Carolina will increase by 39% from 2010 to 2065 depending on 

growth and climate scenario (Sanchez et al., 2020).  

Retaining forest cover across regional watersheds is an important nature-based solution to 

mitigate some of the adverse impacts of climate change on regional hydrology. Further research 

in this region should assess the benefits of forest retention under various climate scenarios, 
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particularly in areas where conserving unfragmented forest cover is not feasible. Implementing 

strategic riparian buffers (Gay et al., 2023) or restoring wetlands (Kurki-Fox et al., 2022) could 

be beneficial for downstream water quality and quantity, especially in flood prone coastal areas 

of the Cape Fear basin. While climate change exerts a larger influence on hydrology compared to 

land cover, forest removal might influence the microclimate. Lu et al. (2006) found that an 

increase in air temperature, decrease in precipitation, and reduction in leaf area index raised the 

local water table. Such patterns can be problematic in the Coastal Plain, which is already 

susceptible to flooding from a high water table. Our findings indicate that under both climate 

futures, WY, sediment, and nutrient loading increased in the Cape Fear basin, emphasizing the 

need for novel science to protect downstream coastal communities and ecosystems from further 

anthropogenic activities. 

2.5 Conclusions  

We investigated the effects of climate change on nutrients and sediment delivery across a 

regional watershed of multiple land covers to assess the impact on coastal areas. We found that 

under two climate futures, precipitation is projected to increase and will be a primary driver of 

increased sediment/nutrient loading and increased flood frequency near coastal ecosystems. We 

found that forest cover was significantly linked with decreased sediment loads relative to other 

land covers. Therefore, in this rapidly developing region, upstream forest retention might prove 

advantageous for downstream areas, especially when the effects of development are compounded 

by a wetter climate. While our study focused on hydrological changes in the Cape Fear, the 

findings can lend insight for anticipating potential changes in the vulnerability of coastal areas 

under changing climate conditions in similar regions. 
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Figure 2.1 Cape Fear River Watershed study area 
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Figure 2.2 Percent change in mean annual precipitation from baseline to future periods for both climate scenarios. 
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Figure 2.3 Daily mean temperature (°C) across subbasins for a) CNRM-BASE, b) CNRM-FUT, 

c) IPSL-BASE, and d) IPSL-FUT.
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Figure 2.4 Percent change in mean annual ET from baseline to future for the CNRM and IPSL scenarios 
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Figure 2.5 Percent change in mean annual water yield from baseline to future for the CNRM and IPSL scenarios 
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Figure 2.6 Percent change in CNRM (a) daily mean sediment concentration and (b) annual mean sediment load. Pie charts indicate the 

percent of subbasins that experienced either a 5% or more increase or 5% or more decrease in concentration/load.  
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Figure 2.7 Percent change in IPSL (a) daily mean sediment concentration and (b) annual mean sediment load. Pie charts indicate the 

percent of subbasins that experienced either a 5% or more increase or 5% or more decrease in concentration/load.    
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Figure 2.8 Percent change in CNRM (a) daily mean nitrogen concentration and (b) annual mean nitrogen load. Pie charts indicate the 

percent of subbasins that experienced either a 5% or more increase or 5% or more decrease in concentration/load.    
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Figure 2.9 Percent change in IPSL (a) daily mean nitrogen concentration and (b) annual mean nitrogen load. Pie charts indicate the 

percent of subbasins that experienced either a 5% or more increase or 5% or more decrease in concentration/load.    
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Figure 2.10 Percent change in CNRM (a) daily mean phosphorus concentration and (b) annual mean phosphorus load. Pie charts 

indicate the percent of subbasins that experienced either a 5% or more increase or 5% or more decrease in concentration/load.    
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Figure 2.11 Percent change in IPSL (a) daily mean phosphorus concentration and (b) annual mean phosphorus load. Pie charts 

indicate the percent of subbasins that experienced either a 5% or more increase or 5% or more decrease in concentration/load.    
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CHAPTER 3: Projected Land Cover Changes in a Developing Watershed Will Contribute 

to Water Quality Degradation at Drinking Water Intakes  

Abstract 

Forests are critical in maintaining healthy watersheds. Forest conversion to developed land cover 

results in decreased water quality and increased flood hazards over time. This conversion further 

threatens the ability of watersheds to provide stable, clean water supplies at drinking water 

intakes. Therefore, targeted forest conservation in developing areas could be a strategy for 

maintaining healthy watershed function, especially near drinking water intakes. This study aims 

to increase our understanding of how current forest cover contributes to source water protection 

and to assess the impacts of future forest loss on water quality and quantity in a watershed 

experiencing rapid development. We used the Soil and Water Assessment Tool (SWAT) to 

examine the relationship between upstream forest cover and downstream water resources under 

both current (2020) conditions and projected land cover scenarios up to 2070 in the Middle 

Chattahoochee Watershed, USA. Our investigation specifically focused on the benefits that 

existing forest cover provides to 15 drinking water intake facilities within the watershed. We 

found that substantial new development in tributary regions was threatening the quality of local 

drinking water intake facilities for small towns and rural areas with limited resources for 

managing this challenge. Sediment, nitrogen, and phosphorus loads, as well as sediment and 

nitrogen concentrations, are expected to increase at most intake locations, with the largest gains 

at facilities on tributaries. Our findings provide valuable insights for water resources managers to 

target source water protection in tributary areas. The results can be integrated with economic 

models to estimate treatment costs linked to forest loss. Overall, this study contributes to our 
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understanding of upstream-downstream linkages and supports efforts to protect water resources 

under changing conditions. 

3.1 Introduction 

As the world undergoes rapid urbanization, forests play an increasingly crucial role in 

safeguarding water resources (Cui et al., 2022). Forested areas produce consistent, high quality 

water yield relative to other land cover types (Caldwell et al., 2023; Liu et al., 2021) based on 

unique characteristics, such as high interception, evaporative demand, and infiltration capacity, 

along with rich microbial communities and reactive root systems (OôDriscoll, Clinton, Jefferson, 

Manda, & McMillan, 2010; Vidon et al., 2010). These traits are pivotal for filtering nutrients and 

contaminants, reducing overland flow and erosion, shading channel networks, lowering stream 

water temperatures, increasing water residence time, stabilizing banks against erosion, and 

providing physical roughness to slow down debris and sediment (Kreye, Adams, & Escobedo, 

2014; Naiman & Decamps, 1997; Richardson, Naiman, & Bisson, 2012). The spatial distribution 

of forest cover within a watershed can determine its efficacy in stabilizing water resources.  

Forest cover in the headwater and tributary regions of a watershed significantly 

influences downstream hydrology. Headwater streams, categorized as the uppermost parts of the 

stream network and consisting of first to third order streams, and tributaries, which feed into 

larger streams or the main stem of a river, collectively shape the functional integrity of 

downstream areas (Nadeau & Rains, 2007; Strahler, 1952). These areas collectively drain about 

70-80% of total catchment area (Meyer & Wallace, 2001; Sidle et al., 2000). However, the 

smaller size of headwater streams make them more sensitive to land cover changes relative to 

larger rivers (Kampf et al., 2021; MacDonald & Coe, 2007). Forested headwaters and tributaries 

offer ecohydrological benefits, improving downstream water quality (Dodds & Oakes, 2008) and 
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aiding the recovery of vulnerable species (Orlinskiy et al., 2015). Headwater streams and their 

respective downstream areas collectively comprise an integrated, hydrologic system (Nadeau & 

Rains, 2007), where forest conversion, particularly to development, often destabilizes balanced 

hydrologic regimes by altering the physical, chemical, and ecological integrity of the watershed 

(Paul & Meyer, 2001).  

 The ecosystem services forests provide for improving water quality and stabilizing flows 

garner significant socio-economic interest, particularly at drinking water treatment facilities. 

Although forested lands comprise about 35.7% of the total US area, they contribute to over 50% 

of the water supply (Liu et al., 2021). In the US, advancements in monitoring and technology at 

intake facilities have led to improved finished drinking water quality over time (Pennino, 

Compton, & Leibowitz, 2017). However, this progress has occasionally shifted attention away 

from the importance of protecting source water supplies (Ernst, Gullick, & Nixon, 2004). As 

population and subsequent development have risen alongside these technological improvements, 

upstream forest cover has decreased. Consequently, raw water entering treatment facilities is 

increasingly draining from agricultural, residential, and industrial lands (Turner et al., 2021).  

Land cover type exerts a significant influence on water quality. Fertilizer and manure 

applications on agricultural lands are primary sources of riverine nitrogen and phosphorus 

pollution in the US (Del Rossi, Hoque, Ji, & Kling, 2023). Hobbie et al. (2017) observed that in 

an urban area of the Mississippi River, lawn fertilizer and pet waste were significant sources of 

nitrogen and phosphorus, with an especially high phosphorus export through stormwater runoff. 

Urban areas also play a major role in sediment loading, through construction, extensive road 

networks, direct discharge points, and sewer systems (Taylor & Owens, 2009). Therefore, the 

transformation of natural land cover to agricultural and developed lands has led to watershed 
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degradation and increased water treatment costs globally, affecting one in three large cities (R. I. 

McDonald, Weber, Padowski, Boucher, & Shemie, 2016). 

In response to the adverse impacts of development, water resource managers are 

prioritizing source water protection strategies to mitigate the compounded effects of increased 

water demand and degradation (Ernst, Gullick, & Nixon, 2004; Mehan III & Carpenter, 2019). 

Multiple studies have quantified the economic value of the ecosystem services forests provide to 

water treatment facilities. Price & Heberling (2018) assessed the avoided treatment costs for 6 

drinking water studies, discovering that a 1% increase in forest cover within the source 

watershed equates to an annual monetary benefit ranging from $201 to $163,293 for the facility. 

The positive effect of forest cover on raw water quality could also indirectly lower water costs 

for consumers (Fiquepron, Garcia, & Stenger, 2013). However, the extent of forest cover 

required to protect source waters can vary by location and management goal.  

The location and amount of forest cover matters, especially when considering individual 

watershed characteristics (Caldwell et al., 2023). In some areas, maintaining 70-90% forest cover 

is critical to stabilize nutrient loads, with forest cover below 66% resulting in elevated nutrient 

levels (Open Space Institute, 2024). However, in other areas moderate amounts of forest cover 

can exert large benefits. For example, Warziniack et al. (2017) found that a 1% rise in forest 

cover correlates with a 3% decrease in turbidity, whereas a 1% increase in development 

correlates with a 3% increase in turbidity. Moreover, a 1% increase in turbidity can raise 

treatment costs by 0.19%, and a similar increase in total organic carbon can lead to a 0.46% cost 

increase (Warziniack et al., 2017). Reductions in forest cover can adversely impact water quality, 

resulting in implications that extend beyond the ecosystem. Degraded water quality can 
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sometimes overwhelm the ability of facilities to provide clean, safe drinking water, creating 

concerns over consumer wellbeing.  

Degraded source water quality has significant health implications, often 

disproportionately affecting minority communities. Schaider et al. (2019) reported that 5.6 

million Americans are served by community water systems with an average nitrate concentration 

of  Ó 5 mg/L NO3-N (US drinking water standard is 10 mg/L NO3-N), with significant 

correlation between elevated nitrate concentrations and Hispanic communities. It is important to 

note that these statistics reflect community water systems served by both groundwater and 

surface water sources, with the majority of the sample population served by surface water 

sources (Schaider et al., 2019). Wastewater facilities can also threaten water quality and 

consumer health. For example, de facto potable reuse, which involves discharging treated 

wastewater upstream of drinking water treatment facilities, is a significant concern for surface 

water contamination that affects half of US intake facilities (Rice & Westerhoff, 2015) and is 

prevalent in four out of every 5 large cities (Turner et al., 2021). Overall, sediment, phosphorus, 

and nitrogen continue to be principal pollutants at intake facilities and are highly correlated with 

increased treatment costs (R. I. McDonald et al., 2016).  

The effects of forest conversion on water resources will be compounded by increased 

demand for water and a changing climate. Climate change is expected to intensify these 

challenges, as rising temperatures drive higher water consumption and exacerbate water 

contamination through processes such as nutrient loading and eutrophication (Levin et al., 2002; 

G. Sun, McNulty, Myers, & Cohen, 2008). Therefore, the pressures of population and 

development growth coupled with a shifting climate underscore the imperative for innovative 

approaches to safeguard water resources for the future. While afforestation and payments for 
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ecosystem services are conventional methods to bolster forest cover in degraded watersheds, 

these measures may be expensive compared to the savings on treatment costs (Calder, 2007; R. 

McDonald & Shemie, 2014). Furthermore, policy created for source water protection is not 

always informed by data on the relationship between source water conditions and treatment cost 

(J. I. Price & Heberling, 2018). Consequently, there is a growing imperative for studies that 

focus on the drinking water benefits provided by current forest cover, relative to predicted future 

losses. 

The US Southeast (SE) in particular epitomizes the nexus of urbanization, high levels of 

water contamination, and forest loss (Turner et al., 2021). The SE is projected to experience the 

greatest forest loss compared to other regions, which threatens not only water quality but also 

aquatic diversity and land ownership dynamics (Martinuzzi et al., 2014; Riitters et al., 2023). 

Population growth in the SE Piedmont is expected to stress water supply in developed areas (G. 

Sun et al., 2008) while climate change may exacerbate extreme flows such as precipitation 

induced flash flooding (Alipour, Ahmadalipour, & Moradkhani, 2020). Therefore, it is essential 

to estimate how changing conditions will affect water resources in this region.  

This study aims to increase our understanding of how current forest cover contributes to 

source water protection and to assess the impacts of future forest loss on water quality and 

quantity in a watershed experiencing rapid development. Using the Soil and Water Assessment 

Tool (SWAT), we examined the relationship between upstream forest cover and downstream 

water resources under both current (2020) conditions and projected land cover scenarios for 

2070. Our investigation specifically focused on the benefits that existing forest cover provides to 

15 drinking water intake facilities within the watershed.  
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To validate the effectiveness of our land cover change method and assess model 

sensitivity to altered land cover, we initially conducted simulations with extreme, hypothetical 

land cover scenarios. These scenarios entailed converting all terrestrial land to either forest or 

developed land cover. Following the hypothetical scenarios, we proceeded to run simulations of 

baseline (2020) and projected land cover scenarios (2070) to evaluate the impact of land cover 

change on water quality and quantity. We analyzed mean annual TSS, TN, and TP loads and 

concentrations to gauge water quality. Since streamflow drives the transport and amount of 

sediment and nutrients, we also assessed changes in flow rate and water quantity. For this 

assessment, we calculated mean annual flow rate and water yield alongside high and low flow 

statistics to capture the full spectrum of flow variations throughout our study period.  

Our analysis involve the following steps: 1) run hypothetical scenarios to verify land 

cover change methodology and assess model sensitivity to change, 2) estimate water quantity 

and quality throughout the watershed under a 2020 baseline, 3) analyze changes in water 

quantity and quality under a suite of future land cover scenarios extending to 2070, 4) assess the 

magnitude of water quality and quantity response to the loss of forest cover within these 2070 

scenarios, and 5) identify areas within the watershed that could be prioritized for source 

watershed protection, informing more targeted, effective watershed management. Our primary 

goals for this study are to advance the science of water-related ecosystem services provided by 

forest cover and to identify watershed areas that should be prioritized for source water protection 

in order to enhance the resiliency of drinking water supplies. 
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3.2. Methods 

3.2.1. Study Watershed 

Our study area is the Middle Chattahoochee (MC) watershed, situated within the larger 

Apalachicola-Flint-Chattahoochee (ACF) River Basin in the southeastern United States. The MC 

watershed is both integral to the ACF basin and encompasses the ancestral lands and current 

home of the Muscogee Nation ("Indigenous Territories Map," 2021). Originating in northern 

Georgia, the Chattahoochee River forms the headwaters of the ACF and connects the 

physiographic regions of the Blue Ridge, Piedmont, and Coastal Plain while sometimes defining 

the Alabama-Georgia state boundary. The Chattahoochee River eventually converges with the 

Flint River at the Georgia-Florida border, forming the Apalachicola River, which ultimately 

drains into the Apalachicola Bay.  

The MC watershed, spanning 11,132 km2 and identified with the USGS HUC-8 

#03130002, originates downstream of the Upper Chattahoochee Watershed (HUC-8 #03130001) 

near Atlanta, GA and extends to the area near Columbus, GA. Consequently, both its headwaters 

and outlet are located near large cities (Figure 3.1). As of 2019, the land cover within the MC 

was approximately 60% forested, 15% developed, 10% agriculture, 10% barren/grassland, and 

5% wetlands (Homer et al., 2020). The topography ranges from elevations of 51-m to 547-m and 

primarily consists of ultisol soils (Couch, Hopkins, & Hardy, 1996). There are several 

hydropower facilities on the Chattahoochee River and the largest, West Point Lake Reservoir, is 

located within the MC. There are 15 surface water drinking intakes managed by 13 Public Water 

Systems within the watershed, supplying water to over 690,000 individuals (USEPA SDWIS, 

2017). The MC faces significant water quality challenges stemming from rapid development, 

wastewater discharges, and nonpoint source pollution. Recent incidents, such as harmful algal 
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blooms at Lake Harding (White, 2022), and elevated E.coli levels from wastewater spillage 

(Montgomery, 2023), have necessitated temporary closures of portions of the Chattahoochee 

River to the public. Water challenges within the MC are emblematic of larger issues facing the 

ACF overall.  

Since the 1980s, the ACF River Basin has been the center of an intense tri-state dispute 

over water allocation, often referred to as the eastern "water wars" (Ruhl, 2005) that have 

sparked decades of litigation and Supreme Court involvement (Rugel, 2020). Tensions first arose 

when Georgia increased water diversions to support the burgeoning demands of Atlanta during a 

period of recurrent droughts and surging population growth in the Southeast. This reallocation 

diminished downstream water flows to Alabama and Florida (Ruhl, 2005). Currently, the 

Chattahoochee River supplies 70% of the water supply for Atlanta and is the most heavily used 

water resource in Georgia ("Chattahoochee River," 2018). While recent efforts have fostered 

collaborative transboundary management of the ACF (Rugel, 2020), the permanency of this 

current cooperation remains uncertain with the growing threats development and climate change 

pose to the Chattahoochee region.  

3.2.2. Hydrologic Modeling Approach 

3.2.2.1 SWAT Model Description 

We utilized the Soil and Water Assessment Tool (SWAT) ArcSWAT 2012 interface 

(version 10.7.1) to model streamflow, total suspended sediment (TSS), total nitrogen (TN), and 

total phosphorus (TP) in the MC watershed. SWAT is a semi-distributed hydrologic model that 

leverages both spatial and tabular inputs to simulate water, sediment, and nutrient outputs across 

various landscape levels and time steps (Arnold, Srinivasan, Muttiah, & Williams, 1998). 

Watershed delineation in SWAT first requires a pre-processed digital elevation model (DEM) to 
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define the stream network and discretize the watershed into subbasins. Users can then 

incorporate a watershed inlet, manually create subbasin outlets, add reservoir locations, and 

define the whole watershed outlet. These subbasins are split into hydrologic response units 

(HRU), which are lumped areas containing similar biophysical characteristics. HRU definition 

ensues once land cover, soil data layers, and slope classifications are overlaid. SWAT first 

computes land and water routing within each HRU before aggregating to the subbasin level. 

Weather data inputs include daily averages of precipitation, solar radiation, wind speed, relative 

humidity, and minimum and maximum temperature. SWAT allows for daily, monthly, or yearly 

simulation periods and can be customized to output a variety of water balance and water quality 

parameters (Winchell, Srinivasan, Di Luzio, & Arnold, 2013). 

3.2.2.2. SWAT model inputs and set-up 

We employed a 30-m DEM sourced from the USGS National Map (USGS, 2021) and a 

drainage area threshold of 3,000-ha to define the stream network during watershed delineation. 

The upstream extent of the MC was delineated using a flow gage (02336490) from the USGS 

and water quality monitoring site (RV_12_3891) from the Georgia Environmental Monitoring 

and Assessment System (GOMAS) portal (GOMAS Public Database Portal, 2019). These sites 

provided data on upstream water, sediment, and nutrient inputs from the Upper Chattahoochee 

watershed. The USGS gage, with its daily flow records, served as the location for establishing 

the watershed inlet. The GOMAS gage contained water quality data that we aimed to incorporate 

into the inlet. Given that the GOMAS gage was situated upstream of the USGS gage, we scaled 

the flow at the USGS gage by 1%, subsequently utilizing it to compute loads based on the 

GOMAS concentration data. The final inlet input file contained daily records for streamflow 
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(m³/day), sediment (metric tons/day), total nitrogen (kg/day), and total phosphorus (kg/day) that 

were held constant from baseline to future periods.  

The only other measured records in the model were from 23 point sources across 20 

subbasins (Table 3.1). SWAT permits one point source file per subbasin. In cases where 

subbasins had multiple point sources, we aggregated the data into a single file. Point source 

facilities and load summaries were obtained from the Point-Source Nutrient Loads to Streams of 

the Conterminous United States dataset (Skinner & Wise, 2019). This dataset was used to assist 

with evaluating the supply and transport of nitrogen and phosphorus in US streams as part of the 

Spatially Referenced Regressions on Watershed attributes (SPARROW) model (Saad et al., 

2019). All point sources we included from this dataset were classified as wastewater treatment 

facilities. For each facility, we obtained monthly mean nitrogen and phosphorus loads in kg and 

monthly mean discharge in million gallons per day. We transformed this data into the format 

compatible with SWAT point source input files. Flow was categorized as average daily water 

load for the month (m3/day), nitrogen was represented as average daily nitrate loading for the 

month (kg/day), and phosphorus was classified as average daily mineral (soluble) phosphorus 

loading for the month (kg/day). These monthly records were held constant throughout the 

baseline and future periods.  
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Table 3.1. Point sources in the Middle Chattahoochee Watershed   

  

 Point Sources in the Middle Chattahoochee Watershed 

ID NPDES Number Facility Name Type Subbasin 

1 GA0038865 Paulding County Coppermine WRF Major 3 

2 GA0030350 Douglasville North WPCP Minor 10 

3 GA0038890 Paulding County Water System Minor 14 

4 GA0027171 Villa Rica (North Sweetwater) Minor 15 

5 GA0026158 Cobb Co.-So. Cobb  WPCP Major 16 

6 GA0049786 Douglas Co Rebel Trails  WPCP Minor 26 

7 GA0038709 Douglasville-Douglas Co -South Central Major 35 

8 GA0047104 Fulton Co. (Little Bear Creek WRF) Minor 40 

9 GA0000299 Coweta County - Arnall/Sargent Minor 55 

10 GA0000311 Coweta Co -Arnco  WPCP Minor 55 

11 GA0031721 Newnan Utilities - Wahoo Creek Major 55 

12 GA0021423 City Of Newnan-Mineral Springs Minor 61 

13 AL0068420 East Tuscaloosa W Jeff WWTP Minor 75 

14 GA0025691 Town Of Pine Mountain Minor 112 

15 AL0023159 Lanett WWTP City Of Major 119 

16 GA0020052 West Point WPCP Major 119 

17 GA0036951 Lagrange WPCP (Long Cane C) Major 122 

18 AL0024724 East Alabama Lower Valley WWTP Major 124 

19 GA0033618 Hamilton WPCP Minor 130 

20 AL0059218 Opelika Eastside WWTP Major 146 

21 GA0036838 Columbus  Water Works CSO Minor 172 

22 AL0022209 Phenix City WWTP Major 177 

23 GA0020516 Columbus Water Works Major 177 
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We also included the locations of 15 drinking water intake (DWI) facilities (Table 3.2) 

and 5 USGS gages as subbasin outlets. These gage locations provide observed records of 

streamflow, sediment, nitrogen, and phosphorus that span the baseline period and were utilized 

during calibration to evaluate model performance across the watershed (Table 3.3). The drinking 

water intake locations were critical in our assessment of baseline and future projected water 

quality and quantity at specific facilities. The overall outlet for the entire watershed was defined 

at USGS gage 02342881 Chattahoochee River at Spur 39, near Omaha, GA. The delineated 

model of the Middle Chattahoochee watershed encompasses 11,132 km², partitioned into 206 

subbasins, and includes a stream network extending 1,632 km.  
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Table 3.2. Drinking water intakes in the Middle Chattahoochee  

Drinking Water Intake Facilities in the Middle Chattahoochee Watershed 

ID 
Subwatershed 

Number & Location 
Public Water System 

Population 

Served 
Facility Name 

1 18 ï tributary  East Point 33712 Sweetwater Creek 

2 32 ï tributary  Douglasville-Douglas County Water and Sewer Authority 109694 Bear Creek 

3 34 ï tributary  Douglasville-Douglas County Water and Sewer Authority 109694 Dog River 

4 43 ï tributary  Carroll County 45380 Snake Creek 

5 50 ï tributary  Coweta Water and Sewer Authority 68803 BT Brown Reservoir 

6 59 ï tributary  Heard Water and Sewer Authority 8172 Centralhatchee Creek 

7 67 ï tributary  Heard Water and Sewer Authority 8172 Hillabahatchee Creek 

8 91 ï main Lagrange Water and Sewer Authority 41852 West Point Lake 

9 117 ï main West Point Lake 3929 Chattahoochee River 

10 118 ï main Chattahoochee Valley Water Supply District 32 Chattahoochee River 

11 143 ï tributary  Opelika Utilities 38943 R.A. Betts Intake 

12 144 ï main Harris County Water System 20062 Bartlett's Ferry Reservoir 

13 153 ï main Smiths Water and Sewer Authority 29859 Lake Oliver 

14 166 ï main Columbus Water  229000 Lake Oliver 

15 167 ï main Phenix City Utilities 35358 Chattahoochee River 
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Table 3.3. Water Quality gages in the Middle Chattahoochee Watershed 

  

 Water Quality Gages in the Middle Chattahoochee Watershed 

ID Gage Subbasin Location 
Sample Number 

Mean Concentration 

(mg/L) 

TSS TN TP TSS TN TP 

1 GOMAS 

RV_12_3891 

12 ï 

Inlet 

Chatt 

River 
276 154 245 21.4 0.35 0.06 

2 USGS 

02337410 
30 Tributary 113 107 122 128 0.89 0.14 

3 USGS 

02338500 
66 

Chatt 

River 
560 339 588 44.2 2.2 0.17 

4 USGS 

02338660 
74 Tributary 333 209 334 15.5 0.48 0.04 

5 USGS 

02338840 
82 Tributary 333 209 345 15.7 0.33 0.03 

6 USGS 

02342881 

203 ï 

Outlet 

Chatt 

River 
171 171 171 9.5 0.87 0.05 
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For HRU definition, we loaded soil data from the NRCS SSURGO and STATSGO2 

datasets, accessed via the Web Soil Survey (Web Soil Survey, 2021) and land cover/land use data 

from the 2011 National Land Cover Dataset (NLCD) (Homer et al., 2015). STATSGO2 data 

were employed in areas lacking SSURGO coverage or not recognized by ArcSWAT. Slope 

classes were manually defined as 0-7.5 and 7.5-9999, established using the Jenks natural breaks 

method on a percent rise raster. A total of 5,177 HRUs were created with threshold percentages 

set at 5% for land cover, 10% for soil, and 5% for slope, balancing detailed biophysical 

representation and computational efficiency. 

Historical climate data for the baseline model was acquired from Daymet (Thornton et 

al., 2021) and gridMET (Abatzoglou, 2013) datasets, retrieved and processed through Google 

Earth Engine and R statistical software (R Core Team, 2023). The Daymet dataset provided a 

more accurate representation of observed precipitation and temperature patterns in the watershed, 

while gridMET supplied additional variables such as wind speed, relative humidity, and solar 

radiation, which are essential for Penman-Monteith Potential Evapotranspiration calculations 

(Allen, Pereira, Raes, & Smith, 1998). GridMET data also supplemented the Daymet dataset by 

providing information for leap years. We downloaded Daymet and GridMET data from Google 

Earth Engine by uploading centroids of the 206 subbasins to extract climate data for each 

subbasin. The spatial resolutions for Daymet and gridMET are 1 km and 4.6 km, respectively, 

and the average MC subbasin size is 54 km².  

We also incorporated both wet and dry mean annual atmospheric nitrogen deposition data 

for ammonia and nitrate, required for the ATMO.ATM file in SWAT (Table 3.4). These 

deposition data were obtained from the National Atmospheric Deposition Program National 

Trends Network site GA41 (nadp.slh.wisc.edu/). Lastly, we held SWAT default fertilizer 
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applications constant from the baseline to future scenarios. SWAT applies nitrogen to 1% of a 

developed or agricultural HRU when nitrogen stress is reached.  

Table 3.4 Atmospheric deposition values  

Atmospheric deposition values for the Middle Chattahoochee 

Watershed 

Variable Atmospheric Deposition type Value 

RAMMO_SUB Ammonium (mg/L) 0.209 

RCN_SUB Nitrate (mg/L) 0.421 

DRYDEP_NH4 Dry ammonium (kg/ha/yr) 2.843 

DRYDEP_NO3 Dry nitrate (kg/ha/yr) 5.188 

 

3.2.2.3. Model Calibration and Validation 

The 5 USGS stream gage locations within the SWAT model contained sediment and 

nutrient concentration observations spanning the baseline period. We transformed these data into 

continuous, daily load records to assess model performance across the watershed during 

calibration and validation. To derive loads from the concentration data and fill in missing 

records, we employed the Weighted Regressions on Time, Discharge, and Season (WRTDS) 

model, which is part of the EGRET package (Hirsch, DeCicco, & Murphy Blair, 2023) for R 

statistical software (R Core Team, 2023). 

The baseline model operated on a daily time-step from January 1, 2010, to December 31, 

2020, including a 3-year warm-up period beginning on January 1, 2007. The model was 

calibrated from 2010-2016 and validated from 2017-2020 on a daily time-step for streamflow, 

TSS, TN, and TP. We utilized the standalone SWAT-CUP (Calibration and Uncertainty 

Program) (Abbaspour, 2015) and engaged the Sequential Uncertainty Fitting version 2 (SUFI-2) 

algorithm to perform stochastic calibration. The SUFI-2 algorithm aims to encompass the 

majority of observed records within the 95% prediction uncertainty (95PPU), which is derived 

from the simulated model outputs and is defined by the 2.5% and 97.5% levels of the cumulative 
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distribution of a variable. This distribution is calculated from parameter uncertainties using Latin 

hypercube sampling. Therefore, the goal of SUFI-2 calibration is to adjust the model parameters 

within realistic ranges to capture the majority of observed data within the 95PPU. We adjusted 

parameters within realistic ranges based on empirical and literature values to optimize the Nash 

Sutcliffe efficiency (NSE) (Nash & Sutcliffe, 1970) and percent bias for streamflow, TSS, TN, 

and TP. Daily calibration was performed in SWAT-CUP at the watershed outlet (USGS 

02342881), with goodness-of-fit evaluated at other gauges in the watershed using Python version 

3.11.7 ("Python Language Reference, Version 3.11.7," 2023) and R statistical software (R Core 

Team, 2023).  

First, we jointly calibrated streamflow and TSS conducting a total of 1,000 simulations. 

For each simulation, daily NSE and percent bias were evaluated at the outlet and parameter 

ranges were adjusted based on significance and trends. From the 1,000 simulations, one 

parameter set that maximized sediment and streamflow fit at the co-located gages and the outlet 

was used to replace default values in the uncalibrated ArcSWAT model. Subsequently, the 

model was rerun, and the calibrated streamflow and TSS run was used for TN and TP 

calibration. The TN and TP calibration process involved using nutrient-specific parameters to 

run another 1,000 simulations, each assessed for fit at the outlet, while continually refining 

parameter ranges for optimal performance, and checking the fit across the watershed. The final 

parameter set most effectively optimized NSE and percent bias throughout the watershed (Table 

3.5).  
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Table 3.5 Final parameter set used to calibrate the MC SWAT model 

 

 

  

Streamflow, sediment, nitrogen, and phosphorus parameters used to calibrate the  

Middle Chattahoochee Watershed 

Variable Parameter Transformation Min Max Default 
Calibrated 

Value 

Streamflow r__CN2.mgt relative 35 98 varies ŷ 10% 

 r__SOL_AWC().sol relative 0 1 varies ŷ 14% 

 v__ESCO.hru value 0 1 0.95 0.9052 

 v__GWQMN.gw value 0 5000 1000 593.0619 

 v__GW_REVAP.gw value 0.02 0.2 0.02 0.0739 

 v__REVAPMN.gw value 0 1000 750 309.7698 

 v__SURLAG.bsn value 0.05 24 4 9.3424 

 v__GW_DELAY.gw value 0 500 31 108.7772 

 v__OV_N.hru value 0.01 30 0.1 9.123 

 v__ALPHA_BF.gw value 0 1 0.048 0.4053 

Sediment r__USLE_K().sol relative 0 0.65 varies ŷ 0.05% 

 r__USLE_P.mgt relative 0 1 varies ŷ 13% 

 v__SPEXP.bsn value 1 1.5 1 1.1577 

 v__SPCON.bsn value 0.0001 0.01 0.0001 0.0058 

 v__CH_COV1.rte value -0.05 0.6 0 0.4401 

 v__CH_COV2.rte value -0.001 1 0 -0.1061 

 v__PRF_BSN.bsn value 0 2 1 0.7945 

 v__ADJ_PKR.bsn value 0.5 2 1 1.295 

Nitrogen v__ERORGN.hru value 0 5 0 2.6583 

 v__NPERCO.bsn value 0 1 0.02 0.318 

 v__N_UPDIS.bsn value 0 100 20 79.1667 

Phosphorus v__PPERCO.bsn value 10 17.5 10 12.7125 

 v__PHOSKD.bsn value 100 200 175 197.1667 

 v__PSP.bsn value 0.01 0.7 0.4 0.4735 

 v__ERORGP.hru value 0 5 0 0.0417 

 v__BC4.swq value 0.01 0.7 0.35 0.1169 

 v__RS5.swq value 0.001 0.1 0.05 0.02 
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3.2.3. Method for Updating Land Cover and Running Scenarios in ArcSWAT 

To run land cover change scenarios in ArcSWAT, we updated the HRUs using the new 

land cover rasters. The HRU definition phase occurs after watershed delineation, so all scenarios 

had the same delineation, stream network, subbasins, and outlets. During HRU definition, we 

only updated the land cover raster, keeping soil data and slope classifications, and HRU 

thresholds constant. We also kept point sources, atmospheric deposition, and weather parameters 

constant across all scenarios to isolate the effects of land cover change. When ArcSWAT creates 

new HRUs, it resets all parameters to default values. Therefore, we transferred calibrated values 

to the scenarios to maintain the calibrated model performance. To update parameter values, we 

used the Manual Calibration Helper and Edit Subbasin Data functionalities in ArcSWAT. When 

necessary, we also directly edited the project database to reflect calibrated parameter values. 

Most of our parameters were changed by a single value across the watershed, while four 

parameters, such as CN2, were changed by a proportion. Therefore, parameter values in all 

scenarios reflected those from the calibrated model.  

3.2.4. Land Cover Sensitivity Scenarios 

To gauge the sensitivity of water quality and quantity to land cover change and to verify 

that our land cover projection methodology was robust, we ran two hypothetical scenarios within 

the calibrated model. The first scenario transformed all terrestrial land to mixed forest cover and 

the second scenario changed all terrestrial land to high-intensity development. The results from 

these hypothetical scenarios were compared with the original calibrated 2011 NLCD model 

outputs.  

To create the hypothetical scenarios, we reclassified terrestrial land cover in the 2011 

NLCD to either NLCD class 43, which corresponds to the SWAT class FRST (representing 
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mixed forest), or NLCD class 23, which translates to the SWAT class URHD (representing high-

intensity development). Terrestrial land was classified as developed open space, developed 

low/medium/high intensity, barren land, deciduous/evergreen/mixed forest, shrub/scrub, 

grassland/herbaceous, pasture/hay, and cultivated crops. Open water, woody wetlands, and 

emergent herbaceous wetlands were held constant. The final two scenarios created contrasting 

landscapes: one where all terrestrial land was mixed forests (fully forested scenario) and one 

where all terrestrial land was highly developed (fully developed scenario).  

3.2.5. Projected Land Cover Modeling 

We conducted a set of four projected land cover change scenarios in our model, sourced 

from the USDA Forest Service Resources Planning Act Assessment (RPA) (Future of America's 

Forest and Rangelands, 2023) which evaluates US renewable resource potential in accordance 

with the Forest and Rangeland Renewable Resources Planning Act of 1974. These scenarios 

integrate projections up to 2070 from Global Climate Models (GCM) and Shared Socioeconomic 

Pathways (SSP). SSPs were developed by the IPCC to offer socioeconomic narratives that can be 

used alongside GCMs to anticipate future conditions (Lee et al., 2023). The RPA assesses the 

current status and projected trends of the nationôs natural resources under four storylines (SSP1, 

SSP2, SSP3, and SSP5). For our study, we utilized two SSPs that encapsulate a broad range of 

socioeconomic outcomes ï SSP3 depicting a scenario of regional rivalry and lower growth and 

SSP5 depicting a scenario of rapid development and high economic growth. These two scenarios 

provide a comprehensive view of potential changes in the United States and globally (OôDea, 

Langner, Joyce, Prestemon, & Wear, 2023). Specifically, SSP3 indicates a fragmented world 

with an emphasis on regional markets and less focus on global trade, leading to slower economic 

growth and less urbanization. SSP3 shows slow population growth, with a peak in 2035, paired 
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with a 1% per year growth in income. SSP5 depicts a growth-oriented world that relies on fossil 

fuels, with an 86% increase in population and a real GDP growth rate of 2.5% per year (OôDea et 

al., 2023). While the rate changes based on SSP, population growth between the two scenarios 

generally shows increases in the South. 

The RPA utilized a standardized methodology to downscale broad-level SSP data to a 

county level (Langner et al., 2020; Wear & Prestemon, 2019). Decadal land use projections for 

the RPA were downscaled from the county level to a 90 m grid as described in Brooks et al. 

(2020). We downloaded these projections from Brooks et al. (2023) for spatial realization case 

10, representing a realization in which the degree of contagion for landscape pattern was 

centered between the most extreme (case 20) and the least extreme (case 1). We disaggregated 

the broad land use classes used in the RPA assessment (water, developed, forest, other natural, 

pasture, and crop) into the narrower NLCD classes used by SWAT by overlaying the 2016 

NLCD on the 2020 RPA basemap (derived from the 2016 NLCD), and assigning NLCD land 

cover classes to each 2020 RPA basemap pixel based on that overlay. These disaggregated land 

cover classes were retained for the future projections where no land use change was projected to 

occur.  For pixels where land use change occurred in the future, we assumed that new 

development was NLCD class 22 (developed, low intensity), new forest was NLCD class 43 

(mixed forest), new pasture was NLCD class 81 (pasture/hay), and new crop was NLCD class 82 

(cultivated crop). 

While our land cover scenarios integrate both U.S. climate and socioeconomic 

projections, we maintained consistent climate parameters ï precipitation, temperature, relative 

humidity, wind speed, and solar radiation ï for all future scenarios to isolate the impact of land 

cover changes on water resources. We employed land cover projections based on two GCMs 
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from the RPA: the HadGEM2-ES (Collins et al., 2008), which represents a "hot" climate 

projection for the United States up to 2070, and the MRI-CGCM3 (Yukimoto et al., 2012) 

providing a "least warm" climate projection for the same period (Joyce & Coulson, 2020). The 

SSPs for these climate scenarios indicate the varying responses in land use change in response to 

climatic factors. Therefore, for each GCM, the SSP3 scenario represented lower growth while 

the SSP5 scenario indicated higher growth under constraints of the corresponding GCM. The 

2020 RPA base map raster served as our baseline for comparison against future scenario 

outcomes. As a result, we configured five scenario simulations within ArcSWAT, denoted as 

BASE20 (baseline 2020), HAD3 (HadGEM2-ES with SSP3), HAD5 (HadGEM2-ES with 

SSP5), MRI3 (MRI-CGCM3 with SSP3), and MRI5 (MRI-CGCM3 with SSP5). The baseline 

model represented daily output from 2010-2020, while the future scenarios extended from 2060-

2070. We used the same land cover change methodology detailed in Section 3.2.3. to reflect the 

calibrated parameter values in the scenarios.  

3.2.6. Projected Water Quality Analysis 

To ascertain the potential impacts of land cover change on water resources, we analyzed 

water quality and quantity outputs for the BASE20 baseline scenario and the four projected 

scenarios: HAD3, HAD5, MRI3, and MRI5. To determine the magnitude of water quality 

degradation from forest loss, we evaluated mean annual load and daily concentration for TSS, 

TN, and TP at each subbasin, focusing our assessment at the drinking water intake locations. We 

measured the differences in TSS, TN, and TP between the HAD and MRI scenarios compared to 

BASE20, utilizing the SWAT output.rch file to represent cumulative upstream load and 

concentration.  
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3.2.7. Projected Water Quantity Analysis 

As streamflow drives the rates of sediment and nutrient movement throughout a 

watershed and can affect the amount of water supplied to communities, we also examined the 

outcome of land conversion on water quantity. We focused our analysis on mean annual flow 

rate, water yield, low flow, and high flow variations, particularly at the drinking water intake 

locations, to capture the range of streamflow response and identify any extreme hydrologic 

behavior.  

3.2.7.1. Mean Annual Flow Rate and Water Yield 

We calculated the mean annual flow rate and water yield for each scenario at every intake 

location to quantify the variations in water availability associated with different land cover 

scenarios. Mean flow rate was calculated by averaging the flow rate across all years within each 

subbasin. We determined water yield by finding the total upstream area (m2) for each intake, 

converting the flow rate from m3/s to m3/day, and then standardizing by area. The results were 

then summed annually and averaged across all years to generate the final mean annual water 

yield (mm) metric for each intake. 

3.2.7.2. Low Flow Components  

We examined flow duration curves, 7Q10 flow, and baseflow to understand low flow 

behavior, which can exacerbate water scarcity tensions (Ruhl, 2005) and increase contaminate 

concentrations from reduced dilution (Whitehead, Wilby, Battarbee, Kernan, & Wade, 2009). 

Flow duration curves show the percentage of time/probabilities that flow is likely to 

equal or exceed specific values. We created curves for each intake location by using R to 

calculate the return intervals and exceedance probabilities for daily streamflow. We filtered the 

curves by an exceedance probability greater than or equal to 90%, which shows the flows that 
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are exceeded 90% of the time. We used these flows as an indicator of low flow conditions and 

compared them across the BASE20 and future projected scenarios.  

The 7Q10 flow, defined as the minimum 7-day mean flow that occurs once every ten 

years (or 10% chance of occurring in a given year) is a common low flow statistic used in 

resource planning (Low Flow Statistics Tools, 2018). We calculated this metric to determine how 

the lowest flows might change over a decade under the difference scenarios. We used R to 

calculate 7Q10 flow for BASE20 for each intake location and then computed the probability of 

the HAD/MRI scenarios exceeding that BASE20 7Q10 statistic. We used a backward window in 

R to calculate the 7-day rolling average for daily streamflow at each intake location. Once the 7-

day rolling mean was calculated, we calculated the probability that a given magnitude or below 

of flow will happen each year. From here, we were able to create the return intervals and 

exceedance probabilities. 

Baseflow reflects the contribution of groundwater to streamflow between precipitation 

events and can represent a key indicator of watershed health (OôDriscoll et al., 2010; K. Price, 

2011). We determined baseflow indices using the baseflow function from the hydrostats package 

in R (Bond et al., 2002), which employs the Lynne-Hollick filter. The baseflows function uses 

the Lynne-Hollick filter to find the measure of central tendency and baseflow indices. Similar to 

7Q10, we calculated the baseflow cutoff value for all subbasins during BASE20. We then 

computed the percentage of flow that occurred at or below the BASE20 baseflow threshold for 

the HAD/MRI scenarios. We studied baseflow as part of the low flow analysis to assess the 

extent that land conversion potentially reduces baseflow rates. 
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3.2.7.3. High Flow Components  

High flows can elevate flood risk and increase sediment and nutrient loads and 

concentrations. Forest conversion to development reduces infiltration and increases runoff, 

making it more likely for high flows to negatively impact water quality (Lockaby et al., 2013). 

Therefore, we assessed high flow behavior by examining flow duration curves and extreme high 

flow cutoff metrics.  

We used the same flow duration curves used in the low flow analysis to inspect high flow 

behavior. We filtered the curves by an exceedance probability less than or equal to 10%, which 

shows the flows that are exceeded 10% or less of the time. We then used the subset flow duration 

curves as indicators of high flow conditions. 

We applied the extreme flow cutoff method, described by Saia et al. (2019), to BASE20 

and future scenarios to capture extreme high flow behavior. This process first involves finding 

the extreme flow cutoff value for the baseline period and then calculating the frequency at which 

future projected scenarios surpass that value. To achieve this, we first applied the following 

formula to on log-transformed daily flow at each subbasin during BASE20: 

 

Where Fext is the value above which flows are considered extreme based on the third quartile 

(Q3) and the interquartile range (Q3-Q1). We then calculated the number of days that each 

subbasin exceeded their respective BASE20 threshold for both the BASE20 and future scenarios.  

The frequency of extreme high flows was quantified using the following formula:   
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Where the percentage of extreme flow days (PCext) for the HAD/MRI scenarios was found by 

comparing the percent change in the number of days that exceed the BASE20 extreme flow 

cutoff from BASE20 (nb,ext) to projected scenarios (np,ext).  

3.3 Results 

3.3.1. Model Calibration and Validation Fit 

We achieved acceptable fit values throughout the watershed during both the calibration 

and validation process, indicating that the SWAT model is suitable to use for running projected 

scenarios (Table 3.6 and Table 3.7). For the calibration period (January 1, 2010 - December 31, 

2016), the model achieved satisfactory NSE values and percent bias values for streamflow and 

TSS, and for nutrients at some, but not all gages across the watershed. At the watershed outlet, 

we achieved daily NSE values of 0.77 (streamflow), 0.41 (TSS), 0.15 (TN), and 0.60 (TP). The 

corresponding percent bias values were 12% (streamflow), -0.36% (TSS), 4.4% (TN), and 53.4% 

(TP) (Figure 3.2 ï 3.5). According to Moriasi et al. (2007), NSE values greater than or equal to 

0.5 and percent bias values less than or equal to ± 15% for flow, ± 20% for sediment, and ± 25% 

for nutrients are considered satisfactory. Based on these metrics, the model performs well for 

streamflow and TSS. A lower NSE for TN indicates that the model might struggle to capture the 

variability in high and low values, while the low percent bias shows that the overall trend of 

simulated TN is close to the observed values, if not slightly over predicted. For TP, the model 

captures the variability in the observed data, but over predicts the values.  

The model also performed satisfactory during calibration at other gages throughout the 

watershed. At subbasin 66, located on the main stem of the Chattahoochee River, the daily NSE 

was 0.84 and the percent bias was 4.2% for streamflow, indicating very good model performance  

(Moriasi et al., 2007). The TSS percent bias was satisfactory for two of the three tributary gages, 
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indicating the model is able to capture both low and high sediment values. We struggled to fit 

phosphorus at the collocated gages, as the model both over and under predicted load throughout 

the watershed. However, the model performed well at predicting nitrogen at two of the tributary 

gages, producing a percent bias below 6%.  

During the validation period (January 1, 2017 ï December 31, 2020), the model 

continued to perform well, with daily NSE/percent bias metrics of 0.72/16.6% (streamflow), 

0.57/3.3% (TSS), 0.25/11.4% (TN), and 0.46/43.7% (TP). Fit at the collocated gages remained 

similar between calibration and validation periods, with daily streamflow performing the best, 

followed by sediment, nitrogen, and phosphorus. These metrics, which are comparable to the 

calibration period, support consistent model performance over different hydro-climatic time 

periods. 
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Table 3.6 Daily Goodness-of-Fit statistics for streamflow, TSS, TN, and TP at the inlet, co-

located gages, and the watershed outlet. A negative PBIAS indicates that the model is 

underpredicting compared to observations, whereas a positive PBIAS indicates the model is 

overpredicting. 

 

  

Daily calibration and validation metrics for streamflow, TSS, TN, and TP 

   Streamflow 

   Calibration Validation 

USGS Gage Subbasin Location NSE PBIAS NSE PBIAS 

02337410 30 Tributary 0.41 16 0.43 14.9 

02338500 66 Chatt 0.84 4.2 0.86 -1.9 

02338660 74 Tributary 0.57 28.8 0.49 20 

02338840 82 Tributary 0.6 20.7 0.43 19 

02342881 OUTLET: 203 Chatt 0.77 12 0.72 16.6 

   TSS 

   Calibration Validation 

USGS Gage Subbasin Location NSE PBIAS NSE PBIAS 

02337410 30 Tributary 0.01 -94 0.02 -93.7 

02338500 66 Chatt 0.07 -83.4 0.1 -77 

02338660 74 Tributary 0.38 20.7 0.2 17.9 

02338840 82 Tributary 0.28 -17.3 0.17 2.9 

02342881 OUTLET: 203 Chatt 0.41 -0.36 0.5 7.3 

   TN 

   Calibration Validation 

USGS Gage Subbasin Location NSE PBIAS NSE PBIAS 

02337410 30 Tributary -0.12 5.7 0.52 -17.7 

02338500 66 Chatt -0.96 -59.3 -0.86 -59.7 

02338660 74 Tributary -1.1 40.3 -0.3 -5.8 

02338840 82 Tributary 0.09 0.46 0.15 -38.6 

02342881 OUTLET: 203 Chatt 0.15 4.4 0.25 -11.4 

   TP 

   Calibration Validation 

USGS Gage Subbasin Location NSE PBIAS NSE PBIAS 

02337410 30 Tributary 0.05 -72.2 0.15 -64.7 

02338500 66 Chatt 0.47 -40.5 0.57 -36 

02338660 74 Tributary 0.37 28.6 0.02 55 

02338840 82 Tributary 0.03 77.1 0.07 92.4 

02342881 OUTLET: 203 Chatt 0.60 53.4 0.46 43.7 
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Table 3.7 Monthly Goodness-of-Fit statistics for streamflow, TSS, TN, and TP at the inlet, co-

located gages, and the watershed outlet. A negative PBIAS indicates that the model is 

underpredicting compared to observations, whereas a positive PBIAS indicates the model is 

overpredicting. 

  

Monthly calibration and validation metrics for streamflow, TSS, TN, and TP 

   Streamflow 

   Calibration Validation 

USGS Gage Subbasin Location NSE PBIAS NSE PBIAS 

02337410 30 Tributary 0.85 16 0.84 14.8 

02338500 66 Chatt 0.97 4.2 1 -1.9 

02338660 74 Tributary 0.76 28.5 0.83 19.8 

02338840 82 Tributary 0.78 20.4 0.83 18.9 

02342881 OUTLET: 203 Chatt 0.87 12 0.87 16.4 

   TSS 

   Calibration Validation 

USGS Gage Subbasin Location NSE PBIAS NSE PBIAS 

02337410 30 Tributary -0.07 -94 -0.33 -93.7 

02338500 66 Chatt -0.07 -83.4 -0.08 -77 

02338660 74 Tributary 0.84 20.7 0.69 17.9 

02338840 82 Tributary 0.57 -17.3 0.64 2.9 

02342881 OUTLET: 203 Chatt 0.7 -0.35 0.81 7.3 

   TN 

   Calibration Validation 

USGS Gage Subbasin Location NSE PBIAS NSE PBIAS 

02337410 30 Tributary -0.22 5.7 -1 -17.7 

02338500 66 Chatt -1.8 -59.3 -1.9 -59.7 

02338660 74 Tributary -1.4 40.2 -0.53 -5.8 

02338840 82 Tributary 0.15 0.46 0.4 -38.6 

02342881 OUTLET: 203 Chatt 0.18 4.4 0.27 -11.4 

   TP 

   Calibration Validation 

USGS Gage Subbasin Location NSE PBIAS NSE PBIAS 

02337410 30 Tributary 0.12 -72.2 0.14 -64.7 

02338500 66 Chatt 0.52 -40.5 0.58 -36 

02338660 74 Tributary 0.66 28.6 0.12 55.1 

02338840 82 Tributary -0.48 77.1 0.18 92.4 

02342881 OUTLET: 203 Chatt 0.56 53.4 0.55 43.7 
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3.3.2. Baseline 2020 Results 

We calculated the mean annual water balance, including precipitation, evapotranspiration 

(ET), and water yield (WY), as well as sediment and nutrient yields for the BASE20 scenario. 

These metrics were then compared with those of the future scenarios (Table 3.8). Across all 

subbasins, mean annual precipitation was 1472 mm, with variations ranging from 1366 mm to 

1610 mm (Figure 3.6). Notably, areas with lower precipitation were observed in tributary regions 

near Atlanta, GA, east of West Point Lake near Lagrange, GA, and southeast of Columbus, GA 

near Fort Moore ï regions characterized by a mix of forestland, agriculture, and development. 

The mean annual ET across all subbasins was 882 mm, varying from 707 mm to 1312 mm. 

Higher ET rates were observed along the main stem of the Chattahoochee River around West 

Point Lake, which could be attributed to a combination of forestland (evergreen, deciduous, and 

mixed), agricultural land, and low-intensity development. Conversely, the highly developed 

portions of Atlanta and Columbus, GA, exhibited some of the lowest mean annual ET values. 

Lastly, the mean annual WY across all subbasins was 505 mm, ranging from 398 mm to 770 

mm. This is a generally expected pattern ï elevated water yields in areas with high precipitation 

and low ET, and reduced water yields in regions with low precipitation and high ET.  

We analyzed the sediment and nutrient yields from each subbasin. Sediment (mt/ha) and 

nitrogen yield (kg/ha) were elevated near the major cities of Atlanta, GA and Columbus, GA, 

while phosphorus yield (kg/ha) varied across the watershed and showed high levels in the 

tributaries (Figure 3.7). To avoid the influence of point sources, our analysis focused on 

sediment and nutrients from the subbasin output file, which lacks metrics for total nitrogen and 

total phosphorus. Consequently, nitrogen yield encompasses nitrate and organic nitrogen, while 

phosphorus yield comprises organic phosphorus, soluble phosphorus, and mineral phosphorus. 
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Table 3.8 Mean annual water balance components across the scenarios 

Mean Annual Precipitation, ET, and Water Yield Across Subbasins for all Scenarios 

Scenario Precipitation (mm) ET (mm) WY (mm) 

BASE20 1471.7 881.8 504.46 

Fully Forested 1343.6 851.5 441.38 

Fully Developed 1343.6 755.5 598.40 

HAD3 1471.7 878.1 510.06 

HAD5 1471.7 877.6 510.57 

MRI3 1471.7 876.9 511.46 

MRI5 1471.7 876.8 511.82 

 

3.3.3. Land Cover Sensitivity Analysis 

We ran the hypothetical fully forested and fully developed scenarios to evaluate how 

sensitive the model was to land cover changes and confirm the model performed as expected 

when calibrated parameters were transferred to a new land cover. Overall, when comparing the 

fully developed scenario to the 2011 NLCD baseline, the mean annual load of TSS, TN, and TP 

increased substantially, with the fully developed scenario resulting in the highest loads. In 

contrast, the fully forested scenario exhibited decreased mean annual loads, resulting in the 

lowest loads relative to the NLCD 2011 baseline and the fully developed scenario.  

In the fully developed scenario, the mean annual TSS load surpassed the 2011 NLCD 

baseline by about one order of magnitude at three DWI locations and by one to two orders of 

magnitude at six DWI locations compared to the fully forested scenario (Figure 3.8). Notably, all 

these drinking water intake locations are situated on tributaries, which underscores the impact of 

development on sediment supply in these areas. 

The mean annual TN load in the fully developed scenario was one order of magnitude 

greater than the fully forested scenario at DWI locations 1 through 7, and 9 through 11 (Figure 

3.9). It is important to highlight that intake location 9, which serves as the public water system 
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for West Point Lake, is positioned on the main stem of the Chattahoochee River and is one of the 

only mainstem intakes with this large of a response. For TP, while the mean annual load was 

highest across all intakes during the fully developed scenario, the increase was less than an order 

of magnitude compared to the fully forested scenario (Figure 3.10).  

Lastly, we checked assessed mean annual water yield (mm) and ET (mm) rates across the 

watershed to check that the water balance was responding to changes in land use cover as would 

be expected. There was a noticeable increase in mean annual water yield and a corresponding 

decrease in mean annual ET when terrestrial areas were developed (Figure 3.11). This trend 

confirms the model is accurately capturing the ecosystem services forests provide to water 

resources, specifically where forest removal leads to reduced ET rates and alters other natural 

processes that enable forests to capture and moderate water flow.  

3.3.4. Projected Land Cover Change in 2070 

By 2070, our projections indicate variably distributed increases in developed land cover 

across the watershed relative to the BASE20 scenario. The MC was 13.6% developed during 

BASE20, increasing to 18% (HAD3), 18.5% (HAD5), 18.6% (MRI3), and 19.2% (MRI5). The 

development translates to percent increases of 53.6% (HAD3), 59.2% (HAD5), 61.3% (MRI3), 

and 67.5% (MRI5) in the total developed area relative to BASE20. The tributary intakes 

experienced the most substantial new development, with nearly all DWI locations on tributaries 

and four on the main stem experiencing a Ó 50% increase in new developed area in 2070 (Figure 

3.12). Four tributary locations observed a Ó100% increase, and DWI tributary locations 6, 7, and 

11 experienced over a 200% increase in new development across the scenarios.  

The increase in new development is consistently linked to a corresponding decrease in 

forest cover, notably impacting tributary DWI locations (Figure 3.13). Throughout all scenarios, 
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the MC watershed was majority forested, with 67% forest cover during BASE20 decreasing to 

62.4% during MRI5. Across the watershed, there was an overall forested area loss of 12.2% 

(HAD3), 13.5% (HAD5), 14.8% (MRI3), and 16% (MRI5). Tributary DWI locations 1, 2, 5, 6, 

and 11, experienced up to a 20% loss in forest cover, with DWI 6 and 11 undergoing the most 

substantial losses. DWI 11 drains into Lake Harding and serves a population of 38,943. Land 

cover within the drainage area transitioned from 9.4% developed, 68.3% forested, and 16.5% 

agriculture during BASE20 to 16.7% developed, 60% forested, and 18% agriculture during 

MRI5. 

DWI locations 4 and 7, located on tributaries, were the only intakes to experience an 

increase in forest cover relative to the BASE20 scenario. New development and forest cover in 

these areas primarily occurred on agricultural land. DWI 4, located on Snake Creek, has a 

drainage area of 89.3 km2 and a service population of 45,380. Total development in this area 

increased from 4.6% during BASE20 to 9.8% during MRI5, while forest cover increased from 

75.2% to 77%, respectively. These gains led to a decline in agricultural land from 13.6% in 

BASE20 to 9.4% in MRI5. DWI 7, situated on Hillabahatchee Creek with a drinking water 

service population of 8,172, experienced minimal change in forest cover, transitioning from 

86.3% in BASE20 to 86.4% in MRI5. There was a larger increase in development from 2.6% in 

BASE20 to 4.5% in MRI5, coupled with a reduction in agricultural cover from 9.1% to 7.2%. 

  



   

102 

 

3.3.5. Water Quality 

3.3.5.1. Sediment Load and Concentration 

The change in mean annual TSS load varied throughout the watershed, with tributary 

subbasins experiencing the largest changes. Mean annual TSS load consistently increased at the 

watershed outlet from a BASE20 value of 10835.1 ± 5236.4 m tons. This value increased up to 

11% under MRI5 (Table 3.9). The MRI scenarios had a larger effect on sediment load across the 

subbasins, increasing mean annual load at the most by 1542% (subbasin 111: tributary), while 

the HAD scenarios increased mean annual load at the most by 850% (subbasin 151: tributary). 

Total development cover in subbasin 111 remained consistent at 3.6% in BASE20 to 3.7% in 

MRI5. However, forest cover decreased from 56.5% to 52.7%, while agriculture increased from 

34% to 38%, possibly contributing to elevated sediment load. Subbasin 151 experienced a total 

developed area increase from 5.5% in BASE20 to 17.7% in HAD5, resulting in decreased forest 

cover from 82% to 72% and decreased agriculture from 7.3% to 5.5%. This pattern indicates that 

even with 72% forest cover, new development still increased TSS load.  

Mean annual TSS load at the intake locations reflected the overall watershed pattern, 

where tributaries experienced the greatest changes in load from the baseline to future scenarios 

(Figure 3.15). Notably, four of the DWI locations (3, 5, 6, and 11) experienced more than 50% 

increase in mean annual TSS load. DWI 3, located on Dog River with a service population of 

109,694, experienced up to a 161% increase (HAD5) in mean annual TSS load. Development at 

DWI 3 increased from 17% BASE20 to 20% HAD5, with reductions in forest cover from 65% to 

61% and agricultural cover from 16% to 15%. The response at DWI 3 indicates that even with 

majority forest cover, this tributary experienced an increase in sediment load from new 

development.  



   

103 

 

Mean annual sediment load did decrease at certain points in the watershed, with the most 

pronounced reductions occurring on tributaries (Figure 3.16). Intake locations 4 and 7 were the 

only DWI with decreased mean annual TSS loads during the projected scenarios. These intakes 

are located on tributaries and serve a combined population of 53,552. As discussed in Section 

3.3.4., development at DWI 4 and 7 remained below 10% from BASE20 to MRI5, while forest 

cover remained above 75%. Across the whole watershed, mean annual sediment load decreased 

during the future scenarios at the most during HAD5 and by 87% (subbasin 71: tributary). From 

BASE20 to HAD5, development remained below 10%, forest cover was above 60%, and 

agriculture increased from 19% to 21% of the total area. This finding indicates that high forest 

cover was potentially able to attenuate sediment load when development remained below 10% 

and agricultural change was minimal.   

Mean annual sediment concentration generally followed similar patterns, with more 

pronounced variations at the tributaries. Mean annual sediment concentration at the outlet 

increased at the most by 9.2% during MRI5 from a BASE20 value of 8.5 ± 7.4 mg/L (Table 

3.10, Figure 11). MRI5 projects the largest increase in concentration by >3000% on a tributary 

(subbasin 111: 1 ± 3.3 mg/L BASE20 to 39.7 ± 26.1 mg/L MRI5). Subbasin 111 is the same 

tributary region that experienced the greatest increase in sediment load despite remaining less 

than 4% developed and over 50% forested from BASE20 to MRI5. Almost all DWI locations on 

tributaries (2, 3, 4, 5, and 11) experienced a Ó50% increase in mean annual concentration (Figure 

3.17). Similar to the pattern observed with load, concentration increase was highest at DWI 3 

(+318%), (Figure 3.12). Following the trends with load, DWI 4 and 7 were the only intakes with 

decreased concentration during the projected scenarios. Across the whole watershed, subbasin 71 

had the largest decrease in concentration (92% reduction). 
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3.3.5.2. Nitrogen Load and Concentration 

The pattern of TN loads and concentration were similar to those of TSS, where the largest 

changes were in tributary locations. The mean annual TN load at the outlet during BASE20 was 

6.361×106 ± 1.124×106 kg, which increased across all scenarios and at the most by 20.3% under 

MRI5 (Figure 3.18). The change in TN load was even greater at some subbasins across the 

watershed.   

Similar to the pattern with TSS load, TN loads increased the most in tributary areas. 

Specifically, mean annual TN load increased across subbasins at most by about 300% during the 

HAD scenarios (subbasin 174: tributary) and 360% during the MRI scenarios (subbasin 140: 

tributary). Subbasin 174 had 7.4% development in BASE20, rising to 15% in the HAD scenarios. 

Forest cover dropped from 76% to 70%, and agriculture decreased from 5% to 3%. Subbasin 140 

had 7.5% development in BASE20, increasing to 15% in the MRI scenarios. Forest cover 

declined from 60% to 50%, and agriculture increased from 23% to 26%, potentially contributing 

to nutrient loads. 

Mean annual TN load at DWI locations generally increased, with the exception of 

locations 4 and 7. TN load increased over 50% at DWI tributary locations 5, 6, and 11 (Figure 

3.19). The most substantial increase in TN load was at DWI 11 (+ 217% MRI3), which drains 

into Lake Harding. DWI 11 was 9% developed, 68% forested, and 16.4% agriculture during 

BASE20 and increased to 16% developed, 60% forested, and 18% agriculture during the future 

scenarios. These intakes show a consistent response in both TN and TSS load. 

Mean annual TN concentration at the outlet increased up to 14.8% MRI5 (1.16 ± 0.94 

mg/L) from a BASE20 value of 1.01 ± 0.61 mg/L (Figure 3.20). Across the whole watershed, 

mean annual TN concentration increases the most by 500% during MRI3 in subbasin 140 (0.23 ± 
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0.47 mg/L BASE20 to 1.36 ± 3 mg/L MRI3). Subbasin 140 is a tributary area which also had the 

largest increase in mean annual nitrogen load, potentially exacerbated by concurrent increases in 

development and agriculture. Concentration only increased by >50% at DWI locations 5 and 11, 

with location 11 experiencing a >100% increase in concentration for all scenarios (Figure 3.21).  

Mean annual TN concentration is projected to decrease across subbasins at the most by 

45.8% during HAD5 (subbasin 105: tributary). However, this decrease was only from 0.29 ± 

1.03 mg/L BASE20 to 0.16 ± 0.23 mg/L HAD5. Subbasin 105 had a land cover 2.2% developed, 

81.6% forested, and 10% agriculture during baseline. This shifted to 2.3% developed, 82.4% 

forested, and 9% agriculture during HAD5. The reduction in TN concentration in subbasin 105 

from BASE20 to HAD5 is likely due to a combination of low development and a decrease in 

agriculture alongside an increase in forest cover. Similarly, increased forest cover at DWI 

locations 4 and 7 decreased mean annual concentration during the future scenarios.  

3.3.5.3 Phosphorus Load and Concentration 

Mean annual TP load and concentration displayed a nuanced pattern across the watershed 

(Figure 3.22). Outlet mean annual TP load during BASE20 was 5.611×105 ± 1.836×105 kg. This 

load slightly decreased in the future scenarios by 1% (HAD3), 2.5% (HAD5/MRI3), and 2.8% 

(MRI5). Subbasins exhibited varied patterns, with the most substantial decrease of 42% 

(BASE20: 2182 ± 1060 kg to HAD5: 1256.5 ± 521 kg) observed in tributary subbasin 182, 

which maintained about 1.6% development across all scenarios. Subbasin 182 experienced an 

increase in forest cover (64% to 68%) and decrease in agriculture (22% to 18%) from BASE20 

to future scenarios, potentially explaining decreased TP load. The highest increase occurred in 

subbasin 188 (+94% HAD3), which drains 426.7 km2 near Columbus, GA. Land covers 

remained similar between the baseline and future scenarios in this subbasin. The notable rise in 
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mean annual TP load could be attributed to the altered composition of agricultural land between 

the two scenarios, particularly a higher proportion of row crops near the stream network in 

HAD3. 

Mean annual TP load mainly decreased across intakes from the baseline to future 

scenarios (Figure 3.23). DWI 4 and 7 experienced the most substantial decreases (up to 20%) in 

load, attributed to low development and higher forest cover. DWI 5, 6, and 11 were the only 

locations with increased load, but these gains remained below 10%. These tributary locations 

surpassed a 10% threshold from BASE20 to the future scenarios. Forest cover at all these 

locations remained around 60% throughout the scenarios, indicating that even with majority 

forest cover, development exceeding 10% led to increases in TP load.  

The mean annual TP concentration at the outlet showed minimal changes, decreasing by 

1% or less across all future scenarios from a BASE20 value of 0.071 ± 0.023 mg/L (Figure 3.24). 

Mean annual TP concentration is projected to decrease across subbasins at the most by 30-40% 

across future scenarios. Mean annual TP concentration is projected to increase up to 147% on a 

tributary during MRI3. However, this increase is only from 0.007 ± 0.012 mg/L BASE20 to 

0.018± 0.012 mg/L MRI3. Mean annual TP concentration at the DWI locations exhibited a 

similar pattern to TP load, were DWI 5, 6, and 11 all experienced increased concentrations while 

DWI 4 and 7 had the greatest reductions in concentration. (Figure 3.25).   

Our findings indicate a nuanced relationship between TP load and concentration, 

influenced by factors such as point source discharges, land management practices, and in-stream 

processes. Phosphorus load in the observed point source data was added as mineral P, which 

might be more bioavailable in water compared to organic P. The hypothetical land cover 
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sensitivity scenarios showed a larger response in mean annual TP load. However, this response 

could be linked to the type of development used in those scenarios.  

Projected development in the HAD/MRI scenarios was classified as low-intensity 

development (NLCD code 22) whereas development in the ñfully developedò hypothetical 

scenario was classified as medium-intensity development (NLCD code 23). Low-intensity 

development corresponds to the SWAT classification URMD, which has 38% impervious cover. 

Comparatively, medium-intensity development corresponds to SWAT classification URHD, 

which has 60% impervious cover. The amount of phosphorus concentration that gets washed 

over impervious cover therefore differs between these two scenarios. We also retained default 

SWAT fertilizer applications between all scenarios, which applies nitrogen to 1% of a developed 

or agriculture HRU when nitrogen stress is reached but does not apply phosphorus. Therefore, 

the differences in development classes and fertilizer management could explain why nitrogen 

was more sensitive to land cover change compared to phosphorus.  
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Table 3.9 Mean annual sediment and nutrient loads across all scenarios at the outlet. 

 

Mean Annual Sediment and Nutrient Loads Across all Scenarios 

 BASE20 HAD3 HAD5 MRI3 MRI5 

TSS 10835.1 ± 5236.4 m tons + 8.1% + 8.7% + 11% + 11% 

TN 6.361×106 ± 1.124×106 kg + 15.8% + 16.6% + 19.2% + 20.3% 

TP 5.611×105 ± 1.836×105 kg - 1% - 2.5% -2.5% - 2.8% 

 

Table 3.10 Mean annual sediment and nutrient concentrations across all scenarios at the outlet. 

Mean Annual Sediment and Nutrient Concentrations Across all Scenarios 

 BASE20 HAD3 HAD5 MRI3 MRI5 

TSS 8.5 ± 7.4 mg/L + 6.7% + 7.9% + 9.4% + 9.2% 

TN 1.01 ± 0.61 mg/L + 11.6% + 12.1% + 14% + 14.8% 

TP 0.071 ± 0.023 mg/L - <1% - <1% - <1% - <1% 

 

3.3.6. Water Quantity 

3.3.6.1. Water Yield and Flow Rate 

Mean annual water yield and flow rate were consistent across the scenarios, indicating 

relative stability in streamflow amount despite increases in development. Mean annual flow rate 

at the outlet was 256 ± 240 m³/s (BASE20) and increased up 259 ± 244 m³/s (MRI5). Mean 

annual water yield at the outlet only increased 0.78% (HAD3), 0.85% (HAD5), 0.98% (MRI3), 

and 1% (MRI5) from a BASE20 value of 725543.7 ± 255724.4 mm. Although mean annual 

water yield slightly increased at each intake location from BASE20 to the HAD/MRI scenarios, 

the change was minimal (<0.1 mm), indicating a uniform response in water yield to land cover 

changes across the watershed.  
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3.3.6.2. Low flow Statistics  

While the average flow rates were consistent at the outlet, our analysis of flow duration 

curves for each drinking water intake revealed varied responses in low flow conditions between 

BASE20 and HAD/MRI flows. To examine low flow using these curves, we filtered the 

exceedance probability when BASE20 streamflow was Ó 90%. While there was not a uniform 

response across all intakes, we found greater variability in daily low flows relative to daily mean 

flow rates. Of the intakes with the highest increases in development (DWI 5, 6, 11), intake 11 

had the greatest change in low flow. The flow duration curve for this intake shows that future 

projected flow will be higher during low flow periods compared to BASE20 flow, particularly as 

the exceedance probability approaches 95%. Future flow at DWI 5 and 6 had similar low flow 

patterns compared to BASE20. At the outlet, future low flows are marginally higher compared to 

BASE20 up to the 98% exceedance probability.  

Conversely, the 7Q10 low flow calculations, representing the lowest flow for a 

continuous seven-day period with a 10% probability each year, showed that during the 

HAD/MRI scenarios, the minimum flow was generally lower compared to BASE20, suggesting 

that extreme minimum flows might be lower in the future. At DWI 5, 6, and 11, the future 

projected 7Q10 flows were lower relative to BASE20 flow. This pattern generally happened 

around the 60% exceedance probability (Figure 3.26). Changes were more minimal at the whole 

watershed outlet, where BASE20 and future projected 7Q10 flows were similar.  

The baseflow analysis revealed that the proportion of the streamflow record considered 

baseflow remained consistent from the BASE20 to the future scenarios. Using the baseflows 

filter in R, we determined the baseflow threshold for each subbasin during BASE20 and 

compared the percentage of flow occurring at that threshold in the HAD/MRI scenarios. Our 
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analysis of the percentage of flow that occurred at or below this baseflow threshold revealed that 

the proportion of the hydrograph considered baseflow in BASE20 remains similar across the 

future scenarios. For example, the baseflow threshold at intake 11 is 2 m3/s and about 31.1% of 

flow during BASE20 occurred at or below that threshold, while around 32% of flow during 

HAD/MRI occurred at or below that threshold, indicating stability in baseflows despite 

development growth.  

3.3.6.3. High flow Statistics  

We observed the high flow statistics by examining flow duration curves and extreme high 

flow cutoffs and found that high flow experienced the greatest changes in highly developed areas 

(Figure 3.25). To examine high flow, we filtered the flow duration curves to display flow less 

than or equal to the 10% exceedance probability. We found that projected flow at DWI 5 and 6 

was minimally higher than BASE20 flow. Projected future high flow at DWI 11 was higher 

relative to BASE20, while flow was similar throughout all scenarios at the outlet. These findings 

indicate that low flow may be more sensitive to increased development at these locations relative 

to high flow.   

The PCext values, which reflect the percentage change in the frequency of high flow 

events per year, showed minimal impacts of high flow at the DWI locations (Figure 3.27). 

However, some individual subbasins did experience an increase in the frequency of high flow 

events (Figure 3.28). For example, subbasin 5 experienced a 36% increase in high flow 

frequency under MRI3. During BASE20, subbasin 5 was 55.8% developed, 26% forested, and 

14.2% agricultural land. This land cover shifted to 61% developed, 23% forested, and 11.6% 

agricultural land. Our findings suggest that the high flow response in the MC is most substantial 

in areas that are majorly developed. 
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3.4. Discussion 

We ran four land cover change scenarios to evaluate the impact on water quality and 

quantity across the MC watershed, with particular focus on the effect at drinking water intake 

facilities. Land cover changes across all scenarios project an increase in development by 2070, 

accompanied by reductions in forest and agricultural land. We found substantial new 

development around small towns and rural areas in tributary regions, posing challenges for 

drinking water intake facilities in these areas with potentially limited resources to manage water 

quality degradation. Sediment and nitrogen loads and concentrations are expected to increase at 

all intake locations, except for 4 and 7 where forest cover expanded, with the largest gains at 

facilities on tributaries. Across the watershed, we noted that development thresholds below 10% 

and forest cover between 60-80% in tributary areas is a potential range to protect water quality; 

however, this is dependent on the amount of impervious surface cover associated with the 

development. Our findings provide valuable insights for water resources managers to target 

source water protection in tributary areas. The results can be integrated with economic models to 

estimate treatment costs linked to forest loss. Overall, this study contributes to our understanding 

of upstream-downstream linkages and supports efforts to protect water resources under changing 

conditions. 

3.4.1 Sensitivity Analysis 

The results from the hypothetical scenarios demonstrate how the calibrated SWAT model 

responds to changes in land cover, specifically how forestland can lower nutrient and sediment 

load by an order of magnitude relative to development. We found that the fully forested scenario 

decreased sediment and nitrogen load by one to two orders of magnitude at most DWI tributary 

facilities and one mainstem facility when compared to the fully developed scenario. These 



   

112 

 

responses align with knowledge that developed land cover produces higher rates of sediment and 

nutrients relative to forestland (Lockaby et al., 2013). Notably, DWI 9 on West Point Lake 

Reservoir was the only mainstem location that experienced a response comparable to the 

tributaries. This is an important finding, as generally mainstem locations were not as sensitive to 

land cover changes compared to the tributary locations, indicating there might be a potential 

threshold of upstream forest cover that mitigates water quality impacts on the mainstem. The 

response at DWI 9 might be attributed to the reduction of agricultural land, and subsequent 

nitrogen applications, under the fully forested scenario. While these scenarios are hypothetical, 

they emphasize the sensitivity of the calibrated model, particularly the tributary locations, to 

forest and development change. The HAD/MRI scenarios add a level of complexity by revealing 

watershed response when multiple land covers are changing simultaneously.  

3.4.2 Spatial pattern of land cover change  

The future land cover scenarios depict varied increases in development across the 

watershed. Larger cities like Atlanta and Columbus exhibit urban sprawl, with new development 

spreading outwards from urban cores. In Atlanta, this pattern aligns with historical trends and 

future projections, which indicate the greatest increases in development will occur in outer 

portions of the city (ARC, 2024). The HAD/MRI projections also show dense, new development 

in rural and exurban towns outside of major metropolitan areas. We found new development 

concentrated primarily around the smaller towns of Centralhatchee, Waverly Hall, Richland, 

Hamilton, Pine Mountain, Grantville, Hogansville, West Point, Franklin, Newnan, and 

LaGrange. This group had a median population of 3,041, reflecting the ongoing trend of rapid 

growth in rural areas (Johnson, 2023; Melotte, 2023). Our findings reveal that while Atlanta has 

historically been central in water allocation disputes, smaller towns within the MC watershed 
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may have a substantial role in shaping future water resources in the region. The concentration of 

new development in these towns, especially in tributary regions, is expected to contribute to 

heightened water demand corresponding to population and development growth. 

We also found variable development patterns at the intake locations. Notably, at some 

DWI facilities with large percent increases in sediment and nutrient load and concentration, 

development occurred far upstream of the intake location. For example, the drainage area of 

DWI 3 comprises 6 tributary subbasins with the majority of new development projected in the 

uppermost subbasins, not necessarily in the subbasin that actually contains the location of DWI3. 

While stream networks are inherently cumulative, landscape features and in-stream processes 

can diminish the effect of upstream changes on downstream water quality (Erdozain et al., 2021). 

Therefore, our findings suggest that upstream development in tributaries of the MC can 

substantially impact downstream water quality due to tributaries having less capacity to mitigate 

effects. 

3.4.3 Land Cover Change and Water Quality  

The subbasins with the highest percent increases in TSS, TN, and TP load and 

concentration in the future scenarios ï subbasins 140, 151, and 174 ï were exclusively located 

within the tributary regions of the watershed. Additionally, among all DWI facilities, those 

situated within tributaries, specifically DWI 5, 6, and 11, also showed the most substantial gains 

in both load and concentration compared to locations on the mainstem. While we did not 

discover a general development threshold that consistently predicted increases in water quality 

load and concentration across all 206 subbasins in the watershed, we did find similar 

development patterns among subbasins 140, 151, 174, and DWI 5, 6, and 11. All of these 

locations were less than 10% developed and over 50% forested during the baseline. In the future 



   

114 

 

scenarios, development increased to over 10% and forest cover remained the majority land 

cover. However, even with a majority of forest cover, these areas still experienced the greatest 

increases in load and concentration relative to the entire watershed. This response might be 

attributed to the amount of impervious surface cover associated with the projected new 

development.  

The impervious surface cover thresholds within the model vary based on development 

type. We categorized all projected development as NLCD class 22 low-intensity, representing 

areas with a blend of constructed materials and vegetation typically associated with single-family 

housing units. This class is characterized by an average impervious surface cover of 35%. SWAT 

translates NLCD class 22 into ñurban medium developmentò, which has an impervious surface 

cover of 38%, suggesting that NLCD and SWAT classifications are closely aligned. While the 

tributary subbasins and DWI locations we identified all had total development exceeding 10%, 

this development comprised a mix of impervious surface covers. Existing literature indicates that 

impervious cover between 5-20% is the common threshold at which water quality and quantity 

degrade (Oudin, Salavati, Furusho-Percot, Ribstein, & Saadi, 2018; Ge Sun & Caldwell, 2015), 

although this threshold can be lower and dependent on watershed characteristics (Moltz, Palmer, 

& Smith, 2018). Therefore, while we found that high load and concentration increases are linked 

to similar development patterns, we need to further analyze the amount of associated impervious 

surface cover to identify potential thresholds. Our finding that tributary areas experienced the 

largest gains in load and concentration is significant as these areas encompass headwater 

streams, which require thoughtful management practices based on their sensitivity to land cover 

changes (Gomi, Sidle, & Richardson, 2002).  
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3.4.4 Implications for water resources management 

The magnitude of change within tributary subbasins could be problematic for 

management, as these areas exert an outsized effect on downstream water resources. Tributaries, 

and the headwaters they contain, connect the land and catchment processes, underscoring their 

invaluable role in hydrologic connectivity (Fritz et al., 2018) and subsequently, their substantial 

effect on downstream water quality and quantity. First-order headwater streams can contribute 

about 70% of the mean annual water volume and 65% of the nitrogen flux to second-order 

streams, with this influence continuing, though diminished, into fourth-order and higher streams 

(Alexander, Boyer, Smith, Schwarz, & Moore, 2007). The considerable role headwaters play in 

sediment and nutrient transport could pose an issue for DWI facilities on tributaries, as these 

regions have high connectivity with headwater areas, and smaller facilities might have less 

resources to manage for water quality degradation.  

Our findings indicate that sediment, nitrogen, and phosphorus loads, as well as sediment 

and nitrogen concentrations, are likely to surge at all DWI locations ï except for locations 4 and 

7 where forest cover expanded ï with the largest gains at DWI facilities on tributaries. The 

response in these locations could be explained by the fact that most new development is 

concentrated in headwater and tributary areas, which are prone to new development due to lack 

of legal protection (Roy, Dybas, Fritz, & Lubbers, 2009) which threatens the ecosystem services 

they provide to downstream regions (Biggs, Von Fumetti, & Kelly-Quinn, 2017). We found 

numerous instances of new development emerging in rural areas within tributary subbasins 

across the watershed. Consequently, there is a compelling case for water resource managers to 

prioritize source water protection in tributary areas to improve water quality within the MC 

watershed and enhance the resilience of public water systems. 
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Increased sediment and nutrient levels at most of the DWI facilities is especially 

significant given the recent update in transboundary water management of the MC between 

Alabama and Georgia. In December 2023 the two states reached a landmark decision with the 

U.S. Army Corps of Engineers to maintain a minimum flow threshold at USGS gage 02341460 

in Columbus, GA (Nolin, 2023). As per the agreement, sustaining minimum flows in Columbus 

will balance meeting Atlanta water demand without jeopardizing downstream availability. Our 

7Q10 flow analysis revealed that the most extreme minimum flows might be lower in the future, 

posing a challenge for the minimum flow threshold in Columbus. While we also found a general 

increase in low flow and high flow levels throughout the watershed under the land cover change 

scenarios, this augmented water availability is accompanied by increased water quality 

degradation, which could drive clean water scarcity (Boretti & Rosa, 2019; Nature-Based 

Solutions for Water, 2018). Maintaining and increasing the hydrologic connectivity within an 

urban system might lower the impact of imperviousness on stream health (Baruch et al., 2018) 

and alleviate upstream-downstream water disputes, particularly across a heterogeneous landscape 

(Duan et al., 2019). Our findings indicate that managers might foster hydrologic connectivity and 

potentially lessen clean water scarcity by prioritizing forest protection throughout the watershed. 

Specifically, our synthesis of the three tributary subbasins and three tributary DWI locations 

reveals that development thresholds below 10% and forest cover between 60-80% in headwater 

and tributary areas is a potential range in which to safeguard water quality; however, this is 

dependent on the amount of impervious surface cover associated with the development. The 

results from this research underscore the importance of tributary areas, contribute knowledge of 

water-related ecosystem services provided by forests, and create a foundation for which water 

managers can enact actionable science.  
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Our findings lay the groundwork for water resource managers to promote forest 

protection through initiatives such as exploring payment for ecosystem services, engaging with 

private landowners, and implementing smart infrastructure solutions. Payments for forest 

ecosystem services might be a feasible option in the MC, as they are already happening at high 

levels on private forestland in the Southeast (Frey, Kallayanamitra, Wilkens, & James, 2021). 

Within the tributary areas we identified, forest cover threatened by development can be cross-

referenced with the opportunity costs for landowner compensation, helping managers target 

protection efforts in areas associated with lower costs (de Souza, Dupas, & da Silva, 2021). As 

the majority of forest cover within the Southeast is private (Sass, Butler, & Markowski-Lindsay, 

2020), landowner outreach might be crucial to successfully implementing forest protection 

programs (Ma, Butler, Kittredge, & Catanzaro, 2012). Lastly, more strategic development 

patterns and infrastructure might help attenuate water demand within the region. We found that 

new development near the large cities of Atlanta and Columbus is projected to occur as urban 

sprawl. However, higher density development and urban infill may actually promote water-

efficiency and reduce overall water demand (Moravej, Renouf, Kenway, & Urich, 2022; Sanchez 

et al., 2020). Our findings can further be used in ongoing research that advances the science and 

management of source water protection.  

3.4.5 Future research applications 

The results from the land cover change scenarios could be used alongside economic 

models to evaluate drinking water treatment costs linked to forest cover loss. Additionally, they 

could be combined with survey data to locate areas where landowners are receptive to 

conservation measures like easements or payments for ecosystem services. The SWAT model 

could be run to assess the effectiveness of natural infrastructure, such as riparian buffers, in 
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mitigating development impacts on water quality and quantity amid forest cover loss. Finally, the 

model could also be run to include climate change scenarios.   

Integrating SWAT land cover change results with economic models is a strategy to 

incentivize source water protection. Coupled hydro-economic models have been used to optimize 

water allocation between different users (Baker et al., 2021) and determine payments for water-

related ecosystem services (Garcia Prats, del Campo, & Pulido Velazquez, 2016). These models 

have also been employed to calculate avoided treatment costs associated with forest cover 

retention (Calder, 2007; Fiquepron et al., 2013; R. I. McDonald et al., 2016; J. I. Price & 

Heberling, 2018; Warziniack et al., 2017). Therefore, the results from our SWAT land cover 

change scenarios could be integrated into an economic valuation framework to assess treatment 

costs related to the increased sediment and nutrient loading at the 15 DWI facilities. 

Engaging and garnering support from private landowners might be a critical factor 

towards initiating source water protection on private forestlands. Private forestlands in the 

Southeast represent the most important water source (Liu et al., 2021) and are also the most 

vulnerable to forest conversion to development (RPA, 2023). Although there is increasing public 

support in the SE for managing private forestlands for ecosystem service provisioning, current 

government programs and policies fall short in helping landowners to meet this demand (Kreye, 

Rimsaite, & Adams, 2019). Moreover, private landowners express a preference for policies that 

empower them, such as assistance programs, as opposed to regulatory policies (Kreye et al., 

2019). This suggests that a participatory management approach could be an advantageous 

strategy in source water protection. Similar approaches have had success in the Chesapeake Bay 

Watershed, where multiple local and government conservation programs have supported 

agricultural landowners in reducing nitrogen and sediment loading, restoring wetlands, and 
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implementing riparian buffers (USDA, 2022). Therefore, our model results could be paired with 

landowner survey and interview data to determine the feasibility of applying similar programs 

within the MC watershed and targeting specific parcels for source water protection. A potential 

outcome of this outreach could be the involvement of minority landowners within the 

management process. These landowners often cherish their land for its generational ties but may 

not receive substantial economic returns from it (Schelhas et al., 2017). 

Our SWAT model can be tailored to evaluate the effectiveness of natural infrastructure 

on both water quality and quantity. In instances where the cost of forest restoration or 

conservation outweighs the savings in drinking water treatment (Calder, 2007; R. McDonald & 

Shemie, 2014), opting for nature-based solutions could be a more feasible and cost-effective 

alternative while still safeguarding water resources. SWAT has been successfully employed to 

analyze the influence of riparian buffers (Gay et al., 2023; Knouft et al., 2021), restored wetlands 

(Kurki-Fox et al., 2022), and various management practices (de Freitas et al., 2022) on water 

resources. Therefore, our model can be used to assess the optimal nature-based solution(s) for 

protecting water resources when large-scale forest retention is not feasible or cost-effective. 

Coupled climate and development change are driving hydrologic extremes in the SE. Some 

water-rich watersheds in the region are becoming drier because of shifting precipitation patterns 

(Li & Quiring, 2021) while others are experiencing an increase in the frequency and intensity of 

flash flooding (Alipour et al., 2020). Therefore, our model results could be more robust if land 

cover change scenarios were also paired with climate scenarios, to identify how shifting 

precipitation and temperature patterns drive changes in water quality and quantity.  
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3.5.6 Limitations  

We added 23 point sources to the watershed, which affect nutrient loads and 

concentrations. Nutrient loads from point sources are directly discharged into the channel 

network, bypassing any land-based processes that may otherwise mitigate their effects. We 

included TN load in the point source files as nitrate, which has high mobility and could 

accumulate downstream, resulting in elevated nitrogen loads and concentrations. However, the 

percent bias from calibration suggests that nitrogen might be underestimated within the model, 

potentially minimizing the impact of point sources. 

Our findings indicate a nuanced relationship between TP load and concentration, 

influenced by factors such as point source discharges, land management practices, and in-stream 

processes. Phosphorus load in the observed point source data was added as mineral P, which 

might be more bioavailable in water compared to organic P. The hypothetical land cover 

sensitivity scenarios showed a larger response in mean annual TP load. However, this response 

could be linked to the type of development used in those scenarios.  

Projected development in the HAD/MRI scenarios was classified as low-intensity 

development (NLCD code 22) whereas development in the ñfully developedò hypothetical 

scenario was classified as medium-intensity development (NLCD code 23). Low-intensity 

development corresponds to the SWAT classification URMD, which has 38% impervious cover. 

Comparatively, medium-intensity development corresponds to SWAT classification URHD, 

which has 60% impervious cover. The amount of phosphorus concentration that gets washed 

over impervious cover therefore differs between these two scenarios. We also retained default 

SWAT fertilizer applications between all scenarios, which applies nitrogen to 1% of a developed 

or agriculture HRU when nitrogen stress is reached but does not apply phosphorus. Therefore, 
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the differences in development classes and fertilizer management could explain why nitrogen 

was more sensitive to land cover change compared to phosphorus. Future research could 

investigate typical fertilizer types and application rates on developed lands to provide a more 

realistic approximation for the impacts of developed land on nutrient loading.  

We had to make some assumptions about the projected land cover. We rescaled the SSP 

projections from 90 m to 30 m, reclassified RPA classes to NLCD classes, and overlaid the RPA 

projections on the 2016 NLCD. As a result, there may be minor differences between the 2011 

NLCD used for model calibration and the 2020 basemap used as the baseline scenario in future 

projections. We categorized all new development as "low intensity," which may be a 

conservative estimate, and classified new forest cover as "mixed use," potentially impacting 

results due to how SWAT models mixed use, deciduous, and evergreen forest types. Lastly, 

HRUs within a subbasin are not spatially connected in SWAT, as processes are modeled within 

HRUs and then aggregated to the subbasin level. Therefore, SWAT does not consider the spatial 

location of forest cover within a subbasin. 

3.5 Conclusions 

This study aimed to enhance our understanding of the contribution of current forest cover 

to source water protection and evaluate the impacts of future forest loss on water quality and 

quantity in a rapidly developing watershed with water allocation challenges. We found that 

substantial increases in load and concentration are associated with similar development patterns, 

but these responses likely depend on development intensity and impervious surface cover. We 

also found that phosphorus was not as sensitive to land cover changes, which might be attributed 

to default land management practices. Despite these nuances, we found that sediment, nitrogen, 

and phosphorus loads, as well as sediment and nitrogen concentrations, will surge at most 
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drinking water intake facilities, with the largest gains at facilities on tributaries. These findings 

provide water resource managers with insights to promote forest protection initiatives, including 

exploring payment for ecosystem services, engaging private landowners, and implementing 

smart infrastructure solutions. Our results contribute to the understanding of water-related 

ecosystem services provided by forest cover and highlight areas in the watershed that can be 

prioritized for source water protection. These efforts could bolster the resilience of drinking 

water supplies in a region experiencing significant shifts in water resources. 
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Figure 3.1 Middle Chattahoochee study area with the 2011 NLCD showing point source and 

calibration point locations   



   

124 

 

 

Figure 3.2 Daily and monthly simulated vs observed streamflow during the calibration and 

validation periods. 
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Figure 3.3 Daily and monthly simulated vs observed total suspended sediment during the 

calibration and validation periods. 
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Figure 3.4 Daily and monthly simulated vs observed total nitrogen during the calibration and 

validation periods. 
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Figure 3.5 Daily and monthly simulated vs observed total phosphorus during the calibration and 

validation periods. 
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Figure 3.6 BASE20 Mean Annual Water Balance Components  
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Figure 3.7 Mean annual sediment and nutrient yields during BASE20. 
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Figure 3.8 Mean annual total sediment load across the sensitivity scenarios. 
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Figure 3.9 Mean annual total nitrogen load across the sensitivity scenarios. 
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Figure 3.10 Mean annual total phosphorus load across the sensitivity scenarios. 
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Figure 3.11 a) mean annual water yield and b) mean annual ET percent change from the fully-forested to fully-developed scenarios. 

Note subbasin 134 is 0.054 km2 in size and located in the middle of Lake Harding, which is classified as NLCD 11 open water. 

Therefore, land cover, water yield, and ET did not change in this subbasin.   
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Figure 3.12 Percent change in development from BASE20 to future scenarios. Percent change in calculated based on new 

development. For example, DWI 5, 6, 7, and 11 had over a 100% increase in new development from 2020 to 2070.   
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Figure 3.13 Percent change in forest cover from BASE20 to future scenarios. These percentages represent the total forest lost 

upstream of each intake, which includes all NLCD forest classifications: 41 deciduous, 42 evergreen, and 43 mixed forest.  
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Figure 3.14 BASE20 mean annual sediment load along with HAD/MRI percent change in load. 
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Figure 3.15 Percent change in mean annual TSS load from BASE20 at the drinking water intakes. 
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Figure 3.16 BASE20 mean annual sediment concentration along with HAD/MRI percent change in concentration 

  




























