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Section I: Introduction  

Water is one of the most valuable natural resources on Earth and is essential for all species and 

ecosystems. Of all water on earth, about 97.5% is saltwater, and the remaining 2.5% is freshwater (Brears, 

2017). Surface water is water found in rivers, lakes, and streams and makes up 0.3% of available freshwater. 

Groundwater is the water stored underground in soils, rocks, and aquifers, making up 29.7% of freshwater. 

Freshwater resources are primarily extracted from surface water and groundwater to be used for drinking, 

energy, irrigation, domestic or industrial activity (Dieter et al., 2018). In the U.S., freshwater makes up about 

87% of the total water extracted for societal use, and 70% of this water is sourced from surface waters (Dieter et 

al., 2018). The hydrologic cycle transports water through the earth’s surface and atmosphere, supplying water 

resources for the population and ecosystems. Precipitation replenishes surface water and groundwater, where 

stormwater infiltrates into the soil or migrates to nearby waterbodies. Anthropogenic land use and human 

activity directly influence the hydrology of an area, which further affects the quantity and quality of water 

available. Freshwater has limited availability; therefore, it is crucial to protect the water resources currently 

available.  

One of the examples of human activity that interferes with our water resources by altering natural 

hydrology and introducing new physical, chemical, and biological properties into the environment is 

urbanization (Hibbs and Sharp, 2012). Through urbanization, an area becomes more developed for industrial, 

commercial, transportation, and residential uses. This development replaces the natural landscape with 

impervious surfaces, solid materials used for highways, sidewalks, parking lots, and buildings. These 

developments alter natural hydrological processes and lead to water quantity problems (e.g., urban flooding). 

Additionally, urban areas accumulate higher concentrations of pollutants due to increased human activities 

leading to water pollution (e.g., elevated bacteria concentrations) in urban and peri-urban water resources. In the 

U.S., 13% of measured rivers, 18% of lakes, and 32% of estuaries have been classified as ‘impaired’ in water 

quality standards due to stormflow carrying and discharging pollutants (Jaber, 2015).  
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The global population will increase from 7.8 billion in 2020 to 9.7 billion in 2050, growing global 

water demand by 55% (United Nations, 2019). In addition, by 2050, projections show that about 68% of the 

population will reside in urban areas, which is a 13% increase from 2018 urban residence (United Nations, 

2019). This urban population growth will increase the demand for urban space, with projections showing more 

than a tripling of urban land cover by 2050 (United Nations, 2019). These characteristics of urbanization can 

impose negative consequences on the water in urban and peri-urban watersheds (Roser, 2020). Therefore, for 

the sustainable management of water resources and improving water quality, there is a need for problem-solving 

strategies that address urban water challenges.  

Section II: Background 

 A drainage basin or watershed is an area where precipitation that falls evaporates, infiltrates, or 

flows overland, ultimately reaching streams and discharging to water bodies. Water exists in all phases within a 

drainage basin through the hydrologic cycle (Fig. 1), which can also occur at a watershed scale. During a 

precipitation event over a natural landscape, rainfall is intercepted by vegetation, evaporates to the atmosphere, 

enters water bodies, or falls on the land surface. On the land surface, stormwater can take various pathways: 

infiltrates to become soil moisture, infiltrates to be absorbed by plants,  infiltrates deeper into the subsurface, 

resupplying groundwater and aquifers, or runs over the land as surface runoff to accumulate in surface water 

bodies (Brears, 2017). The infiltrating stormwater may also flow laterally in the subsurface, typically 

discharging to nearby streams and rivers as baseflow. Surface runoff, also known as stormflow or overland 

flow, is the excess stormwater that flows along the land surface into nearby water bodies. The joint baseflow 

and stormflow make up the total streamflow, which is the total volume of water discharged into the surface 

water body. After a storm event, the maximum streamflow in an area during the storm duration is known as the 

peak flow. Streamflow carries varying amounts of nutrients, sediments, bacteria, and other materials along with 

it (Brears, 2017). 
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Figure 1. Hydrologic cycle in a watershed 

Natural and anthropogenic conditions have an influence on the processes and quality of the hydrologic 

cycle. Natural conditions include temperature, land cover, vegetation, and the physical and chemical 

composition of soils. For example, higher temperature increases the rate of evaporation, eventually leading to 

more precipitation (Brears, 2017). Additionally, anthropogenic activities intrude on the earth’s natural systems 

by altering surface temperature, land, and vegetation cover and by introducing or altering biological, physical, 

and chemical properties to the system (Hibbs and Sharp, 2012). Studies have shown that human-induced 

climate change, land degradation, industrialization, intensive agriculture, and urbanization have 

disproportionately changed global hydrological regimes (Akhter and Hewa, 2016; Hagemann et al., 2013; Hibbs 

and Sharp, 2012; Renner et al., 2014) 

Urban areas can often be characterized by high population densities, impervious land cover and 

infrastructure, and various human activities; however, these are characteristics that alter the hydrology and 

water quality for an area (Liu et al., 2016). Urban areas have infrastructure developments for industrial, 

commercial, transportation, and residential purposes that alter the physical landscape by replacing native 

vegetation and land cover with impervious surfaces (e.g., concrete surfaces, buildings) (Hibbs and Sharp, 2012; 

Nguyen et al., 2019). Impervious surfaces limit stormwater’s access to vegetated areas, where infiltration would 

naturally occur. Consequently, the stormwater accumulates on the impervious surfaces, resulting in high water 

volumes on the surface and increased stormflow (Caldwell et al., 2012; Liu et al., 2016). Additionally, the lack 
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of vegetation decreases rainfall interception by plants, resulting in larger volumes of stormwater reaching the 

land surface at a faster rate (Houng Li et al., 2009). Generally, 40% of stormwater evaporates in natural 

landscapes, about 50% infiltrates, and 10% remains as stormflow, which is discharged to nearby surface waters, 

contributing to total streamflow (Arnold and Gibbons, 1996; Brears, 2017). However, impervious cover 

interferes with these processes and alters the distribution of stormwater (Liu et al., 2016). In areas with 75-

100% impervious cover, about 30% of precipitation evaporates, while only 15% of the stormwater can infiltrate 

the ground and 55% becomes stormflow (Arnold and Gibbons, 1996; Brears, 2017). The lower infiltration rate 

and higher stormflow in urban areas lead to excess stormflow and reduced groundwater recharge (Hibbs and 

Sharp, 2012; Liu et al., 2016). Studies have shown that higher impervious surface coverage can increase 

flooding volumes up to 162%, large-scale floods by 100%, and the occurrence of small-scale floods by 200% 

(Konrad, 2016; Shiqiang Du, 2015). One study in the San Antonio and Guadalupe River Basin found increased 

impervious cover from urbanization increased flood peaks from 3% to 30% (Shao et al., 2020).  Hu and 

Shrestha (2020) did a modeling study for a watershed in St. Louis, Missouri, where they found that the 11.21% 

increase in impervious cover resulted in a 126 - 176% increase in peak discharge from storm events (Hu and 

Shrestha, 2020). Additionally, Shiqiang Du, et. al (2015) found that 63% increase in impervious surface 

coverage in a watershed in Shenzhen, China increased peak discharge and flood volume by 140-162% 

(Shiqiang Du, 2015). In addition to the increased frequency and intensity of flood events, the excess 

accumulation of stormwater in urban areas may degrade surrounding habitat, land, and community through high 

erosion and infrastructure damage (EPA, 2019). 

Urbanization also introduces high concentrations of both point and nonpoint source pollutants that can 

be transported to surface water through stormflow and result in water quality impairments (Hibbs and Sharp, 

2012; Osman et al., 2019). Point source pollutants can be traced to a specific location, such as industrial wastes, 

landfills, storage tanks, and factories where they can be monitored (Brears, 2017). Nonpoint source pollutants, 

the most common urban polluter, are released from various sources, making it difficult to track to a specific 

location and challenging to monitor and control (Brears, 2017). Common urban pollutants that result from lawn 

fertilizers, pet and yard wastes, sewage systems, wastewater, and construction and transportation activities 

include bacteria and pathogens, nitrogen (N), phosphorous (P), bacteria, oil, grease, sediments, and heavy 

metals (Hibbs and Sharp, 2012; Hobbie et al., 2017; Jaber, 2015; Lian et al., 2019; Liu et al., 2016). These 

pollutants adhere to and build up on impervious surfaces (Rezaei et al., 2019). After a storm event, stormflow 
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washes off these built-up pollutants, discharging them into neighboring water bodies (Brears, 2017). Thus, high 

stormflow volumes in urban areas where pollutants often accumulate at higher concentrations can transport and 

increase pollutant concentrations in surface water. Therefore, stormflow is one of the leading causes of water 

quality impairments in many developed regions, including the U.S., Australia, and European nations (Arnold 

and Gibbons, 1996; EPA, 2019; Levin et al., 2002; Pistocchi, 2020; Sidhu et al., 2013). 

According to the U.S. EPA, about 55% of all the assessed rivers and streams in the U.S. are classified 

as impaired (U.S. EPA, 2017) caused primarily by pathogens, sediment, and nutrients such as N and P. 

Pathogens are bacteria including fecal coliform, which can be sourced from human effluent, pet, wildlife, or 

livestock waste. Exposure to pathogenic bacteria can cause disease or illness and threaten public health 

(Hathaway et al., 2009; U.S. EPA, 2017). Pathogenic pollution is the leading cause of water quality 

impairments, polluting about 17% of the miles from assessed rivers and streams (EPA, 2017a). Of the types of 

pathogen fecal coliforms, Escherichia coli (E. coli) is the primary pollutant, causing impairments to 10% of the 

assessed rivers and streams in the U.S. (EPA, 2017a). When a water body tests positive for E. coli, this may 

indicate that the water body has fecal contamination, generally sourced from sewage effluent or animal waste. 

In urban and semi-urban watersheds, sewage and waste can be a major influence on water quality. One 

way in which sewage can reach water bodies is through sanitary sewer overflows (SSOs) caused by high 

stormflow volumes and flood waters. SSOs occur when stormwater fills sewage systems, causing a mixture of 

storm and sewage water to overflow onto impervious surfaces and subsequently be transported to the 

neighboring water bodies (Levin et al., 2002; Liu et al., 2015; Rezaei et al., 2019). Another route is through the 

failing of septic systems, which are types of on-site sewage facilities, found in about 25% of U.S. homes, with 

some southern states (North Carolina, South Carolina, Georgia, Alabama) having an average between 37-48% 

(Ahmed et al., 2005; Sowah et al., 2017; Withers et al., 2014). Generally placed underground, these systems are 

designed to treat effluent where the liquids are released and infiltrated into the soil and can be absorbed by 

plants or recharge groundwater. When septic systems are properly placed, constructed, and maintained, they 

successfully remove about 70% to 90% of pollutants (Withers et al., 2014). However, septic systems can release 

contaminants that are not removed by the system when improperly installed and poorly maintained. When there 

is a failing septic system, the untreated wastewater can release nutrients and bacteria (E. coli) into groundwater 

or surface water from stormflow transport (Hoff et al., 2018; Sowah et al., 2017). Septic system failures usually 

result from various factors including, system age, improper and dense placement, extensive hydraulic or organic 
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loadings, soil conditions, infrastructure damage, or poor maintenance (EPA, 2005; Hoff et al., 2018; Sowah et 

al., 2017; Withers et al., 2014). Additionally, failures can go unnoticed for some time due to the lack of 

regulation (Withers et al., 2014). According to the U.S. EPA, the septic system failure rate is up to 25%, with 

some states reaching even higher rates (EPA, 2005). Failure rate estimations for states have been as high as 50-

70% in Minnesota and as low as 0.4% in Wyoming (U.S. EPA, 2002). Generally, counties in the U.S. report 

about 11% or 12% failure rate (Hoff et al., 2018; Withers et al., 2014). 

Governments have developed strategies and enforced regulations in many countries about urban 

stormwater to address water problems (Bell et al., 2020; Saraswat et al., 2016). Regulatory programs like 

stormwater management, impervious surface limits, National Combined Sewer Overflow Control Strategy and 

the Clean Water Act (CWA) attempt to minimize pollution, stormwater issues, and the depletion of water in the 

U.S. These policies and programs address water issues and decrease the effects that human activity, like 

urbanization, has on the environment. The enforcement of these regulatory programs generated technologies, 

infrastructure, and management strategies, including green infrastructure (GI) practices to enhance water and 

environmental protection, allowing nations to grow, urbanize and evolve more sustainably. 

GI practices are mitigation strategies that can be used in stormwater management projects and urban design to 

manage the implications of wet weather events (EPA, 2019). GI practices are also known as best management 

practices (BMPs) or low-impact developments (LIDs). The primary goal of GI practices is to control 

stormwater and pollution directly at the source by collecting stormwater and enhancing hydrologic processes, 

such as infiltration, evaporation, and groundwater recharge (EPA, 2019; Wen Liu, 2014). A variety of GI 

practices have been studied and implemented to reduce surface stormflow, discharge, and pollutant 

concentrations (Table 1) (EPA, 2017b). 
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Table 1. Green Infrastructure (GI) types and definitions as reported by NCCOG and the EPA (EPA, 2019; NCTCOG, 2021). 

GI Category GI Definitions Image Description 

Rainwater 

Harvesting 

Rainfall collection and storage system, 

allowing for water collection and re-use. 

 

(NCTCOG, 2021) 

Detention/retention 

Basins 

Area that stores storm runoff and 

promotes infiltration and aquifer 

recharge 

 

(NCTCOG, 2021) 

Rain Gardens or 

Bioretention Cells 

Shallow, vegetated basins installed in 

unpaved areas to collect and absorb 

runoff from impervious surfaces. 

 

(EPA, 2019) 

Permeable 

Pavements 

Pavements constructed with porous 

openings that allow stormwater to pass 

through to reach a storage area or the 

natural surface. 

 

(EPA, 2019) 
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Green Roofs Vegetated-covered roofs 

 

(EPA, 2019) 

Bioswales or 

vegetated filter 

strips 

Vegetated, mulched, or landscaped 

channels, which collect and transport 

stormwater. 

 

(EPA, 2019) 

Sand Filters Filters that infiltrate through a sand 

medium to remove trash and other 

pollutants. 

 

(NCTCOG, 2021) 

Constructed 

Wetlands 

Mimic of a natural wetland to capture 

and filter stormwater, while creating a 

habitat. 

 

(NCTCOG, 2021) 

 

  



 
 

9 

 

Studies have evaluated the use and benefits of GI practices in stormwater management projects. A 

study evaluating the inflows and outflows of surface stormflow from an installed bioretention cell, found 

localized reductions in stormflow and peak flows by 97% and cumulative pollutant removals (total sediment, N, 

and P) by 99% (Debusk and Wynn, 2011). When studying green roofs implemented in Portland, Oregon, 

Konrad (2009) found that they effectively reduced stormflow volumes by 56 - 64% (Kurtz, 2009). Furthermore, 

Hathaway et al. (2009) found that bioretention cells could reduce fecal coliform and E. coli concentrations by 

89% and 92%, respectively (Hathaway et al., 2009). These studies demonstrate the effectiveness of individual 

GI practices within an area; however, combining multiple types of GI practices over a larger area can further 

reduce water quantity and contaminants. Zhang et al. (2019) estimated the potential effects of GI combinations 

by modeling a watershed and placing various GI practices throughout the study area. By modeling bioretention 

basins, infiltration trenches, porous pavements, and rainwater harvesting systems, the results found an average 

of 66% reductions in surface stormflow and 80% pollutant (N, P, sediment) reductions (Zhang et al., 2019).  

When planning for GI practices, decision-makers need to understand an area’s natural land cover and 

societal uses, such as topography, hydrology, soil, land use, surrounding infrastructure, population, etc. 

(Haifeng Jia et al., 2015). Additionally, it is vital to understand the GI practices and goals for water quantity and 

quality. Studies on maximizing the capabilities of GI practices highlight three factors to consider when 

planning: 1) spatial coverage, 2) the placement and distribution, and 3) the hydrologic properties of the GI 

practice (Fiori and Volpi, 2020; Fry and Maxwell, 2017). When a given area has more spatial coverage of GI 

practices there is more storage and infiltration; therefore, it can control high volumes of rainfall. By selecting 

optimal locations (placement and distributions), they can identify critical areas of concern where the GI 

practices can be effective (Di Matteo et al., 2017; Liu et al., 2017; Martin-Mikle et al., 2015). Identifying these 

locations includes assessing topography, groundwater depth, land use types, impervious cover, and locality to 

neighboring water bodies (Eaton, 2018; Saadat Foomani and Malekmohammadi, 2019). Fry, et al. (2017) 

compared rain gardens located along roads versus in residential lawns, where they found that road-side rain 

gardens reduced peak flows and stormflow by 8.58%, increased storage by 124.97%, and increased infiltration 

by 1.96% as compared to lawn gardens (Fry and Maxwell, 2017). Lastly, the hydrologic properties of the GI 

practices are crucial to meet the desired goals and can also play a role in their effectiveness during intense or 

mild storm events (Bai et al., 2018). The GI practices may not be as effective for all storm events; the intensity 

and duration of the rainfall may impact how much stormflow is collected (Bai et al., 2018; Fiori and Volpi, 
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2020; Zhang et al., 2019). To ensure that the GI will tackle the desired goals, tests and simulations can measure 

the efficiency of the GI practices.  

Hydrological modeling is one way to perform these tests. Modeling tools are a representation of a 

natural system and can show hydrologic responses under various conditions. A model can be developed by 

inputting different data, demonstrating the physical and hydrologic conditions of a given area and the GI 

practices. A developed model can simulate climate scenarios and output estimates of the water quantity and 

quality under given scenarios or periods. Adding GI modules into the model under the same climatic conditions 

can estimate the effects of GI practices on water quantity and quality. A wide variety of hydrologic models can 

perform these tests. The Soil and Water Assessment Tool (SWAT) can estimate how changes to climate and 

land affect water resources in a watershed system. It has been used globally to model catchment systems, 

providing streamflow and non-point source pollution forecasting with various types of watersheds (Nguyen et 

al., 2018). The development of SWAT was originally for agricultural studies; however, studies are adapting the 

model to urban areas to quantify changes in water quantity and quality from GI practices. Nguyen, Recknagel, 

& Meyer (2018) used the SWAT to assess GI practices in an urban watershed and demonstrated that the 

combined implementation of buffer zones, constructed wetlands, and stabilized riverbanks could help control 

streamflow and the total P concentrations in the watershed (Nguyen et al., 2018). 

As the population and urban development continue to grow, our water resources are at risk. Urban 

development, along with the demand for freshwater resources, will continue with the growing population. 

Therefore, it is crucial for society to develop sustainably by implementing new urban designs and management 

strategies, like GI practices, to reduce adverse effects on our water resources. Using hydrologic modeling tools 

for GI implementation and watershed protection, allowing stakeholders and researchers to make predictions and 

suggest solutions to urban water problems.  

This thesis research aims to assess how implementing GI practices can affect E. coli in an urban 

watershed from a hydrological modeling perspective. The study area for this research is the Village Creek 

watershed, located in the North Central Plains (NCP) region of Texas (TX).  

The NCP region of TX is experiencing changes to its water resources, urban growth trends, above-

average rainfall events, and water quality impairments. From 2015 to 2040, the population in this region is 

projected to increase from 7 million to 10 million, encouraging the demand for development, with forecasts 

showing a potential doubling of impervious land cover by 2050 (NCTCOG, 2016; TRA, 2008; VNT, 2010). 
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Additionally, the NCP region has been experiencing more intense storm events, with rainfall volumes 

increasing by 15-20% per event (NCTCOG, 2016).  In 2015, the region nearly doubled its annual average and 

received about 1,595 mm of rainfall, which caused flood damage to the area (NCTCOG, 2016). Furthermore, 

Texas, as a state, also has water quality impairment problems. About 42% of assessed rivers and streams are 

classified as impaired (EPA, 2017a). The primary cause of impairments is pathogenic bacteria, making up 

27.5% of assessed rivers and streams (EPA, 2017a).  

The Village Creek-Lake Arlington watershed is a 370 km2 watershed situated in the NCP region (Hoff, 

2019). Encompassing 28 river miles, the watershed stretches across Tarrant County and Johnson County, from 

Lake Arlington reservoir to Joshua, TX (Hoff, 2019). There are two primary urban areas encompassed in this 

watershed: Lake Arlington (north) and Burleson, TX (south). Lake Arlington is densely urbanized, located in 

the northern part of the watershed, and widely used for residential, recreation, and fishing purposes (Hoff, 

2019). As a primary fresh water source for surrounding industries and communities, Lake Arlington supplies 

drinking water to approximately 500,000 people (Hoff, 2019). Lake Arlington’s water supply originates from 

Village Creek, a northward-flowing tributary of the Trinity River (Fig. 2) (Hoff, 2019).  
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Figure 2. Study area, Village Creek watershed, located in north-central Texas region 

Village Creek (VC) is a sub-watershed situated in the southern region of the overarching Village 

Creek-Lake Arlington watershed (Fig. 2). It is a semi-urban watershed with other mixed land-use types. 

Burleson, TX, is the primary urban center in the watershed, making up most of the urban land cover in Figure 3. 

Burleson, along with other cities in the NCP, is estimated to have a high potential for urban growth (Hoff, 

2019). Based on the National Land Cover Database (NLCD) classification, all urban land cover types make up 

about ~30% of the watershed; this includes areas with a mixture of impervious and vegetated cover to areas that 

are 100% impervious cover (Fig. 3). Herbaceous land cover is another dominant land-use type, making up 30% 

of the watershed land use, including areas predominately covered with grass vegetation, which can be used for 

grazing and have minor maintenance. Additionally, the watershed consists of 27% forest and 12% agricultural 

land use for growing crops. The dominant soil type is hydrologic group D, which consists of more clay-like 

soils that contribute to lower infiltration rates and higher potential stormflow.  
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Figure 3. Land cover, soil hydrologic groups, and slope in the Village Creek watershed 

The VC watershed climate is humid subtropical, with average annual temperatures range from 7.5℃ to 

29.5℃ (Hoff, 2019). On average, the watershed receives about 907 mm of total precipitation annually (Hoff 

and Kipatrick, 2017a). However, in 2015 heavy storms well exceeded this average, bringing a record-breaking 

total annual precipitation of 1,600.3 mm. (Hoff, 2019; Hoff and Kipatrick, 2017a; NCTCOG, 2016). 

Specifically, April and May of 2015 had total monthly precipitation that drastically exceeded the average due to 

continuous storm events, resulting in extensive flood events and economic loss (Hoff, 2019; NCTCOG, 2016).  

The watershed has experienced water quality problems, to the extent that the Texas Commission on 

Environmental Quality (TCEQ) classified the river segments (Segment ID 0828A) as “impaired.” Since 2010, 

there have been elevated levels of E. Coli in various river segments of the watershed, with concentrations five 

times the standard set by TCEQ (Hoff and Kipatrick, 2017b). Potential sources of E. coli contamination include 

on-site sewage facilities (septic systems), livestock animals (cattle, sheep, goats, horses), wild deer populations, 

and domestic pets (cats, dogs) (Hoff and Kipatrick, 2017b; Hoff et al., 2018).  

E. coli is the primary pollutant of concern for VC (EPA, 2017a) due to high levels exceeding the 

TCEQ standards of 126 CFU/100mL. Sources for E. coli are associated with septic systems and animal manure. 

Septic systems are located throughout the watershed, with an estimated 6,257 in the urban and rural areas (Hoff 

et al., 2018). As previously discussed, there are various reasons septic systems can fail and release the effluent 

into the waterbodies, with accumulating bacteria and nutrients. Systems over 25 to 30 years old have a higher 

risk of failure due to system age and lack of maintenance of these systems; however, these are more difficult to 

find due to the lack of permitting (EPA, 2005; Hoff et al., 2018). Septic system failure rates in Texas are 
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estimated to range between 10-15% and can result in the surfacing of effluent and contamination of surface and 

groundwater (U.S. EPA, 2002). Additionally, livestock and wild animals are other primary pollution source in 

this watershed. Specifically, stormflow can carry the manure from the animals into the neighboring 

waterbodies. These animals included in this study are cattle, sheep, goats, horses, and wild deer.  

The water quality issues led to the development of the Village Creek – Lake Arlington Watershed 

Protection Plan (WPP). This WPP was implemented by the Trinity River Authority (TRA) to enhance the water 

quality in the watershed by identifying pollution sources, areas of concern and developing management 

strategies to eliminate the pollution. Given the watershed’s location, urban growth trend, and current water 

issues, the VC watershed serves as an ideal peri-urban watershed to model E. coli and estimate the potential 

benefits of GI implementation. 

Objectives 

This study estimates the benefits of implementing green infrastructure on water quality, specifically E. 

coli, in the Village Creek watershed. The question is, how can Village Creek reduce E. coli concentrations 

below the required TCEQ standards of 126 CFU/100mL? Using a SWAT model to represent the VC watershed, 

simulations will test how GI practices may reduce E. coli concentrations. The specific objectives include:   

1. Develop and calibrate a model of the VC watershed in SWAT to represent the current streamflow and 

E. coli conditions in the watershed. The calibrated model serves as a baseline scenario and will be used 

to compare other GI scenarios.  

2. Simulate scenarios of GI practices implemented in urban areas targeting E. coli reductions. The results 

may highlight the urban areas that are most effective for GI implementation to reduce E. coli 

concentrations. 

3. Analyze and compare the results from baseline and GI scenarios to understand the changes in E. coli 

concentrations. The results will estimate the usefulness of GI practices in the watershed.  

Section III. Methods 

To meet the objective of estimating the impact of urbanization on water quality (E. coli) in the VC 

watershed, the following three crucial steps were carried out: 1. Model Development, 2. Model Evaluation, and 

3. Model Application/scenario testing. Model development (step 1) includes collecting and analyzing input data 

to develop a model of the VC watershed using SWAT. Model evaluation (step 2) involves assessing the 
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performance of the VC watershed model to estimate streamflow and E. coli through model sensitivity analysis, 

calibration, and validation. Initially, the model is run “as-is” without any manipulation to evaluate the initial 

performance and identify the model’s sensitivity to the inputs and associated parameters. The sensitivity 

analysis test provides information on model behavior to understand the influence of model-related inputs and 

parameters on the outputs, as observed through various statistical calculations. An uncertainty analysis is used 

to test model error for understanding how the variability/uncertainty in model inputs may affect the confidence 

of the outputs.  The model calibration process helps identify parameters along with their associated range of 

values to produce a good fit between the observed and modeled data over a given simulation period. Then, the 

model validation process is used to test the model’s reliability by taking the calibrated model and running it for 

a different simulation period. In both calibration and validation periods, uncertainty analysis assesses the error 

or variability in the model performances. Model application (step 3) involves applying the model to answer the 

research question and running it under different scenarios. The scenarios in this research study include the 

implementation of the GI practices to estimated reductions in E. coli under those scenarios.  

1. Model Development 

Data Collection 

Various types of data were collected to construct and drive the VC watershed model (Table 2). By 

inputting elevation data, the model was able to delineate the VC watershed, create stream networks, divide the 

watershed into multiple sub-basins, and derive slope classes along with the associated topographic and 

geometric information. The information from land use/land cover, soil, and slope data were used to generate 

unique combinations of land, soil, and slope classes in each subbasin, called Hydrologic Response Units 

(HRUs). Watershed climate data (daily temperature and precipitation) drove the VC watershed model. Daily 

streamflow data were used to evaluate model sensitivity and perform model calibration and validation by 

comparing it with the modeled streamflow. Sources of bacteria such as domestic and wild animals and sewer 

systems were used to represent E. coli concentrations in the watershed. Also, the observed E. coli data were 

used to train the model for E. coli estimation. The observed E. coli data was obtained from the Texas 

Commission on Environmental Quality (TCEQ) surface water quality monitoring (SWQM) program. E. coli 

samples were collected and analyzed primarily by Trinity River Authority (TRA) of Texas following the TCEQ 

https://www80.tceq.texas.gov/SwqmisPublic/index.htm
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bacteriological sample collection procedure (TCEQ, 2012). Table 2 provides detailed information about these 

data.  

Table 2. Data used to develop the Village Creek Watershed model. The source (and hyperlink), resolution/general 

description, and the period of the data are included.  

Data Type Source Resolution/Description Time Period 

National Watershed 

Boundary Dataset 

United States Geological 

Survey (USGS) 

 

1:24,000 

 

2016 

Digital Elevation Model 

(DEM) 

United States Geological 

Survey (USGS) 

10 m (1/3 arc second) 2019  

Land Use Land Cover 

(LULC) (CONUS) 

National Land Cover 

Dataset (NLCD) – Multi 

Resolution Land 

Characteristics Consortium 

(MRLC) 

30 m  2016 

Soil – Tarrant and 

Johnson County 

Soil Survey Geographic 

Database (SSURGO) – 

United States Department 

of Agriculture (USDA) 

Web Soil Survey 

county level 2019 

Climate Data –

Precipitation (mm) 

Maximum Temperature 

(˚C) 

Minimum Temperature 

(˚C) 

PRISM Climate Group – 

Northwest Alliance for 

Computational Science and 

Engineering, Oregon State 

University 

Daily  January 1, 1981 – 

December 31, 2019 

Streamflow Discharge 

(f3/s) 

USGS - Water Data  

Station: USGS 08048970: 

Village Creek at Everman, 

TX 

Daily January 1, 1990 – 

December 31, 2019 

Water Quality  

Escherichia coli (E. 

coli) 

Texas Commission on 

Environmental Quality 

(TCEQ)- Surface Water 

Quality Monitoring 

Station ID: 10786 

48 samples collected at 

the TCEQ monitoring 

site ID 10786 and the 

USGS gauge 08048970 

2011 - 2019 

Septic System 

Locations 

Trinity River Authority 

(TRA)  

Heather Firn, Watershed 

Scientist III at TRA of 

Texas 

Contact: 

firnha@trinityra.org 

Several point locations 

within Johnson and 

Tarrant counties 

Point Data Compiled in 

2015 

Domestic Agricultural 

Animal Populations 

(cattle, sheep/lamb, 

horses) 

Census of Agriculture 

(USDA)  

County level  2017, 2012, 2007 

https://apps.nationalmap.gov/downloader/
https://apps.nationalmap.gov/downloader/
https://apps.nationalmap.gov/downloader/
https://apps.nationalmap.gov/downloader/
https://www.mrlc.gov/data?f%5B0%5D=category%3ALand%20Cover
https://www.mrlc.gov/data?f%5B0%5D=category%3ALand%20Cover
https://www.mrlc.gov/data?f%5B0%5D=category%3ALand%20Cover
https://www.mrlc.gov/data?f%5B0%5D=category%3ALand%20Cover
https://websoilsurvey.sc.egov.usda.gov/App/WebSoilSurvey.aspx
https://websoilsurvey.sc.egov.usda.gov/App/WebSoilSurvey.aspx
https://websoilsurvey.sc.egov.usda.gov/App/WebSoilSurvey.aspx
https://prism.oregonstate.edu/
https://prism.oregonstate.edu/
https://prism.oregonstate.edu/
https://prism.oregonstate.edu/
https://waterdata.usgs.gov/nwis/uv?site_no=08048970
https://waterdata.usgs.gov/nwis/uv?site_no=08048970
https://waterdata.usgs.gov/nwis/uv?site_no=08048970
https://waterdata.usgs.gov/nwis/uv?site_no=08048970
https://www80.tceq.texas.gov/SwqmisPublic/index.htm
https://www80.tceq.texas.gov/SwqmisPublic/index.htm
https://www80.tceq.texas.gov/SwqmisPublic/index.htm
https://www80.tceq.texas.gov/SwqmisPublic/index.htm
https://www80.tceq.texas.gov/SwqmisPublic/index.htm
https://www.nass.usda.gov/Publications/AgCensus/2017/Online_Resources/County_Profiles/Texas/
https://www.nass.usda.gov/Publications/AgCensus/2017/Online_Resources/County_Profiles/Texas/
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Cattle Stocking Rates Jacklyn Jones (Tarrant 

County) and Justin Taylor 

Hale (Johnson County), 

Agriculture & Natural 

Resources Extension 

Agents, Texas Agri-life 

extensions,   

Contact: 

Jacklyn.Jones@ag.tamu.edu 

justin.Hale@ag.tamu.edu 

County level Contacted in 2020 

 

Daily precipitation and temperature data were obtained from the PRISM Climate Group for five 

locations within the VC watershed (Fig. 2). These five stations cover the full extent of the watershed: station A 

in the North-West (NW) region, station B in the North-East (NE) region, station C in the South-West (SW) 

region, station D in South-East (SE) region, and station E in the middle (MID) region of the watershed (Fig. 2). 

Analysis of the daily temperature and precipitation data for the simulation period (2001 – 2019) provided 

insights into the varying climatic conditions (such as dry, wet, and average) of the VC watershed. 

Analysis of temperatures at daily, monthly, and annual scales provided insights into the temperature 

trends in VC. The temperatures were consistent across the watershed, having similar daily temperature averages 

and ranges between stations. The annual temperatures did not vary, as the average minimum and maximum 

temperatures were consistent between 2001 and 2019. On a monthly scale, the watershed reaches its maximum 

temperatures in August, with a daily average of 29.3˚C (Fig. 4). From 2001 to 2019, the average of all stations 

is 18.7˚C ranging between a low of 9.0˚C and a high of 35.9˚C in the VC watershed.  
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Figure 4. Average daily temperature from all five stations on a monthly scale 

The analysis of the cumulative annual precipitation at each station provided the spatial distribution of 

rainfall in the watershed (Fig. 5). The average yearly total precipitation in the watershed during the model 

simulation period (2001 – 2019) was 906.8 mm, with the lowest (434.7 mm) in 2005 and highest (1,600.3 mm) 

in 2015. Spatially, station D in the SE part of the watershed received the highest average precipitation between 

2001 and 2019, followed by station C (SW), station A (NW), station E (MID), and station B (NE). The spatial 

pattern shows some precipitation gradient within the watershed with larger quantities in the southern and 

western regions and decreasing in the north-eastern region. 
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Figure 5. Cumulative annual precipitation for five stations in the Village Creek watershed 

 Additionally, the average daily precipitation per month was used to find the wetter and drier periods of 

the year (Fig. 6). May (3.62 mm) and October (3.36 mm) received the highest daily averages over the 

simulation period. While July (1.67 mm) and December (1.74 mm) tend to experience the lowest daily 

precipitation averages. May has the largest precipitation ranges, with minimum daily precipitation of 1.51 mm 

and a maximum of 13.29 mm per day. August has the lowest amount of rainfall, at 2.83 mm. 
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Figure 6. Average daily precipitation at monthly scale in the Village Creek watershed 

Streamflow Measurement 

The streamflow data, collected at the USGS gauging station (USGS 08048970) for the model 

simulation years (2001 to 2019), represents the observed streamflow conditions in the watershed. Evaluating 

this data served as a basis to assess the performance of the VC model for calibration and validation. For the 

watershed, streamflow ranged from <0.5 m3/s to 179.96 m3/s, with an average observed daily discharge of 1.3 

m3/s (Fig. 7). On a monthly scale, the highest average daily flow was in May with 2.93 m3/s, followed by March 

with an average of 2.18 m3/s. December and August had the lowest streamflow volumes, 0.36 m3/s, and 0.70 

m3/s, respectively, owing to drier conditions in those months during the model simulation period. 
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Figure 7. Average daily streamflow for each month in the Village Creek Watershed. 

The observed streamflow was partitioned between the baseflow and stormflow using the recursive 

digital filter method available in the Web-Based Hydrograph Analysis Tool (WHAT) (Lim et al., 2005) to gain 

valuable insights into the VC watershed hydrology. This method produced an important indicator, called 

baseflow index (BFI), which is the ratio of the baseflow to streamflow for the VC watershed (eq. 1).  

𝑏𝑘 = [(1 − 𝐵𝐹𝐼𝑚𝑎𝑥) × 𝑎 × 𝑏𝑘−1 + (1 − 𝑎) × 𝐵𝐹𝐼𝑚𝑎𝑥 × 𝑦𝑘] ÷ (1 − 𝑎 × 𝐵𝐹𝐼𝑚𝑎𝑥) Equation 1 

Where, bk is the baseflow at time step k, bk-1 is the baseflow at time step k-1, yk is the total streamflow 

at time step k, BFImax is the baseflow index which is the ratio of baseflow to the total streamflow, and a is the 

filter parameter value.  

Analysis of the streamflow record between 2001 and 2019 estimated the baseflow index of 0.287; it 

means that about 28.7% of the streamflow in the VC watershed is comprised of baseflow (Fig. 8). The average 

observed streamflow, stormflow, and baseflow for the 2001 to 2019 period were 1.30 cm/s, 0.93 cm/s, and 0.37 

cm/s, respectively. The highest streamflow was recorded in 2015, consistent with the above-normal 

precipitation (Fig. 8) (NCTCOG, 2016). The 2015 average streamflow was 3.55 m3/s, with baseflow making up 

26.3% (0.93 m3/s) and the remaining flow consisting of stormflow (2.62 m3/s). The second-highest year was 

2007, in which the average streamflow, stormflow, and baseflow were 2.67 m3/s, 1.81 m3/s, and 0.86 m3/s, 

respectively. These streamflow records also correlate with the precipitation data, where 2007 was the year with 
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the second-largest volume of cumulative precipitation. The lowest streamflow years were 2014 and 2013. In 

2014, streamflow averaged about 0.25 m3/s, with an average baseflow of 0.07 m3/s and stormflow of 0.18 m3/s.  

 

Figure 8. Observed streamflow and the digital filter partitioned stormflow and baseflow in the Village Creek watershed 

Water Quality Measurement 

Observed E. coli data, the primary water quality concern for this research study, were obtained from 

Texas Commission on Environmental Quality (TCEQ). The stream gauge station, also the site for streamflow 

measurements, was the collection location of these data (Fig. 2). There were only 48 observations between 2011 

and 2019, ranging from one to 13 records each year (Figure 9). The reported unit of measurement for E. coli 

was the Most Probable Number per 100 mL (MPN/100mL), equivalent to the statistical probability of the 

colony-forming units per 100mL (CFU/100mL).  
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Figure 9. Observed E. coli count for the water quality monitoring station 10786: Village Creek at Rendon Road 

The TCEQ standard for E. coli is set to 126 CFU/ 100mL, and the average annual water quality 

measurements are above the standard for seven out of the ten years. Also, 24 out of 48 records exceeded the 

acceptable level between 2011 and 2019. The year with the highest E. coli concentrations was 2015, which is 

also the year with the highest streamflow discharge and average precipitation. There is a substantial decrease in 

the reported E. coli counts in 2017, 2018, and 2019 compared to the previous years (Fig. 9). According to 

Trinity River Authority representatives (Heather et al., personal communication, May 2021), there is no definite 

answer for this decline in E. coli concentrations; however, they provided two possible reasons. First, the decline 

was most likely due to a reduction in livestock activities, which would have limited the discharge of E. coli 

from their manure into the river networks. Secondly, there could have been potential repairs of broken or failed 

wastewater infrastructure in the watershed; however, no record of such activity is documented.  

Model Development 

The development of the VC watershed model included the following key steps: watershed delineation, 

hydrologic response unit (HRU) distribution, model input table creation, and model simulation. Watershed 

delineation used the DEM raster data to define the watershed boundary, an area of 232 km2, create stream 

networks, divide the watershed into 21 sub-basins, and derive the associated stream and topographic 

information (Fig. 10). The application of a 5.5 km2 threshold area limited the number of sub-basins to closely 
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mimic the number of HUC-12 sub-watersheds within the VC watershed. The USGS streamflow gauging station 

defined the location of the watershed outlet. The resulting subbasins ranged from 2 km2 to 21 km2, with an 

average area of 11 km2.  

 

Figure 10. Study area map with the delineated subbasins with the DEM data 

A hydrological response unit (HRU) is the smallest unit area within a watershed, consisting of unique 

combinations of land uses, soil types, and slope classes. According to the 2016 land use land cover data, 15 

types of land uses are grouped into eight major categories (Fig. 3), of which rangeland (~35%) and urban areas 

(~34%) are dominant in the watershed, followed by other land uses. The SSURGO soil database of the VA 

watershed contained 1,791 unique soil types within four hydrologic soil groups as defined by map unit key 

(MUKEY). For this study, three slope classes divided the watershed: 0-2%, 2-5%, and >5%. Overlaying these 

land uses, soil types, and slope classes resulted in 7,579 HRUs. However, by applying a 5% threshold to all land 

cover types, except urban areas, and a 10% threshold to all soil and slope areas, the number of HRUs decreased 

to 835. These HRUs all had unique combinations of eight land uses, 51 MUKEY soil types, and three slope 
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classes. The exclusion of urban land classes from the 5% threshold included all urban areas to analyze the 

impacts of urbanization on E. coli in the VC watershed. 

The model development stage included the creation of several input tables or model input databases. 

These tables consist of various model parameters with their associated values generated from the watershed 

topographic information, HRU distribution, and climate data. The climatic condition defined in the watershed 

used daily precipitation and temperature data from the five stations within the watershed (Fig. 2). These input 

tables store information about model parameters and hydrological processes related to evapotranspiration, and 

rainfall-runoff relationships to calculate the storage and routing of water, sediment, nutrients, and pathogens 

including E. coli in the watershed. In this project, the Penman-Monteith method (Eq. 2 ) (Monteith, 1965; 

Neitsch et al., 2011) was used to estimate potential evapotranspiration. This method requires solar radiation, air 

temperature, relative humidity, and wind speed to calculate the potential evapotranspiration of the watershed at 

daily time scale (Monteith, 1965).  The solar radiation, relative humidity, and wind speed data used in the PET 

calculation were taken from the built-in SWAT weather database. 

𝜆𝐸 =
∆ × (𝐻𝑛𝑒𝑡 − 𝐺) + 𝜌𝑎𝑖𝑟 × 𝑐𝑝 × [𝑒𝑧

𝑜 − 𝑒𝑧] ÷ 𝑟𝑎

∆ + 𝛾 × (1 + 𝑟𝑐 ÷ 𝑟𝑎)
 Equation 2 

Where, λE is the latent heat flux density, E is the depth rate evaporation, ∆ is the slope of saturation 

vapor pressure-temperature curve, Hnet is net radiation, G is the heat flux density to the ground, ρair is air 

density, cp is the specific heat at constant pressure, ez
o is the saturation vapor pressure of air at height z, ez is the 

water vapor pressure of air at height z, γ is the psychrometric constant, rc is the plant canopy resistance, and ra  

is the aerodynamic resistance.  

The rainfall-runoff relationship is a way to estimate the volume of stormflow generated from a rainfall 

event (Neitsch et al., 2011). The Soil Conservation Service (SCS) Curve Number (CN) method was used to 

determine the rainfall-runoff relationship in the VC watershed model (Eq. 3) (Neitsch et al., 2011; Soil 

Conservation Service, 1972). CN values represent the infiltration and runoff conditions of an area, derived from 

combining the effects of soil, land use, slope, and hydrologic conditions. The SCS CN rainfall-runoff method 

utilizes the CN values of an area as the combinations of soil permeability, land use, and antecedent soil water 

conditions at the HRU level in the watershed (Neitsch et al., 2011). The retention parameter (Eq. 3) is the soil 

water content in relation to the soil water potential, which can change in response to varying soil types, land use 

and management, and slope (Neitsch et al., 2011). 
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𝑄𝑠𝑢𝑟𝑓 =
(𝑅𝑑𝑎𝑦 − 𝐼𝑎)

2

(𝑅𝑑𝑎𝑦 − 𝐼𝑎 + 𝑆)
 Equation 3 

Where Qsurf is the accumulated runoff or rainfall excess, Rday is the rainfall depth for the day, Ia is the 

initial abstractions, including surface storage, interception, and infiltration before runoff, and S is the retention 

parameter. 

The variable storage method (Eq. 4) defined the method for water routing, which utilizes Manning’s 

equation to calculate flow rate and velocity. Manning’s equation (Eq. 5) calculates flow rates and velocity in an 

open channel. The calculation considers overland flow, slope, and Manning’s roughness coefficient, or friction 

within the channel and applied to the water flow (Neitsch et al., 2011).  

𝑉𝑖𝑛 − 𝑉𝑜𝑢𝑡 =  ∆𝑉𝑠𝑡𝑜𝑟𝑒𝑑 Equation 4 

Where Vin is the volume of inflow during the time step, Vout is the volume of outflow during the time 

step, ∆Vstored is the change in the volume of storage during the time step. 

𝑉𝑜𝑣 =  
𝑞𝑜𝑣

0.4  ×  𝑠𝑙𝑝0.3

𝑛0.6
 Equation 5 

Where qov is the average overland flow rate (m3/s1), slp is the average slope (m/m), n is the Manning’s 

roughness coefficient. 

In SWAT, the bacterial module, developed by Sadeghi and Arnold (2002), is used to estimate 

pathogenic and non-pathogenic bacterial loads and concentrations in channels for two bacteria populations: 

persistent bacteria (e.g., E. coli) and less-persistent bacteria (e.g., fecal coliform) (Sadeghi and Arnold, 2002). In 

this study, only persistent bacteria (E. coli) are considered, and this group of bacteria has lower decay rates in 

natural conditions than less-persistent bacteria (Coffey et al., 2007). Estimating bacteria transport from the top 

10 mm soil layer to the stream is a function of bacteria attached to sediments, runoff amount, soil bacteria 

contact, and bacteria enrichment ratio. The bacterial calculation in surface runoff used in SWAT (Eq. 6) is 

similar to the soluble phosphorous movement based on pesticide equations of Leonard and Wauchope (Knisel, 

1980; Pierson et al., 2001)  

𝐵𝑎𝑐𝑡𝑠𝑢𝑟𝑓 =
𝐵𝑎𝑐𝑡𝑠𝑜𝑙 × 𝑄𝑠𝑢𝑟𝑓

𝜌𝑏 × 𝑑𝑒𝑝𝑡ℎ × 𝐵𝐴𝐶𝑇𝐾𝐷𝑄
 Equation 6 

Where, 𝐵𝑎𝑐𝑡𝑠𝑢𝑟𝑓  is the bacteria load in surface runoff (CFU/m2), 𝐵𝑎𝑐𝑡𝑠𝑜𝑙  is the bacteria count in the 

top 10 mm soil layer (CFU/m2), 𝑄𝑠𝑢𝑟𝑓  is the surface runoff volume (mm), 𝜌𝑏 is the soil bulk density (mg/m3), 
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and 𝐵𝐴𝐶𝑇𝐾𝐷𝑄 is the bacterial-soil partitioning coefficient (m3/mg) which is expected to be independent of 

bacteria type, land-use and soil. 

In the case of flowing water such as open channels or rivers or creeks, SWAT uses equation 7 to 

estimate bacteria concentration as below: 

∆𝑠𝑡𝑟𝑒𝑎𝑚𝑏𝑎𝑐𝑡 = 𝐵𝑎𝑐𝑡𝑠𝑢𝑟𝑓 − 𝐵𝑎𝑐𝑡𝑠𝑒𝑑 + 𝐷𝑖𝑟𝑒𝑐𝑡𝑖𝑛𝑝𝑢𝑡 − 𝐷𝑒𝑐𝑎𝑦𝑠𝑡𝑟𝑒𝑎𝑚 − 𝐵𝑎𝑐𝑡𝑓𝑙𝑜𝑤  Equation 7 

Where ∆𝑠𝑡𝑟𝑒𝑎𝑚𝑏𝑎𝑐𝑡  is the change in bacteria loading in a day (CFU/m2), 𝐵𝑎𝑐𝑡𝑠𝑢𝑟𝑓  is bacterial loading 

in a soil solution (CFU/m2), 𝐵𝑎𝑐𝑡𝑠𝑒𝑑  is bacteria adsorbed to soil particles transported by surface runoff (cfu/m2), 

𝐷𝑖𝑟𝑒𝑐𝑡𝑖𝑛𝑝𝑢𝑡  is the bacterial loadings to rivers from sources such as wastewater treatment plants, 𝐷𝑒𝑐𝑎𝑦𝑠𝑡𝑟𝑒𝑎𝑚  is 

the bacteria count decayed in a day (CFU/m2), and 𝐵𝑎𝑐𝑡𝑓𝑙𝑜𝑤  is the total count of bacteria carried by streamflow 

(CFU/m2).  

Because bacteria are considered to be dissolved pollutants, calculation of their concentration in water 

uses the first-order decay equation or Chick’s law (Eq. 8) as proposed by Mancini (1978) and later modified by 

Moore et al. (1989). 

𝐶𝑡 = 𝐶0 × 𝑒−𝑘20𝑡𝜃
(𝑇−20)

 Equation 8 

Where 𝐶𝑡 is the concentration of bacteria in the river at the exposure time t in days, 𝐶0 is the initial 

concentration of bacteria, 𝑘20 is the first order die-off rate at 20 ℃ per day,  𝑡𝜃 is the temperature adjustment 

factor denoted by the parameter THBACT in SWAT, and  𝑇  is the ambient temperature in ℃. In SWAT, the 

first-order die-off rate for E. coli is set at 20 ℃ per day. 

2. Model Evaluation  

Model Simulation and Evaluation 

The VC model was run for the 2001 – 2019 period using the processes mentioned above and SWAT 

default model parameter values. Then, the modeled streamflow at the watershed outlet was compared with the 

observed streamflow providing the model’s initial performance before model calibration. An analysis of four 

statistical matrices, comparing the observed and modeled streamflow, showed the model’s performance for 

simulating the observed VC conditions: average streamflow, Percent Bias (PBIAS), Coefficient of 

Determination (R2), Nash-Sutcliffe Efficiency (NS), and Kling-Gupta Efficiency (KGE).  

Percent Bias (PBIAS) measures the average likelihood that the modeled outputs are larger or smaller 

than observed measurements (Eq. 9). The PBIAS of zero is an optimal value with low-magnitude values 
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indicating accurate model simulation. If PBIAS is less than zero, then the model is overestimating and if it is 

greater than zero, the model is underestimating.  

𝑃𝐵𝐼𝐴𝑆 = 100 ×
∑ (𝑄𝑜 − 𝑄𝑠)𝑖

𝑛
𝑖=1

∑ 𝑄𝑜,𝑖
𝑛
𝑖=1

 Equation 9 

Where 𝑄 is the discharge, 𝑂 stands for observed, s stands for modeled, and i is the number of ith 

measured or modeled data.  

Coefficient of Determination (R2) explains how well the modeled and observed streamflow fall along a 

line of best fit (Eq. 10). R2 values range from zero to one, with values closer to one indicating a better goodness 

of fit.  

𝑅2 =
[∑ (𝑄𝑜,𝑖 −  𝑄𝑜

̅̅̅̅ )𝑖 (𝑄𝑠,𝑖 −  𝑄𝑠
̅̅ ̅)]

2

∑ (𝑄𝑜,𝑖 − 𝑄𝑜
̅̅̅̅ )

2
𝑖 (𝑄𝑠,𝑖 − 𝑄𝑠

̅̅ ̅)
2  Equation 10 

 

Where 𝑄 is the discharge, 𝑂 stands for observed, s stands for modeled, and i is the number of ith 

measured or modeled data.  

Nash-Sutcliffe Efficiency (NS) evaluates the prediction strength and reliability of a model and 

describes the model’s accuracy (Eq. 11). NS value ranges between negative infinity to 1, with NS = 1 indicating 

a perfect match between the observed and modeled data. If NS is equal to zero, then it means that the model 

predictions are as accurate as the mean of the observed data (also known as no-knowledge model), and anything 

less than zero indicates that the model is a no-knowledge model. 

𝑁𝑆 = 1 −
∑ (𝑄𝑜 − 𝑄𝑠)𝑖

2
𝑖

∑ (𝑄𝑜,𝑖 − 𝑄𝑜
̅̅̅̅ )

2
𝑖

 Equation 11 

 

Where 𝑄 is the discharge, 𝑂 stands for observed, s stands for modeled, and i is the number of ith 

measured or modeled data.  

Kling-Gupta Efficiency (KGE) is an alternative to NSE to measure the agreement between the 

observed and modeled data (Eq. 12 ) (Knoben et al., 2019). KGE values range from -α to 1, where KGE=1 

shows a perfect agreement, and the closer KGE is to 1, there is a stronger agreement between the two datasets. 

(Knoben et al., 2019).  

𝐾𝐺𝐸 = 1 − √(𝑟 − 1)2 + (𝛼 − 1)2 + (𝛽 − 1)2 

𝛼 =
𝜎𝑠

𝜎𝑜
, 𝛽 =

𝜇𝑠

𝜇𝑜
 

Equation 12 
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Where, σs and σo are the standard deviations of modeled and observed data, μs and μo are the average 

simulated/modeled and observed data, r is the linear correlation between observed and modeled results, α is the 

flow variability error, and s is the bias.  

Model Simulation: Streamflow Pre-Calibration 

The streamflow simulation was from January 1, 2001, to December 31, 2019, with a 10-year warm-up 

period. A “warm-up period” allows the model to cycle through hydrologic processes properly, making the data 

more stable before comparing it to observed data. The model output does not include the data from the warm-up 

period. The performance of the model in terms of streamflow estimates was conducted for three periods: the 

entire simulation period (2001 – 2019), the first ten years (2001 – 2010), and the later nine years (2011 – 2019). 

The 2011 – 2019 period was used for model calibration, and 2001 – 2010 was used for model validation. 

Comparisons between the observed and modeled results indicated a good model performance, with R2 

≥ 0.65 and NSE ≥ 0.59, in predicting the Village Creek watershed streamflow (table 3). However, for the 2001-

2019 period, the model overestimated streamflow by 39.2%, with the modeled average streamflow of 1.81 m3/s, 

compared to the observed 1.30 m3/s. It was a good starting point for an un-calibrated model. The VC model is 

better than a no-knowledge model with a good prediction strength (NSE > 0). The positive linear relationship 

with R2 ≥ 0.65, the pre-calibrated model, could explain 65% of the observed streamflow. 

Table 3. Statistical comparison between pre-calibrated model and observed streamflow. 

Time  

Period 
R2 NSE KGE 

Percent 

Bias 

BFI Avg. 

Modeled 

Discharge 

Avg. 

Observed 

Discharge 

2001-2019 0.71 0.65 0.66 39.2% 
0.328 

(0.287) 
1.81 m3/s  1.30 m3/s  

2001-2010 0.65 0.59 0.71 27.2% 
0.322 

(0.285) 
1.73 m3/s 1.36 m3/s  

2011-2019 0.78 0.71 0.73 55.7% 
0.335 

(0.290) 
1.90 m3/s 

1.22 m3/s 

 

Note: values in parenthesis indicate BFI for observed streamflow  

For the 2001 – 2019 model simulation period, the modeled streamflow had a BFI of 0.328 compared to 

0.287 for the observed streamflow for the same period. The uncalibrated model seemed to systematically over-

predict both baseflow and stormflow in the calibration (2011-2019) and validation periods (2001-2010). (Figure 

11).  
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Figure 11. The USGS Observed and SWAT modeled stormflow and baseflow for the pre-calibrated model, during the 2001 – 

2019 period 

Model Calibration and Validation 

Water Quantity: Streamflow 

Model calibration is the process of adjusting values of model parameters to improve the model’s 

predicting strength being within a specific range of uncertainty. This process compares the observed data to the 

modeled data, allowing us to identify critical parameters, assign parameter values, and adjust the parameters to 

fine-tune the model.  

SWAT-CUP,  a model calibrator (Abbaspour, 2015), was used to calibrate the VC watershed model.  

SWAT-CUP includes an algorithm called SWAT Parameter Estimation (SPE) for model calibration, validation, 

sensitivity, and uncertainty analysis. SPE investigates the origin of uncertainties for all input variables, 

parameters, and measured data to determine the uniform distribution or range of parameter uncertainties 

through several iterations (Abbaspour, 2015). Each iteration of the SPE identifies a better performing output 

(e.g., streamflow) by highlighting all parameter and variable uncertainties to find a range of “good solutions” 

that captures the measured streamflow values (Abbaspour et al., 2015). SWAT-CUP uses a Latin hypercube 

sampling method which randomly selects parameter values and assigns them in each iteration to develop a 

range of output uncertainties, which serves as the 95% probability distribution. It is calculated from the 2.5% to 

97.5% percentiles of the output variable distribution, serving as the 95% prediction uncertainty (95PPU) 
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“envelope” or bracket (Abbaspour, 2015). The 95PPU is a random calibration technique that generates an 

envelope of output variables using the range of parameter values (Lim et al., 2005).  Ideally, the model with a 

narrow envelope size captures a large percentage of the measured data (e.g., streamflow), meaning that the 

model has a low prediction uncertainty while also capturing a large portion of the measured data (Abbaspour, 

2015).  

To evaluate the 95PPU of the model, two statistical measures, p-factor, and r-factor, are used in 

SWAT-CUP. The p-factor represents the amount of observed data that falls within the 95PPU envelope 

(Abbaspour, 2015; Abbaspour et al., 2015). The p-factor values range from 0 to 1, where a p-factor equal to 1 

implies that 100% of observed values fall within 95PPU. The r-factor is the average width (thickness) of the 

95PPU envelope, or range of uncertainty, with values ranging from 0 to infinity (Abbaspour et al., 2015). Since 

r-factor demonstrates a degree of uncertainty, it is ideal to have a smaller value. By running several SPE 

iterations, it is expected that parameter ranges condense or become narrower, resulting in a lower model 

uncertainty by taking in the highest performing results from the previous cycle and eliminating parameter 

uncertainty.  

The SPE method includes both single and multiple objective functions to maximize parameter values 

and obtain specific goals for observed measurements and modeled outputs (Abbaspour, 2015). Calibration for 

the VC watershed model used a multi-objective function (Eq. 13), including PBIAS, R2, bR2, RSR, NS, and 

KGE.  

𝑔 = (𝑤3𝑅2 + 𝑤5𝑁𝑆 + 𝑤6𝑏𝑅2 + 𝑤9𝐾𝐺𝐸) − [𝑤8|𝑃𝐵𝐼𝐴𝑆|  + 𝑤10𝑅𝑆𝑅] Equation 13 

 Where, g is the goal parameter value and w is the weight the objective function holds.  

bR2 (Eq. 14) is a calculation that accounts for the variances between the observed and modeled 

discharges, based on the “magnitude of two signals”, “b” , and dynamics, R2 (Abbaspour, 2015). 

𝑏𝑅2 =  {
|𝑏|𝑅2         𝑖𝑓    |𝑏| ≤ 1

 |𝑏|−1𝑅2    𝑖𝑓    |𝑏| > 1
} Equation 14 

Where, R2 is the coefficient of determination (Eq. 10), and b is the coefficient of regression line 

between observed and modeled results.  

RSR (Eq. 15) is an objective function used to show the relationship between modeled and observed 

data. When evaluating RSR results, values can range from 0 to a very large; however, lower values are desired 

to show good model performance.   
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𝑅𝑆𝑅 =
√∑ (𝑄𝑜 −  𝑄𝑠)𝑖

2𝑛
𝑖=1

√∑ (𝑄𝑜,𝑖  −  𝑄𝑜)2𝑛
𝑖=1

 Equation 15 

Where, Q is the discharge (m3/s), o stands for the observe discharge, and s stands for the 

simulated/modeled discharge. 

The model was run for 1,000 simulations with 22 parameters (Table 4). Global sensitivity analysis 

identified the most sensitive parameters by evaluating parameter values to see how parameter values influence 

the objective functions and model outputs. A t-test measured the sensitivity of each significant parameter, found 

through the t-stat and p-value (Abbaspour, 2015). A parameter is considered more sensitive when the t-stat 

value is larger and the p-value is smaller (Abbaspour, 2015). Therefore, the calibrated parameters were those 

with lower p-values, usually less than 0.5. Then the model was run for 1,000 simulations to calibrate it using the 

most sensitive parameters.  

Table 4. Model parameters used for the Village Creek watershed model sensitivity analysis. The parameters are ordered 

from the least sensitive (lower t-stat and higher p-value) to the most sensitive (higher t-stat and lower p-value).  

SN Parameter Name t-Stat P-Value 

1 r__OV_N.hru 0.0415 0.9669 

2 v__CH_N2.rte -0.2099 0.8338 

3 v__SURLAG.hru -0.2740 0.7842 

4 v__REVAPMN.gw -0.3168 0.7514 

5 v__DEEPST.gw -0.3297 0.7417 

6 v__CH_K1.sub 0.3609 0.7182 

7 v__ALPHA_BNK.rte -0.3929 0.6945 

8 v__ALPHA_BF.gw 0.6776 0.4982 

9 r__HRU_SLP.hru 0.8361 0.4033 

10 v__GW_REVAP.gw 0.8977 0.3695 

11 v__GW_DELAY.gw -1.8278 0.0679 

12 r__SLSUBBSN.hru -2.1811 0.0294 

13 v__CH_N1.sub -2.1936 0.0285 

14 v__SHALLST.gw -2.6798 0.0075 

15 v__GWQMN.gw 3.2381 0.0012 

16 v__RCHRG_DP.gw -3.5232 0.0004 

17 v__EPCO.hru 3.6426 0.0003 

18 v__CH_K2.rte 4.2540 0.0000 

19 v__DEP_IMP.hru 5.8825 0.0000 

20 r__SOL_AWC().sol 6.4067 0.0000 

21 r__CN2.mgt -17.5234 0.0000 

22 v__ESCO.hru -28.7202 0.0000 
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Twelve most sensitive parameters with a p-value ≤ 0.1 (Table 5) were deemed highly sensitive to 

model performance and therefore were used for model calibration. These parameters influence the HRUs, 

groundwater, subbasin, soil, and management input files.  

Table 5. Parameters used to calibrate and validate the Village Creek watershed model along with their value ranges and 

fitted values 

Parameter Min. Value Max. Value Fitted Value 

v__ESCO 0.50 1.0 0.68 

v__EPCO 0.50 1.0 0.37 

v__DEP_IMP 0.00 6000 1323 

r__ SLSUBBSN -0.25 0.25 -0.055 

r__CH_N1 0.00 0.15 0.02 

v__GW_DELAY 1 100 49 

v__SHALLST 0 5000 1712 

v__GWQMN 0 6000 3831 

v__RCHRG_DP 0.01 0.9 0.18 

v__CH_K2 0.025 10 4.95 

r__SOL_AWC -0.1 0.1 -0.0005 

r__CN2 -0.2 0.1 -0.12 

 

Note: “v” refers to replacement, and “r” refers to multiplication 

 

Soil uptake compensation factor (ESCO), plant uptake compensation factor (EPCO), average slope 

length (SLSUBBSN), and depth to impervious layer in the soil profile (DEP_IMP) were the sensitive 

parameters from the HRU input file. ESCO defines the soil depth range for soil evaporation demands of the 

capillary water within the pores and cracks in the soil (Neitsch et al., 2011). ESCO was slightly lowered (default 

= 0.95), meaning there is less evaporation in the upper levels of the soil and more evaporated from lower levels 

of the soil, which decreases the modeled streamflow of an area. DEP_IMP defines the depth at the impervious 

layer within the soil profile, which can influence the amount of ponding water above the impervious layer 

(Neitsch et al., 2011).  

SWAT includes a shallow, unconfined aquifer system and a deep, confined aquifer. The shallow 

aquifer contributes to the return flow of streams in the watershed, where the deep aquifer does not. The 

groundwater (.gw) input file adjusts parameters related to the flow of water in aquifers. The calibrated 

parameters in this input file were the deep aquifer percolation fraction (RCHRG_DP), the threshold depth of 

water in the shallow aquifer (GWQMN), the groundwater delay time (GW_DELAY), and the initial depth of 

water in the shallow aquifer (SHALLST). RCHRG_DP is the recharge of the deep aquifer through percolation. 
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The GWQMN parameter determines the water depth value in the shallow aquifer, allowing for groundwater 

flow to occur. GW_DELAY, measured in the number of days, defines the lag time of water recharging the 

shallow aquifer from the soil profile. A higher parameter value means a longer lag time for groundwater to 

reach the aquifer.  

The subbasin general input file includes parameters that define the unique features in the subbasin 

(Neitsch et al., 2011). The Mannings “n” roughness coefficient value for the tributary channel (denoted 

byCH_N1 in SWAT) was the sensitive parameter in this input file. Manning’s coefficient defines the roughness 

or friction experienced by the river networks and impacts water flow in the channels. Increasing the value of 

this parameter decreases the velocity due to a more considerable amount of resistance to flow. For example, for 

natural streams with few trees, stones, or brush, CH_N1 value ranges between 0.025 to 0.065, while for the 

excavated straight and uniform channel, its value ranges between 0.016 to 0.033. In SWAT, the default value is 

0.014. The calibrated value of 0.02 suggests that the channel in the VC watershed is a natural stream with few 

trees, stones, or brush.  

The soil input file contains a list of parameters representing the soil's physical and chemical 

characteristics and its interaction with water and air at different layers in each HRU. The calibrating of the 

parameter, SOL_AWC, adjusts the available water capacity of soil layers. A soil’s available water capacity is 

the amount of water stored in the soil available for plants to use; therefore, changing the value of this parameter 

changes the total water stored in soils throughout the watershed.  

The main channel input file (.rte) includes parameters that represent physical characteristics of stream 

networks in the watershed, allowing for the model to run the physical processes relating to the movement of 

water, sediment, nutrient, and pesticide in the main channel (Neitsch et al., 2011). For the VC watershed model, 

the most sensitive parameter is related to the effective hydraulic conductivity in the main channel alluvium as 

denoted by CH_K2 in SWAT. This parameter controls the contribution of water from the reach or channel to 

groundwater (i.e., losing stream), from the groundwater system to the channel (i.e., gaining stream), and 

simultaneous movement of water between the channel and groundwater (i.e., flow-through stream). With the 

calibrated value of 4.95 mm/hour, the channel is characterized by a consolidated bed material with high silt-clay 

content, allowing a low to moderate water loss into the soil surface or groundwater (Neitsch et al., 2011). 

Finally, the HRU management file describes the land and water management practices in the 

watershed. In this file, the calibrated parameter is the initial SCS runoff curve number for moisture condition 
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(II) (CN2). This process changes CN values for the whole watershed and down to the individual HRUs. The 

calibrated parameter reduces the CN value by 12% of the original CN value, providing a lower runoff potential.  

After the model calibration was completed, the model was executed under a different period (2001 – 

2010) for another set of 1000 simulations using the same parameters and their associated value ranges as in the 

model calibration period. This process allowed the analysis of the model's performance under two different 

periods with the same parameters and associated values.  

Water Quality: E. coli   

In addition to streamflow, the model was calibrated for water quality, i.e., E. coli, after adopting the 

bacteria simulation module by Jeong et al. (2019). The source code of the SWAT 2012 ver. 670 was modified to 

include E. coli related input at the HRU level and the routing and calculation of E. coli, allowing for the 

simulation of E. coli concentrations, transport, and loadings in the natural conditions and under different 

scenarios of GI implementation. According to the TCEQ, E. coli concentrations are the main water quality 

concern for the VC watershed. Therefore, the model calibration for E. coli used the sporadic measured data 

obtained from TCEQ. In this study, model inputs defined potential E. coli sources at the HRU level, such as 

septic systems (OSSF) and manure from cattle, goats, sheep/lambs, horses/ponies, and deer. 

OSSF failures can release E. coli and N, P, and solids into surrounding areas, including waterbodies. 

The OSSF location data were obtained from the Trinity River Authority (Hoff, 2019). For methods used in 

collecting and developing OSSF data, refer to page 97 of the Village Creek Watershed Protection Plan (Hoff, 

2019). There were 6,257 septic locations in the VC watershed, with 2,147 permitted systems, and the rest were 

unpermitted systems. The OSSF locations installed before 1989 do not have permits and have higher failure 

risks due to the lack of inspection. The model reads the septic systems at the HRU level. For this, the OSSF 

locations were overlayed in ArcMap with the SWAT generated HRU polygons. This resulted into an overlap of 

3,686 OSSF locations with the SWAT HRUs.  

According to the U.S. EPA, Texas's average OSSF failure rate is 10-15% (U.S. EPA, 2002). This study 

used a 12% OSSF failure rate to estimate E. coli concentrations generated from OSSFs in each HRUs. An 

individual household with an OSSF has an estimated average of 3.46 people, with an effluent rate of 0.227 

liters/day/person. The study assumed that OSSF effluent contains approximately 5,000 CFU/100mL fecal 

coliform, equivalent to 1.58 CFU/100 mL E. coli. This analysis allowed for the estimation of total E. coli per 
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HRU. Furthermore, Dr. Jeong edited the SWAT source code to include the amount of E. coli discharge from 

each of the HRUs. 

Another major contribution to E. coli pollution was manure generated from domestic and wild animals 

(Table 6). For this, analyzing cattle information for the VC watershed included collecting animal stocking rates 

per county for cattle, as obtained from the Texas Agricultural Life Extension for Johnson County and Tarrant 

County. Stocking rates represent the average animal unit (AU) per acre in a county, where one animal unit 

represents a 1,000-pound (lb) animal. For Tarrant County, stocking rates ranged from 1 AU per 10-12 acres for 

native grass and 1 AU per 8-10 acres for improved grass. Therefore, the stocking rate used for Tarrant Count 

was 1 AU per 10 acres (1 AU per ~4 hectares (HA)). For Johnson County, based on the communication with the 

county specialist, the “ideal” stocking rates ranged from 1 AU per 5-7 acres, but “less than ideal” conditions 

ranged to 1 AU per 7-10 acres. Therefore, the stocking rate in Johnson County was 1 AU per 7 acres (1AU per 

~3 HA). For other animals (goats, sheep/lamb, and horses/ponies), the stocking rate was calculated by 

averaging total populations from 2007, 2012, and 2017 USDA Census of Agriculture and dividing by the total 

area of rangeland in each county. The stocking rate of 59 AU per 1,000 acres (59AU per ~24 HA) was used for 

deer, as reported by the Texas Landowner Association. 

Table 6. Animal stocking rates and land cover used in total manure calculations 

Animal of Concern 
Stocking Rate 

(AU/HA) 

Type and percentage of land 

cover within the watershed that 

falls in each county 

Tarrant County (Subbasin 1-7) 

Cattle  0.2471 

Range (33.5%) 
Goats 0.0086 

Sheep/Lamb 0.0083 

Horses/Ponies 0.0178 

Deer 0.1458 Forest (8.8%) 

Johnson County (Subbasin 8-21) 

Cattle  0.3530 

Range (38.3%) 
Goats 0.0352 

Sheep/Lamb 0.0138 

Horses/Ponies 0.0328 

Deer 0.1458 Forest (19.7%) 

 

https://www.nass.usda.gov/AgCensus/
https://landassociation.org/how-many-deer-are-in-texas-white-tailed-deer-populations-listed-by-region/
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The total E. coli from animal manure was input into the model as grazing operations within the 

management file. The grazing operations in SWAT simulate animals grazing in the pasture or rangelands. For 

the model to simulate these operations, it must have the time of year and the length of the grazing period. Based 

on the email correspondence with Jacklyn Jones at Tarrant County Texas Agricultural Life Extension 

(December 2020), cool-season grazing occurs from late October to middle/late March, and warm seasons occur 

from April to September/October in Tarrant County. For Johnson County, according to Justin Hale at Johnson 

County (December 2020), cool-season grazing starts in November and ends in March, where warm-season 

occurs in the middle/late April and ends in October. Therefore, for the VC watershed model, grazing periods 

were assumed to take place throughout the year. 

Additionally, the grazing operations require the amount of manure produced per day from each animal. 

Therefore, manure calculations from cattle, goats, sheep/lamb, and horses/ponies were applied to range HRUs, 

while the manure production from deer was applied to forest HRUs. Calculating the total manure produced by 

these animals used the county stocking rate and the dry manure production (equation 16). The average cattle 

manure production from one AU is 26.8 kg (59.1lb) per day, and 15% (4.02 kg/AU) is considered to be dry 

manure (USDA). This process was replicated for all other animals and their stocking rates (Table 6). The 

average manure dropped from goats, sheep/lamb, horses/ponies, and deer was 2.63 kg/AU, making their total 

dry manure 0.395 kg/day (Barker and Walls, 2002). These calculations provided the total manure dropped from 

each animal per HRU and were used to estimate the total manure for each sub-basin. 

Total Manure (
𝑘𝑔

𝐻𝐴
) = County Stocking Rate (

𝐴𝑈

𝐻𝐴
) ∗ Dry Manure Prodution (

𝑘𝑔

𝐴𝑈
) Equation 16 

 Where the dry manure production is equal to 85% of the total manure produced. The average total 

manure produced for cattle is 26.8 kg/AU and for other animals including, goat, sheep/lamb, horse/pony, and 

deer is 2.63 kg/AU. 

Model Simulation: E. coli Pre-Calibration   

 Using the E. coli loadings from various sources, the model simulated E. coli concentrations in VC. 

The simulated E. coli concentrations were 69.3% lower than the observed data (Table 7). It could be due to the 

lack of adequate input data (e.g., not accounting for all the sources of E. coli) and minimal E. coli observations 

available for comparison. 
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Table 7. Comparison of E. coli between observed and modeled before calibration 

Time  

Period 
Percent Bias 

Geomean observed  

E. Coli  

Geomean modeled  

E. coli  

2011-2019 -69.3% 327.8 CFU/100 mL 100.8 CFU/100 mL 

 

 Then, the VC model was calibrated to optimize E. coli estimation using percent bias (eq. 9) and the 

geometric mean (geomean) (eq. 17). Finding the geomean shows the central tendency of two datasets by finding 

the product of the values. The geomean is frequently used in water quality monitoring, and an accurate 

measurement requires at least 20 measurements over seven years (Hoff, 2019). E. coli data was not regularly 

monitored; there were only 48 E. coli records over nine years, and only taking the arithmetic average would 

misrepresent the water quality condition. The geomean finds the performance results of the modeled data 

compared to the observed E. coli values. 

(∏ 𝑥𝑖

𝑁

𝑖=1

)

1/𝑁

= √𝑥1 × 𝑥2 × 𝑥3 … … 𝑥𝑛
𝑛  Equation 17 

Where, Π is the geometric mean, n is the number of values in the dataset, and xi is the values in the 

dataset. 

Model Calibration: E. coli  

The VC model was calibrated both manually and automatically using SWAT-CUP to estimate E. coli 

concentrations in the VC watershed by modifying values of ten parameters (Table 8) that are considered to 

influence bacteria estimation in SWAT. These parameters are in the SWAT basin (.bsn) input file. There are 

two types of bacteria in SWAT that can be modeled in SWAT, persistent and less persistent bacteria (Neitsch et 

al., 2011). Persistent bacteria have low decay rates and include E. coli and various pathogens, while less 

persistent bacteria, like fecal coliforms, have higher decay rates (Iqbal and Hofstra, 2019).  

Table 8. A list of parameters used for E. coli calibration along with their calibrated values in the Village Creek watershed 

Parameter Definition 

Pre-

Calibration 

Value 

Value Range Fitted Value 

BACTKDQ  
Bacteria soil portioning coefficient 

(m3/Mg) 
125 0 - 500 2.43 

THBACT 
Temperature adjustment factor for 

bacteria die-off/growth (℃) 
1.41 0 - 10 1.11 

WDPQ  
Die-off factor for persistent bacteria in 

the soil solution at 20˚C (per day) 
0.11317 0 - 1 0.68 

WGPQ  
Growth factor for persistent bacteria in 

soil solution at 20˚C (per day) 
0.11 0 - 1 0.44 
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WDPS  

Die-off factor for persistent bacteria 

absorbed to soil particles at 20˚C (per 

day) 

0 0 – 1 0.22 

WGPS  

Growth factor for persistent bacteria 

absorbed to soil particles 20˚C (per 

day) 

0 0 - 1 0.67 

WOF_P 
Wash-off fraction for persistent 

bacteria 
0 0 – 1 0.7 

BACTMX  
Bacteria percolation coefficient 

(10m3/mg) 
10 0 – 10 0.25 

BACT_SWF 

Fraction of manure applied to land 

areas that has active colony forming 

units 

0.55 0.01 – 0.5 0.44 

BACTMINP 
Minimum daily bacteria loss for 

persistent bacteria (CFU/m2) 
0 0 – 10 5.75 

 

The die-off and growth factors control the rates of reduction and production of E. coli. The parameters 

that control these factors include WDPQ, WGPQ, WDPS, WGPS, and BACTMINP used in the model 

calibration. WDPQ and WGPQ show the die-off and growth factors for persistent bacteria in the soil. Increasing 

the die-off factor resulted in a lower average of E. coli concentrations. WDPS and WGPS are the die-off and 

growth factor parameters for the persistent bacteria absorbed by the soil particles. Lastly, the die-off factor for 

persistent bacteria found in moving water (WDPRCH) was slightly sensitive in calibration.  

BACTKDQ determines the total count of bacteria that is transported in stormflow (Iqbal and Hofstra, 

2019; Neitsch et al., 2011). The default value is set to 175; however, it usually ranges from 0 to 500. Calibration 

reduced the default value to 2.4, where lowering the value of this parameter results in a larger concentration of 

E. coli units being transported via stormflow because less was retained by the soil (Parajuli, 2007).  The 

temperature adjustment factor (THBACT) influences the die-off and growth rates at a given temperature. The 

default value given is 1.07; however, it can range from 0 to 10. Based on calibration, when the value of this 

parameter increases, this caused a decrease in E. coli concentrations. The wash-off fraction for persistent 

bacteria (WOF_P) calculates the number of bacteria on vegetation (foliage) that is washed off during a rainfall 

event (Neitsch et al., 2011). This parameter was not very sensitive to the model and did not significantly affect 

the E. coli outputs for the model. The bacteria percolation coefficient (BACTMX) is the ratio between bacteria 

in the soil surface and the amount that percolates in the soil surface (Neitsch et al., 2011). During calibration, 

the lowering of this values resulted in a decreased concentration of E. coli. BACT_SWF controls amount of 

active colony forming units on manure applied to land areas. Calibration showed that this parameter did not 

have a major influence on the model; however, when there was a decrease in the value, this resulted in a slight 
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decrease in average E. coli concentrations. Not all parameters were equally sensitive to the transport and 

concentration of E. coli in the VC watershed. Based on the global sensitivity analysis, BACTMINP, BACTMX, 

WGPS, THBACT and BACTKDQ were the five most sensitive parameters as indicated by p-values < 0.2 

(Table 9) in the VC watershed. 

Table 9. A list of parameters and their sensitivities to E. coli in the Village Creek watershed 

Parameters t-Stat p-Value 

WOF_P -0.2506 0.8078 

BACT_SWF 0.3065 0.7662 

WDPQ -0.3537 0.7317 

WDPS 0.9740 0.3555 

WGPQ -1.0583 0.3175 

BACTKDQ -1.4603 0.1782 

THBACT 1.8769 0.0933 

WGPS -2.1140 0.0637 

BACTMX -2.6034 0.0286 

BACTMINP 2.8091 0.0204 

 

3. Model Simulation and Application  

The calibrated VC watershed model is assumed to estimate the impact of GI practices in controlling E. 

coli concentrations and transport. SWAT uses a fixed BMP operations utility to simulate GI practices allowing 

modelers to operate several scheduled management operations (.ops) (Neitsch et al., 2011). Of the several 

management operations, including terracing, tile drainage, contouring, filter strips, strip cropping, fire, grassed 

waterways, plant parameter, and residue management available in SWAT, the generic conservation practices are 

used as a fixed BMP operation to control sediment, nutrient, and bacteria outputs. The generic conservation 

practices allow implementing dozens of GI practices, also called urban BMPs, each with unique removal 

efficiencies for N, P, sediments, and bacteria. See the SWAT theoretical documentation for a list of all available 

generic conservation practices (page 497-500) (Neitsch et al., 2011).  Table 10 provides a list of GI practices, 
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along with their removal efficiencies for bacteria. These removal efficiencies range from 40% to 90%, based on 

the review by Tetra Tech and NCTCOG (NCTCOG, 2021; Neitsch et al., 2011).  

Table 10. A list of urban management operations along with their bacteria removal efficiencies available in SWAT 

GI Practice Reported Bacteria Reduction (%) 

Alum Treatment 90 

Dry Detention 70 

Organic Filter 50 

Planter Boxes 50 

Sand Filters 40 

Underground Sand Filters 40 

Downspout Drywell 90 

Infiltration Trench 90 

Soakage Trench 90 

Storm Water Ponds 70 

Storm Water Wetlands 70 

Submerged Gravel Wetlands 70 

  

This research study tested a total of seven GI scenarios: scenarios 1 – 5 with a bacteria removal 

efficiency of 70% and scenarios 6 – 7 with a bacteria removal efficiency of 90%. These scenarios represent the 

placement of GIs on urban lands only represented by 472 HRUs in the VC watershed (Table 11). The period for 

the scenarios was 2011 – 2019, consistent with the period of model calibration for flow and bacteria.  

Table 11. A list of green infrastructure (GI) scenarios implemented in the Village Creek watershed 

Scenario 

Bacteria 

Removal 

Efficiency 

Land Cover Slope class 
Number of 

HRUs 

Total Area 

(HA) 

Percent area of 

the watershed 

0. Baseline No GI Entire watershed 

1. U-70 70% All urban 

0 – 2%, 2 – 

5%, and 

>5% 

472 7,911 32.8% 

2. U-HD 

 
70% 

Urban – 

High Density 

0 – 2%, 2 – 

5%, and 

>5% 

130 1,708 7.4% 
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3. U-MD 

 
70% 

Urban – 

Medium 

Density 

0 – 2%, 2 – 

5%, and 

>5% 

114 2,906 12.5% 

4. U-LD 

 
70% 

Urban – 

Low Density 

0 – 2%, 2 – 

5%, and 

>5% 

120 2,816 12.2% 

5. U-I 

 
70% 

Urban – 

Industrial 

0 – 2%, 2 – 

5%, and 

>5% 

108 481 2.1% 

6. U-90 90% 
All urban 

land 

0 – 2%, 2 – 

5%, and 

>5% 

472 7,911 32.8% 

7. U-HD-90 90% 
Urban – 

Industrial 

0 – 2%, 2 – 

5%, and 

>5% 

130 1708 7.4% 

 

Scenarios 1 and 6 simulated the effects of GI implementation on all urban land covers to estimate its 

ability to reduce bacteria concentrations in the VC watershed (Table 11). Then, an additional five scenarios 

were tested to assess the removal efficacies of GI scenarios at locations of different urban intensities. 

Comparing the scenario results with the baseline E. coli allowed for evaluating the effectiveness of GI scenarios 

(percent reduction of E. coli) in the VC watershed. These results could provide insights on the suitability and 

effectiveness of different urban land uses for GI implementation based on their efficiencies.  

Section IV. Results  

Model Calibration and Validation  

Water Quantity: Streamflow 

The model was calibrated for daily streamflow in SWAT-CUP for the 2011 – 2019 period by 

modifying parameter values listed in Table 5 and comparing the modeled streamflow with the observation. 

Table 12 shows the SPE results and model performance for simulating streamflow for the calibration and 

validation periods. The SPE results showed that the model has a low prediction uncertainty (r-factor = 0.29) and 

can estimate about 72% of the observed streamflow without uncertainty (p-factor = 0.72). The model calibration 

showed a strong model performance as indicated by higher values of R2= 0.85, NSE = 0.83, bR2 = 0.81 and 

KGE = 0.90, and lower values of RSR = 0.41 and PBIAS = 0.2% in estimating the VC watershed streamflow. 
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The R2 value of 0.85 was an improvement from the pre-calibrated value of 0.78. The model under-predicted by 

0.2%, which is much improved compared to the pre-calibrated model overestimation of 55% (Table 12).  

Table 12. Streamflow calibration and validation statistics for the Village Creek watershed 

Results 
p-

factor 

r-

factor 
R2 NSE bR2 KGE 

Percent 

Bias 

(%) 

RSR BFI 

Avg. 

Modeled 

Discharge 

(m3/s) 

Calibration 

2011-2019 
0.72 0.29 0.85 0.83 0.81 0.90 0.2% 0.41 

0.261 

(0.287) 
1.22 (1.23) 

Validation 

2001-2010 
0.62 0.30 0.68 0.64 0.58 0.82 0.1% 0.60 

0.265 

(0.285) 
1.36 (1.36) 

Note: values in parenthesis indicate observed streamflow and baseflow index (BFI) 

Similarly, the model validation demonstrated a satisfactory agreement between the modeled and 

observed streamflow for the VC watershed (Table 12). For the 2001 – 2010 validation period, the model 

predicted at least 62% of streamflow (p-factor = 0.62) with a low prediction uncertainty (r-factor = 0.30). 

Although the model performance during the validation period seemed weaker than the calibration period, the 

overall robustness of the model in estimating the VC streamflow is satisfactory based on the values of R2, NSE, 

bR2, KGE greater than 0.58, and a very small value of PBIAS < 0.1% (Table 12). However, despite an overall 

satisfactory model performance, the model could not capture some of the peak flows (Figure 12). 

 

Figure 12. Comparison between the modeled and observed daily streamflow for the Village Creek watershed in the 

calibration (2011 – 2019) period 
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In terms of the baseflow component, the calibrated model displayed strong performance (Figure 13). 

Between 2001 and 2019, the BFI of the calibrated model was 0.27, which is very similar to the observations 

(BFI = 0.287), and much improved from the uncalibrated model (BFI = 0.328). There was an underestimation 

of the BFI values during the calibration (BFI = 0.261) and validation (BFI = 0.265) periods by less than 10% 

(Table 12) as compared to overestimation of 12 – 17% by the uncalibrated model (Table 3). Overall, the VC 

watershed model can be considered a reliable model in terms of its ability to partition baseflow and stormflow.  

 

Figure 13. Comparisons of baseflow and streamflow between the model and observation in the Village Creek watershed 

Water Quality: E. coli  

The performance of the model to simulate E. coli was measured by comparing geometric means (eq. 

17) of the simulated and observed E. coli and then calculating the overall percent bias (eq. 9) (Table 13, Figure 

14). The lack of E. coli observations before 2011 prevented validating the modeled E. coli with the 

observations. By changing parameter values as listed in Table 8 after the model calibration, the model 

performance improved significantly in estimating E. coli concentrations in the VC watershed. The calibrated 

model over-predicted E. coli counts by only 5.6% (Table 13), which is highly improved from the over-

estimation bias of 85.0% in the uncalibrated model. Therefore, the calibrated model (hereafter baseline 

scenario) was deemed reliable to simulate the effects of different GI scenarios on E. coli concentrations in the 

VC watershed. Out of 108 months (2011 – 2019) simulated in the baseline scenario, the E. coli concentration 

exceeded the acceptable value of 126 CFU/100mL in a total of 60 months (Figure 20).  



 
 

45 

 

Table 13. Performance of the calibrated Village Creek watershed model calibration in estimating E. coli 

Time  

Period 
Percent Bias 

Geomean Modeled  

E. coli  

Geomean Observed  

E. coli  

2011-2019 5.6% 346.1 327.8 

 

 

Figure 14. Modeled E. coli compared to the observed measurements collected from TCEQ. 

The baseline results were analyzed to identify land cover types at the HRU level that contributed the 

highest to the lowest concentrations of E. coli to the Village Creek (Figure 15). Urban land was the highest 

contributor of E. coli, followed by rangeland, forest, and hay/pasture in the VC watershed. Of the total of 835 

HRUs in the VC watershed, 472 HRUs represent urban lands. Of these, 470 urban HRUs were the major 

sources of E. coli in the watershed. Therefore, GI scenarios focused on urban areas of different degrees of 

imperviousness to assess the efficiency of GIs in reducing E. coli loads to the Village Creek.  
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Figure 15. E. coli concentrations as contributed by different land types in the Village Creek watershed 

 

Scope and Application 

GI Scenarios 

The seven GI scenarios evaluated E. coli for 2011 – 2019. Then, comparing the GI scenario E. coli 

outputs with the baseline scenario demonstrated the percent change. The baseline scenario serves as a basis for 

the current E. coli condition in the watershed, with no GI practices. The model simulations under different GI 

scenarios indicated potential reductions in E. coli concentrations in the VC watershed (Table 16).  

Table 14. E.  coli Results of all scenarios with GI practice implementation in the Village Creek Watershed 

Scenario 

(2011-2019) 

Average 

Monthly 

Geomean 

(CFU/100mL) 

Maximum 

(CFU/100mL) 

Minimum 

(CFU/100mL) 

Percent 

Reduction  

0. Baseline 194.53 29,930.0 11.67 NA 

70% bacteria removable efficiency 

1. U-70 143.38 9,152 11.68 63.1% 

2. U-HD 180.61 21,050 11.67 21.9% 

3. U-MD 182.05 23,580 11.68 17.9% 

4. U-LD 188.62 29,280 11.67 5.0% 

5. U-I 183.56 25,030 11.67 18.3% 
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90% bacteria removable efficiency 

6. U-90  117.14 3,215 11.68 81.1% 

7. U-HD-90 176.25 18,510 11.67 28.0% 

 

Statistical analysis revealed no significant relationship between streamflow and E. coli concentrations 

(Fig. 16) with the p-values (t = 1.22, p = 0.221). However, based on the percent bias (PBIAS = 5.6%), the 

model seemed acceptable to estimate E. coli concentrations. 

 

Figure 16. Comparison of average monthly flow and E. coli concentrations 

Scenario 1 is a hypothetical implementation of GI practices with 70% bacteria removal efficiency in 

urban areas in the VC watershed (32.8% of the watershed), i.e., the installation of GIs in 472 HRUs or locations 

in the VC watershed. Similarly, scenarios 2 to 5 represent the installation of GI practices with a 70% bacteria 

removal efficiency in urban areas classified as high density (7.4 % of the watershed), medium density (12.5% of 

the watershed), low density (12.2% of the watershed) and industrial (2.1% of the watershed). Similarly, 

scenarios 6 and 7 represent the installation of 90% bacteria removable efficiency on all urban and high-density 

urban areas in the watershed (Table 14). Scenario 1 resulted in a 63.1% reduction in E. coli loads followed by 

scenarios 2, 5, 3, and 4 with the respective E. coli reductions of 21.9%, 18.3%, 17.9%, and 5%. The overall E. 

coli reductions increased to 81.1% and 28% when the GI bacteria removal efficiency increased to 90%, as 
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represented by scenarios 6 and 7 (Table 16). Figure 17 presents the overall E. coli removal potential of scenario 

one and scenario six.  

 

Figure 17. Reductions in E. coli concentrations under 70% and 90% reduction efficiency scenarios compared to the 

baseline scenario in the Village Creek watershed. 

None of the scenarios tested in this study could reduce E. coli concentrations below the acceptable 126 

CFU/100mL in all months during the simulation period. However, on average, scenario 6 (GI with 90% 

efficiency) reduced E. coli concentrations below the acceptable level in seven months (April through October). 

On the other hand, the GI practices with 70% efficiency (scenario 1) could only reduce concentrations in four 

months (June through September).  
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Figure 18. Reductions in the monthly geomean for E. coli concentrations from scenario 1 (70% reduction efficiency) and 

scenario 6 (90% reduction efficiency) 

There are reductions in the peaks in E. coli concentrations, suggesting that implementing GI practices 

in these areas would greatly reduce E. coli counts in the VC watershed. Following the same trend as the 

baseline scenarios, where the streamflow and E. coli concentrations tend to increase around the same time 

(Figure 17).  

The next scenarios, 2-5, identified urban land cover intensities where GI implementation may result in 

higher reductions than other urban areas. Scenario 2 and 7, the high-density urban areas in the watershed, 

reduced the amount of E. coli in the watershed by 21.9% and 28.0%, respectively. Scenarios 3 – 5 reduced 

17.9%, 5% and 18.3% E. coli. These results demonstrate that the implementation of GIs in high-density urban 

areas is the most effective of all.  

Section V. Discussion 

 Because the VC watershed is impaired due to elevated levels of E. coli, the research objective of this 

thesis was to develop the hydrological model of the VC watershed and then estimate the benefits of 

implementing GI practices in lowering E. coli concentrations. This study included developing the SWAT-based 

hydrological model of the VC watershed, using input data that included DEM, soil, slope, climate, and bacteria 

sources such as animal manure and septic systems. The model performed well in terms of simulating 

streamflow with higher correlation and lower percent bias. Although there existed no significant relationship 
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between streamflow and E. coli concentrations, the model’s performance in simulating E. coli within 10% 

percent bias was considered satisfactory in representing VC watershed’s E. coli condition and exploring the 

benefits of GI scenario implementation. 

The calibrated model (baseline) showed that there existed no significant relationship between E. coli 

and streamflow. This result is in agreement with the similar results reported by Hoff and Kipatrick (2017b). It 

indicated that the E. coli discharge might not only be a result of high streamflow. It could be a result of other 

factors in the watershed, for example, precipitation intensity and duration, solar radiation, surface air 

temperature, stream water temperature, availability of nutrients, and continuous release of pollutants into the 

watershed instead of being discharged only during high runoff events (Petersen and Hubbart, 2020). Since there 

is a lack of correlation between streamflow and E. coli, placement of the GI practices in major source areas 

would be necessary for reducing concentrations, a topic of future research.  

A primary concern in urban areas is high streamflow volumes discharged in the watershed, leading to 

high flooding in the surrounding regions. This project focuses on E. coli reductions in VC, and the GI practices 

implemented in SWAT do not address streamflow. Streamflow was crucial for model development and bacteria 

transport, but the GI practices directly target water quality and, in this study, E. coli. Based on the design, 

placement, and development of GI practices, there is potential for reductions in stormflow, further reducing 

total streamflow and chances of flooding. However, this is out of the scope of this research study.  

Simulations of seven GI scenarios provided estimations for GI practices' benefits in reducing E. coli 

concentrations in the watershed. The GI practices were implemented in various urban conditions at 70% 

bacteria reduction efficiency. Scenario 1 was all urban environments, scenario 2 was high density, scenario 3 

was medium density, scenario 4 was low density, and scenario 5 was industrial areas. Additional scenarios 

included GI practices with a 90% efficiency, where scenario 6 was for all urban areas, and scenario 7 

represented the high urban densities. The scenarios demonstrated the reductions of E. coli and provided insights 

into the needed efficiencies and places in the watershed that would prioritize implementing GI practices. 

As expected, the baseline scenarios showed E. coli concentrations well over the TCEQ water quality 

requirements of 126 CFU/100mL, with an average geomean of 194.53 CFU/100mL. The urban areas impose 

the most stress on water quality in VC, and stakeholders should prioritize these areas for management practices 

that will help reduce the amount of E. coli transported into the VC river networks. The seven GI scenarios 
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demonstrated how implementing GI practices in the urban areas can target and reduce E. coli discharged from 

the watershed.  

To reduce the E. coli concentrations to meet the TCEQ standards, GI practices with 90% bacteria 

removal efficiencies (scenario 6) seemed to provide relief. Implementing this aggressive scenario could reduce 

average monthly E. coli concentrations by 81.1%, bringing the average monthly geomean down to 117.14 

CFU/100mL. However, this scenario still included maximum concentrations reaching 3,215 CFU/100mL, 

meaning there would still be instances of high E. coli counts. In addition, if the GI practices only effectively 

remove 70% of the bacteria generated in urban areas, then the watershed may still be impaired. Therefore, 

planners in VC should investigate GI practices that have been shown to effectively meet these reduction 

efficiencies, such as alum treatments, infiltration trenches, downspout drywells, and soakage trenches (Table 

10) that are reported to have reduced bacteria concentrations by up to 90% (NCTCOG, 2021). Alum treatments 

are kinds of chemical treatment of stormwater, where infiltration trenches, downspout drywells, and soakage 

trenches utilize infiltration as a filter. It is important to note that these GI practices are not a one size fits all 

design.  

An alum treatment system is a chemical treatment of stormwater, using a piped drainage system to 

discharge the stormwater into a wet pond mixed with liquid alum (Figure 20). The liquid alum treats the 

stormwater, where the reported reductions for fecal coliform and suspended solids are up to 90%, phosphorous 

by 80%, heavy metals by 75%, and nitrogen by 60% (NCTCOG, 2021). Awopetu et al. (2011) compared alum 

treatment systems to other stormwater management practices in a polluted lake. They found a 78% reduction of 

total fecal coliform; however, E. coli reduced explicitly by only 27% (Awopetu et al., 2011). According to 

NCTCOG, alum treatments have been shown to consistently reduce more than 99% of the fecal coliforms in 

stormwater (NCTCOG, 2021).  
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Figure 19. Alum treatment for stormwater; Site Development Controls Manual, 6.4 Alum Treatment System: Inspection and 

Maintenance Requirements, page. 82 (NCTCOG, 2021) 

An infiltration trench, primarily designed for water quality, is a stone-filled trench that provides a 

space for stormwater to collect into an underground tank (Figure 21). The stormwater reaches the soil within 

approximately two days of a precipitation event as it filters through the trench, eventually reaching the water 

table. An infiltration trench filters water quality by utilizing soil and sediment’s natural filtration mechanisms, 

with the potential for reducing fecal coliform and heavy metals up to 90%, suspended solids by 80%, and 

phosphorous and nitrogen by 60%. Studies have shown the benefits of infiltration-based GI practices, where 

they remove higher concentrations of E. coli from stormwater than chemical treatments (Jefferson et al., 2017; 

Wolfand et al., 2018). Not only does this aid in water quality, but these designs also recharge groundwater and 

maintain baseflow. These developments are suitable for residential subdivisions and high-density urban areas 

(NCTCOG, 2021), making this GI practice an option for placement in VC's urban and industrial areas.  
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Figure 20. Infiltration trench design; Site Development Controls Manual, 20.1 Infiltration Trench General Description, 

page. 150 (NCTCOG, 2021) 

 A downspout drywell is perforated manholes that have a similar function to the infiltration trenches. 

However, they are a development to help reduce and treat stormflow by using minimal space, making it suitable 

for dense urban areas. Their water quality enhancement mechanism is similar to that of the infiltration trench. 

This practice reduces fecal coliform and heavy metals by 90%, suspended solids by 80%, and phosphorous and 

nitrogen by 60%. 

 

Figure 21. Downspout Drywell; Site Development Controls Manual, 19.0 Downspout Drywell, page. 145 (NCTCOG, 2021) 

 Another GI practice reported in the SWAT manual with a bacteria efficiency of 90% is a soakage 

trench, which again is similar to an infiltration trench. Stormwater collected in a soakage trench is drained 

through the perforated pipe located within the gravel of the trench and discharged to a vegetated area. These 

perform the same way as the infiltration trench and downspout drywell and have the same pollutant removal 

efficiencies. Soakage trenches are effective in highly impervious areas, where there is limited access to soil 
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surface due to development.  

 

Figure 22. Soakage Trench; Site Development Controls Manual, 21.0 Soakage Trench, page. 162 (NCTCOG, 2021) 

 Urban land covers are the highest contributor to E. coli in Village Creek, similar to other studies that 

have found urban land covers being a primary source for E. coli (Hathaway et al., 2009; Puri et al., 2009). 

Therefore, the urban areas should be a priority in the watershed for controlling E. coli sources. A critical factor 

discussed in the literature in identifying priority locations so the GI practices can be strategically placed in 

optimal performance locations throughout the study area (Di Matteo et al., 2017; Liu et al., 2017; Saadat 

Foomani and Malekmohammadi, 2019). Identifying these locations requires assessing topography, groundwater 

depth, land use types, impervious space, and locality to neighboring water bodies (Eaton, 2018; Saadat Foomani 

and Malekmohammadi, 2019).  

 Although many factors contribute to finding an optimal location, such as soil and slope, this study 

focused on urban areas with differing intensities when implementing GI practices to reduce amounts of E. coli. 

Prioritizing high-density urban and industrial land cover types for GI placement seemed to provide higher 

reductions than the other urban land cover types. It is in agreement with some studies that have shown a positive 

correlation between land imperviousness and E. coli concentrations and other pollutants due to the presence of 

higher pollutant sources in highly urbanized areas (Chen and Chang, 2014). Although only implementing GI 

practices in these areas would not reduce the bacteria to levels below the TCEQ standard of 126 CFU/100 mL, 

these areas have the highest E. coli reductions; therefore, they would be the most effective for achieving these 

standards.  

Since achieving a 90% reduction is uncertain and impractical, it is essential to look at alternatives to 

reduce E. coli concentrations in the watershed. In addition, this study only targeted urban areas (about one-third 
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of the watershed) to test GIs' benefits; therefore, implementing GI practices in other areas, such as rangeland or 

grassland, could potentially enhance the bacteria reduction to the acceptable level. 

 Implementing GI practices in only urban areas does not achieve compliance for all E. coli 

measurements. VC has mixed land uses, where the major types are urban, and rangelands and urban areas were 

not the only E. coli sources in the watershed. Sources of E. coli were additionally in rangelands due to 

agricultural animals grazing. Studies have shown that management operations used to address E. coli 

contamination sourced from animal grazing can help reduce the amount of E. coli discharged by runoff (Voeller 

et al., 2021; Wilcock et al., 2009). These management operations may include manure collection, controlling 

stormwater, and limiting cattle’s access to water bodies. Voeller et al. (2021) found that by implementing 

management operations that target these pollution sources in agriculture areas, average fecal indicator 

concentrations were reduced by 54 to 99%. 

 Furthermore, there was an increase in water quality measurements that met the standards (Voeller et 

al., 2021). Therefore, in addition to GI practices implemented in the urban areas, management operations may 

help control and reduce other E. coli in the watershed. For example, a primary source of E. coli in the watershed 

is from failing septic systems. Therefore, in addition to GI practices, another way to improve VA's water quality 

is by inspecting existing septic systems for potential failures and leakages and then fixing those issues. This 

approach could reduce the sourcing of E. coli. However, inspecting and repairing failing septic systems can be 

very expensive.  

Pathogenic pollution is the leading cause of water quality impairments, polluting about 17% of the 

miles from assessed rivers and streams (EPA, 2017a). Of the types of pathogen fecal coliforms, Escherichia coli 

(E.coli) is the primary pollutant, causing impairments to 10% of the assessed rivers and streams in the U.S. 

(EPA, 2017a). Furthermore, Texas, as a state, also has water quality impairment problems. About 42% of 

assessed rivers and streams are classified as impaired (EPA, 2017a). The major cause of impairments is 

pathogenic bacteria, making up 27.5% of assessed rivers and streams (EPA, 2017a). The septic systems are a 

major contributor to E. coli loads. These are located in residential or urban areas. Failing septic systems across 

the U.S. release large amounts of bacteria and pollutants into surface and groundwaters (Hoff et al., 2018; 

Sowah et al., 2017). As this is a significant source of pollution in the urban areas, GI practices should be 

implemented in the regions that will capture E. coli before reaching the waterbodies.  
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Poor water quality is a threat to public health, especially pathogenic pollution, such as E. coli. 

Pathogens, including fecal coliforms, are the leading cause of water quality failing to meet standards in the U.S. 

(Keiser and Shapiro, 2019). Found in the intestines of warm-blooded animals, if the bacteria makes its way to 

surface waters, it can expose humans to these pathogens in high concentrations. There are many strains of E. 

coli, some of which are not harmful. Still, other types may result in illness and diseases such as gastrointestinal 

illness, respiratory pneumonia, urinary tract infections, meningitis, and gastrointestinal infections (USGS) when 

humans are exposed (USGS). The risk of getting sick when a person comes in contact with E. coli can depend 

on the degree of exposure (Russo et al., 2020); therefore, it is crucial to keep the concentrations low. 

VC is at the headwaters of Lake Arlington, which is a freshwater supply for surrounding communities 

and frequently used for recreation, most popularly fishing (Hoff, 2019). Around the U.S., many people use 

surface waters for recreational purposes, such as swimming, sports, boating, and fishing; however, studies show 

that people that participate in these water recreations are put at higher risks of gastrointestinal illnesses 

(Deflorio-Barker et al., 2018; Russo et al., 2020). Deflorio-Barket et al. (2018) estimated that about 90 million 

cases of diseases (GI, respiratory, ear, eye, or skin) are from recreational use of surface waters in the U.S., 

polluted from pathogens such as E. coli. Furthermore, they estimated the annual health care cost generated from 

these waterborne illnesses to be about $2.9 to 3.4 billion (Deflorio-Barker et al., 2018).  

Therefore, watershed managers and stakeholders must be proactive with water quality improvements. 

The Trinity River Authority (TRA), which monitors VC, began to take action once the impairments were 

noticed in 2010 before developing the Village Creek-Lake Arlington watershed protection plan. Elevated 

bacteria concentrations in a watershed can impose minor or severe health risks, financial burdens, and limited 

water use for recreation. Therefore, stakeholders must develop plans and actions to ensure the water quality is 

under control in the VC watershed.  

Assumptions/Limitations/Future Research 

 There are limitations to this study regarding data, model development, and the application of 

management scenarios. The most important limitation is the limited availability of E. coli observations in the 

watershed. There were only 48 E. coli measurements available for nine years between 2011 and 2019. More 

importantly, the available E. coli measurements were sporadic, constraining our ability to train the model. 

Having bacteria data collected at defined regular intervals and different rainfall conditions may provide a good 
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training environment for model parametrization and identify relationships among other affecting variables.  

Therefore, future research should focus on collecting E. coli samples periodically through routine monitoring. 

For bacteria modeling analysis, bacteria sources in the watershed must be correctly identified. For example, 

having watershed specific cattle stocking rates, manure productions from cattle, domestic animals such as dogs, 

cats, and wildlife, including birds, hogs, and deer, would help estimate the appropriate amount and 

concentration of bacteria. This study used a county-level average stocking rate. It recommended manure 

productions for various wild animals as obtained from existing literature, which could not represent the VC 

watershed. Another important source of bacteria is the failure of wastewater infrastructure, OSSFs and sewer 

systems. According to the U.S. EPA, the septic system failure rate is up to 25%, with some states reaching even 

higher rates (EPA, 2005). Failure rate estimations for states have been as high as 50-70% in Minnesota and as 

low as 0.4% in Wyoming (U.S. EPA, 2002). Generally, counties in the U.S. report about 11% or 12% failure 

rate (Hoff et al., 2018; Withers et al., 2014). Systems over 25 to 30 years old have a higher risk of failure due to 

system age and lack of maintenance of these systems; however, these are more difficult to find due to the lack 

of permitting (EPA, 2005; Hoff et al., 2018). This study applied an OSSFs failure rate of 12%, which may not 

represent this watershed. For a better estimation of E. coli from OSSFs, future studies should identify the 

locations of failed systems and their failure rates for this watershed. 

 Land cover types and uses, including agricultural and urban areas, contribute to high E. coli 

concentrations in downstream waters (Gotkowska-Płachta et al., 2016; Petersen and Hubbart, 2020). In this 

study, a stationary land cover map was used for the entire model simulation period, which could significantly 

limit the dynamics of E. coli as their growth, concentrations, and transport are affected by varying levels of 

imperviousness in urban areas. Therefore, recommendations for future research include the consideration of 

land-use change scenarios.  

 This modeling research applied hypothetical management strategies to reduce bacteria concentrations. 

The model may overestimate E. coli removal efficiencies during high-intensity storm events, as studies have 

shown GI practices may lose their efficiency during more intense storms (Zhang et al., 2019). Therefore, 

overestimations may be greater than the typical removal of urban GI practices designed for 25-year storms. 

Additionally, many factors, such as design, size, placement locations, etc., go into the practical application of 

the GI practices, which was beyond the scope of this study. GI design is not a functionality of SWAT; however, 

other hydrologic models do include a design component to study the fate and transport of bacteria. For example, 



 
 

58 

 

the Storm Water Management Model (SWMM) can provide a much better model simulation of the GI practices' 

water quantity and quality performance by manipulating their structural designs (Taji and Regulwar, 2019). 

Future studies may utilize such models to design and place GI practices in target areas in the watershed.  

 The socioeconomic factors in the VC watershed may also play a role in the applicability of GI 

practices. This study did not evaluate stakeholders’ willingness to implement and maintain different types of GI 

practices which can be a deciding factor for many developers (Bell et al., 2020; Herzog et al., 2019; Jayasooriya 

and Ng, 2013; Lee et al., 2012; Liu et al., 2016; Mao et al., 2017; Raei et al., 2019; Sohn et al., 2020). 

Maintenance of GI practices may be required for general functions, clogging from trash or sediments; therefore, 

incorporating maintenance costs is important (Herzog et al., 2019; Ishimatsu et al., 2017; Lee et al., 2015; Mao 

et al., 2017). NCTCOG iSWM Online Technical Manual includes cost, maintenance, and further details for the 

GI practices (NCTCOG, 2021).  The scenarios used in this study were assumed to reduce bacteria 

concentrations by up to 90%, but this study did not include the cost-benefit analysis of these scenarios. 

However, the results of this study may provide stakeholders with insights into the potential benefits of 

implementing GI practices in the VC watershed. 

Section VI. Conclusion 

 As of 2021, the VC watershed is at an impaired state due to high E. coli concentrations in some creek 

segments. This study estimated the effectiveness of GI practices to aid in E. coli reductions in the watershed by 

developing a SWAT-based hydrological model. Management scenarios with 70% and 90% E. coli removal 

efficiencies were tested under different classes of urban areas within the watershed.  

Model simulations under these GI scenarios indicated their ability to reduce E. coli concentrations in 

the VC watershed by 5 to 81%. And yet, even the most aggressive scenario (Scenario 6) could only lower the E. 

coli levels below the acceptable levels of 126 CFU/100mL for 67% of the time in a nine-year model simulation 

period. Thus, VC watershed stakeholders may benefit by prioritizing the watershed's highly urbanized and 

industrial areas when planning and implementing GI practices.  

Stakeholders may benefit from this research results when identifying strategies to target and reduce 

bacteria concentrations in the watershed. In addition, the watershed must implement strategic management 

practices in urban areas to restore VC’s water quality to healthy standards. VC is at the headwaters of Lake 

Arlington, which is a primary freshwater source for surrounding communities, used for recreation, drinking 
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water, and other utility. As the north-central region of Texas continues to urbanize with added population, the 

Village Creek watershed will likely urbanize as well with added challenges of water quality. Therefore, it is 

crucial to maintain a healthy watershed to sustain the water resources in the area.  
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Urbanization imposes threats to water quality requiring water management strategies that aid 

sustainable development, such as green infrastructure (GI). This study estimated the usefulness of GI practices 

to help in E. coli reductions in an impaired Village Creek watershed (VC) located in the North Central Texas 

region. First, a Soil and Water Assessment Tool-based model of the VC was developed to represent current 

watershed conditions. Then, seven GI scenarios, with 70% and 90% bacteria removal efficiencies, were 

implemented in urban areas to estimate their impacts in reducing E. coli concentrations. The results showed that 

the GI scenario with 90% removal efficiency could reduce about 81% E. coli concentrations in the watershed, 

with higher reductions observed in high-density and industrial urban areas. Thus, the findings of this thesis 

research could be beneficial to stakeholders in the VC watershed to reduce E. coli concentrations through GI 

implementations in target areas.  


