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Abstract 

 

 

 Urban development has long been known to be disruptive of the hydrological cycle and 

surface water quality. The change from natural vegetation to impervious materials tends to result 

in larger quantities of stormwater runoff because of lower surface infiltration, leading to flooding 

and stream bank erosion. Higher pollutant loads are also more likely and can lead to waterbody 

impairment for drinking water, recreation, and aquatic habitats. One of the most significant 

pollutants is sediment, which is especially common rapidly developing areas where construction 

site runoff is a greater issue. One such area is the Moore’s Mill Creek (MMC) watershed in Lee 

County, Alabama. Population growth in the cities of Auburn and Opelika over the past fifteen 

years has necessitated a reevaluation of the watershed management plan to address the persistent 

issue of sedimentation using best management practices (BMPs). Hydrological models are a 

valuable tool for assessing the effectiveness of BMPs by representing hydrologic and water quality 

behavior within a watershed. The Storm Water Management Model (SWMM) is one of the oldest 

and most popular of these models. Though it is ordinarily used for urban stormwater management, 

SWMM has hydrologic and water quality capabilities that allow it to be applied to a variety of 

watersheds. Stream flow data and water samples were collected across the northeast portion of the 

MMC watershed to calibrate hydrographs and total suspended solids pollutographs for several rain 

events. Sensitivity analyses were conducted to better understand the individual and combined 

effects of hydrologic and water quality parameters on model results. The results showed the 

significance of aquifer and surface storage representation to stream hydrograph accuracy and total 

outflow volume, as well as to pollutograph recession curves. Accounting for groundwater also 

improved modeled hydrograph recession curves compared to previous research in the watershed.   
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Chapter 1. Introduction and Objectives 

1.1 Background 

The water cycle is a delicate system that requires careful consideration by engineers and decision 

makers. In the context of land development in watersheds, hydrological studies seek to understand 

the relationship between human activities and their effects on the movement of water over land, 

underground, and in the atmosphere. Of particular interest with regards to urban development is 

stormwater management. It has long been understood that urbanization and land development are 

closely linked with stormwater runoff. The change from pervious to impervious surfaces correlates 

with a significant increase in the quantity of runoff due to impervious surfaces having a lower 

storage and infiltration capacity (Anderson 1970; Nathanson 2008; Konrad 2016). Stormwater 

collection systems also facilitate the rapid transport of urban runoff to natural stream networks 

(Seaburn 1969; Anderson 1970; Nathanson 2008; Konrad 2016). This results in larger runoff 

volumes that are concentrated more rapidly, leading to an increased frequency of flooding and 

possible stream bank erosion, among other environmental impacts (Konrad 2016). 

 Another concern with stormwater runoff is pollution. Surfaces can naturally accumulate a 

variety of pollutants, including sediment, organic matter, heavy metals, fertilizer compounds such 

as nitrates and phosphates, and pathogens, among others (U.S. EPA 2023). These are washed off 

by rainfall into nearby streams. Urban development has been linked with increasing loadings of 

these pollutants (U.S. EPA 2003), as well as introducing other pollutants such as oil and heat from 

road surfaces. 

 Sediment is one of the most significant water pollutants and the one most responsible for 

water body impairment (U.S. EPA 2023). Sediment is produced through overland sheet erosion 
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from rainfall and runoff and stream bank erosion by water flowing in natural channels (Nathanson 

2008). Soil particles are dislodged by rainfall impacts and runoff or streamflow moving at high 

enough velocities, with higher velocities being able to dislodge larger particles. These particles 

become suspended and can cause several environmental problems, including contributing to 

streambank erosion, obstructing flow or destroying aquatic habitats through deposition, and 

blocking sunlight for aquatic flora by increasing turbidity (Wolman and Schick 1967; Erhart et al 

2002; Nathanson 2008; U.S. EPA 2023). 

 Changes in land cover are a major contributor to the problems of stormwater runoff 

quantity and quality. Natural foliage and vegetation help to obstruct overland flow, which increases 

the time of concentration, thereby reducing flood risks, and decreases the rate of sheet erosion 

(Nathanson 2008). Land development, whether for agricultural, residential, or commercial 

purposes, disrupts this natural process. Runoff from construction sites tends to contain 

substantially higher concentrations of sediment than agricultural or natural lands due to the soil 

being completely exposed and disturbed by heavy equipment (Wolman and Schick 1967; 

Nathanson 2008; U.S. EPA 2023).  

 Water bodies that do not meet water quality standards for their intended use, such as for 

drinking water, recreation, or protecting aquatic wildlife, are considered impaired and are listed in 

the 303(d) list of the Clean Water Act (ADEM 2024b; Frazier 2025). The state of Alabama alone 

has 550 entries on the 303(d) list, many of which are impairments of the same water body by 

different pollutants (ADEM 2024a). Among these is Moore’s Mill Creek (MMC), located in Lee 

County. MMC is comprised of approximately 14 miles of stream with a receiving area of about 

11.5 mi2 (~30 km2), shown in Figure 1.1 (Acer 2008). The stream has been impaired by siltation, 
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or sedimentation, since 2000 (ADEM 2024a), the main source of which has been linked to rapid 

urban development and bank erosion (Acer 2008). 

 
Figure 1.1 Map of Moore’s Mill Creek Watershed  

 To mitigate flooding, contemporary stormwater management practices utilize a mix of low 

impact development controls (LIDs) and best management practices (BMPs). LIDs are used to 

detain runoff and encourage infiltration or evapotranspiration to reduce the volume of stormwater 

entering a stream (Rossman and Huber 2016a). BMPs are a set of nonstructural preventative 

measures and structural control devices for reducing both the volume of runoff and concentrations 

of pollutants to reproduce pre-development flow conditions and water quality (Nathanson 2008). 

Hydrological models are important tools for evaluating the effectiveness of BMPs and LIDs, as 

well as for the design of stormwater management systems. As part of a larger watershed 
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management plan update project, this research continues the work of Xiao (2022) in developing a 

hydrological model of the MMC watershed. 

1.2 Hydrological Models 

Several types of hydrological models exist and can be categorized based on spatial distribution. 

The simplest of these are lumped models, which assume uniform characteristics across all surfaces 

within a catchment or watershed (Sitterson et al 2017). These types of models are best suited for 

providing rough estimates for peak or total flow as they neglect spatial or temporal variability of 

rainfall and hydrological characteristics within the catchment area. An example of this is the 

Rational Method. Distributed models are disaggregated models that break watersheds up into 

smaller units based on shared attributes. These models simulate hydrological processes for each 

unit and are better suited for modeling pollutant transport (Sitterson et al. 2017). 

 Distributed models are classified into two main categories. Fully distributed, or grid based, 

delineates watersheds based on a grid of cells that are assumed to be homogeneous (National 

Academies 2023). Models such as GSSHA or HEC-RAS have a finer resolution but may require 

a higher degree of input and computer processing power to get useful results. Semi-distributed, or 

subcatchment based, delineate watersheds based on shared land attributes, as determined from 

digital elevation maps (DEMs) or land use-land cover (National Academies 2023). These types of 

models combine the lower input requirements and quick simulation time of lumped models with 

the spatial and temporal variability of fully discretized models (Sitterson et al. 2017). Among the 

most widely used of these is the EPA Storm Water Management Model (SWMM). 

 SWMM was one of the first computer models for analyzing quantity and quality of urban 

stormwater (Rossman and Huber 2016a; 2016b). The model was first developed in 1971 with new 
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capabilities having been developed since then, such as water quality analysis and LID controls, as 

well as commercial versions released with geospatial database integration (National Academies). 

SWMM has a variety of applications, including floodplain analysis and risk assessment, sewer 

system design, detention pond design, LID assessments, and pre- and post-development runoff 

comparisons (Jang et al 2007; Gironás et al 2009; Niazi et al 2017; U.S. EPA 2024). The ease of 

use, quick setup, and low data input requirements makes SWMM a preferred option for rapid 

assessments or modeling of data-scarce regions (Snikitha et al 2024). 

1.3 Aspects of Hydrological Modeling Studies 

1.3.1 Abstraction and Infiltration 

Not all stormwater becomes runoff. A portion of the rainfall can be intercepted by vegetation, 

infiltrated into the soil to become groundwater, or detained in depression storage for eventual 

evaporation or infiltration (ALDOT 2014), which are collectively known as abstraction. The 

capacities for each of these vary temporally, decreasing during rain events and increasing during 

dry periods. Hydrologic models can represent all three components of abstraction, but the most 

important of these to consider is infiltration because of the role it plays with calculating 

groundwater. 

 There are several methods for representing infiltration in hydrologic models, including 

Green-Ampt, Horton, and Curve Number (CN). Green-Ampt is the oldest of these and is a direct 

application of Darcy’s law for water movement in porous soils (Rossman and Huber 2016a). The 

Horton method uses a semi-empirical formula to represent the change in infiltration capacity, but 

applying the traditional equation is limited to rain events with an intensity greater than the initial 

capacity (Rossman and Huber 2016a; Vishwakarma et al 2025). The Soil Conservation Service 



6 

 

(SCS) CN method can be used to estimate all abstractions. The infiltration version, as used in 

SWMM, is based on a combination of land use and hydrological soil groups (Rossman and Huber 

2016a).  CN method is the most pertinent of these to this work. A preceding study by Xiao (2022) 

of the MMC watershed investigated alternative approaches to CN infiltration, proposing a Cut-off 

approach in place of the traditional Fully Composite approach. In terms of accurately representing 

infiltration rates, Vishwakarma et al (2025) observed that Horton was the best based on statistical 

analysis, followed by CN and Green-Ampt. 

1.3.2 Groundwater Interactions  

Groundwater is an important part of the water cycle and source of water for human consumption 

(Linsley et al 1975; Nathanson 2008). This water is stored in porous layers of rock and soil called 

aquifers that typically follow the contour of the overlying land (Nathanson 2008). Confining layers 

of impermeable rocks separate different aquifers in an area. The uppermost, unconfined aquifer is 

divided by the water table into a saturated zone, where all pores are filled with water, and an 

unsaturated zone, where water percolates to the saturated zone (Rossman and Huber 2016a). 

 Most practical representations of groundwater in stormwater and hydrologic modeling are 

concerned with interflow from shallow aquifers. Interflow is the groundwater that moves through 

is discharged into a surface body of water like a stream or lake, rather than percolate deeper into 

the aquifer. This discharge occurs where the water table meets the surface and accounts for the 

baseflow of many streams between rain events (Nathanson 2008). It plays an important role in 

shaping stormwater hydrographs (Rossman and Huber 2016a) as groundwater moves much slower 

through the soil than runoff does over land (Linsley et al 1975). 
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Several hydrological models, distributed and semi-distributed, are capable of modeling 

groundwater to varying levels of complexity, including SWMM. Moore (2016) compared the set 

up process and accuracy of model results between SWMM and GSSHA. SWMM had the 

advantage of being simpler and being able to perform extended period simulation in relatively 

short periods. However, GSSHA was generally observed to be a better predictor of groundwater 

table fluctuations than SWMM. This can be attributed to the simplification of groundwater in 

SWMM as a mass-balance equation, whereas GSSHA is a coupled surface and groundwater model 

that uses a 2D grid (Moore 2016). 

Several studies have assessed the effects of groundwater on hydrological models with 

LIDs, mostly conducted with SWMM. The work by Kim et al (2019) found that accounting for 

groundwater improved runoff predictions relative to observations for a bioretention cell. However, 

there are limitations to these applications. SWMM was observed to not account for direct 

groundwater interference with surface water or LIDs (Kim et al 2019; Zhang and Chui 2020). 

Additionally, as previously mentioned, SWMM simplifies the unsaturated zone hydrology (Zhang 

and Chui) which may limit its usefulness for green infrastructure assessments that utilize multiple 

soil layers (Tu et al 2020). SWMM has the advantage of built-in LID options, but other models 

with more advanced surface water-groundwater coupling, such as GSFLOW, can be modified to 

represent and effectively test various controls (Marchildon and Kassenaar 2013).  

Hydrological models can be paired with advanced groundwater models to overcome the 

limitations or absence of groundwater capabilities. MODFLOW (Harbaugh 2005), one of the 

oldest of these tools, has been coupled with models with no groundwater modeling capabilities 

like HEC-RAS (Rodriguez et al 2008) and those with simplified groundwater components like 

SWMM (Rivard et al 2004; Zhang and Chui 2020) and SWAT (Bailet et al 2016; Semiromi and 
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Koch 2019) for a better representation of surface water-groundwater hydrology. Coupling models 

to external software like MODFLOW (Zhang and Chui) or HYDRUS (Hudepohl et al 2016) does, 

however, require advanced modeling knowledge and has limited use cases. Alternatives have been 

proposed to use only the tools provided by the hydrologic modeling software. For example, Tu et 

al (2020) proposed a methodology for incorporating a simplified Richards equation for water in 

the unsaturated zone by only using the tools provided by SWMM. The results of this study showed 

it was possible to accurately represent unsaturated zone hydrology without external software 

packages or modifying the SWMM source code. 

One of the challenges of groundwater modeling is a lack of data. There are few 

comprehensive sources of groundwater data, and those do exist still contain gaps in spatial and 

temporal records (Condon et al 2021). Various factors can influence subsurface hydrology, 

including the variability of soil layers (Tu et al 2020) and groundwater pumping (Condon et al 

2021). 

1.3.3 Model Discretization and Scale 

An important consideration in all modeling is the level of detail. Higher complexity models tend 

to provide better or more accurate results as they account for more processes of the water cycle. 

However, these require large quantities of high quality data, powerful computers, and time to run 

simulations (Linsley et al 1975). James (2005) identified two types of model complexity. Process 

disaggregation refers to the number of modeling processes—infiltration, exfiltration, 

evapotranspiration, pollutant buildup and washoff, etc.—occurring simultaneously. Spatial 

discretization refers to the number of units—subcatchments, grid cells, conduits, nodes, etc.—for 

which processes occur. The optimal model complexity is dependent on the intended application, 

modeling objectives, and how the results are evaluated. As previously stated, simpler models are 
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more desirable in cases where there is a lack of data or results are desired quickly (James 2005; 

Snikitha et al 2024).  

 There is no clear consensus about whether finer resolution models are better for results 

(Ghosh and Hellweger 2011; Goldstein et al 2016; Niazi et al 2017). Ghosh and Hellweger (2011) 

observed that prior studies generally supported the existence of a “scale effect,” whereby the 

spatial resolution of a model effects the results. Attempting to investigate the cause of this effect 

by using an extremely simplified watershed model showed total volumes were relatively 

insensitive to aggregation. Peak flows, however, were more sensitive and had a dual scale effect 

based on spatial resolution. Subsequent studies (Krebs et al 201; Goldstein et al 2016) support 

these findings about the insensitivity of total outflow. Comparisons by Goldstein et al attributed 

overestimation of peak flows by lower resolution models to the aggregation of overland flow 

parameters that slow the transport of runoff less than in higher resolution models. However, 

Wanniarachchi and Wijesekera (2020) indicates that disaggregated models become more sensitive 

to changes in other parameters. Stream roughness becomes a bigger factor with finer stream 

discretization, particularly in representing small, lower order streams. 

The size and scale of models is an important consideration for these studies. Applications 

for hydrological models range from large regions of several square miles (Warwick and Tadepalli 

1991; Wanniarachchi and Wijesekera 2020) to city blocks (Goldstein et al 2016; Shaneyfelt et al 

2021). High resolution, highly discretized models can mean different things for different sized 

study areas, which may be a contributing factor to the lack of consensus. Disaggregation, while it 

may help avoid scaling effects, becomes less practical as the study area becomes larger. Results 

from Wanniarachchi and Wijesekera (2020), which distributed subcatchments based on stream 

order, showed that the best model was a model distributed according to higher order streams and 
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not the fully disaggregated model distributed according to lower order streams. This would support 

the point from James (2005) about an optimal level of complexity and indicates that hydrological 

models can be over-discretized to the detriment of results. 

1.3.4 Water Quality Modeling 

A major concern since the beginning of stormwater modeling has been water quality. One of the 

original intended applications of SWMM was water quality assessment (Rossman and Huber 

2016a; 2016b). The Universal Soil Loss Equation (USLE) (Wishmeier and Smith 1965) and later 

Revised USLE (RUSLE) (Renard et al 1997) are some of the oldest and most widely used models 

for soil loss (DeCoursey 1985, Kinnell 2010), which is intrinsically linked to sedimentation, 

turbidity, and total suspended solids (TSS). 

 Warwick and Tadepalli (1991) were among the earliest to anticipate large scale water 

quality models with a TSS study using SWMM for a 10 mi2 watershed. This study intentionally 

adopted a limited calibration to test the accuracy of runoff quantities and water quality for a coarse 

model. The study by Abbaspour et al (2015) represents one of the most extreme use cases, whereby 

SWAT was used to model hydrology and water quality for the entirety of Europe. Studies on such 

a scale are inevitably limited by accessible data for surface, subsurface, and water quality 

conditions and will rely heavily on assumptions or generalizations. More commonly, these models 

are used to assess the effectiveness of LIDs and BMPs for pollutant mitigation in urban settings 

(Vaze and Chiew 2003; Abi Aad et al 2009; Li et al 2016). In these cases, process-based models 

like SWMM are better suited for extended period analysis, but simpler regression models can also 

adequately predict pollutant loads for single storms (Vaze and Chiew 2003). 
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An important metric water resource engineers may want to know is the loading by land type 

to better identify pollutant sources (Yan et al 2022). This is a limitation of SWMM due to 

subcatchment delineation typically being based on elevation data. Fernandez et al (2019) and a 

subsequent study (Yan et al 2022) proposed a method a manual land cover based (LCB) delineation 

rather than automatically delineating subcatchments by elevation data. The LCB approach was 

about as accurate for overall model performance, but more often acceptable in terms of both 

hydrologic and water quality modeling than the elevation delineated model.  

1.4 Knowledge Gaps 

SWMM is a model with hydraulic, hydrologic, and water quality capabilities, but most use cases 

and studies focus on urban stormwater applications. Many studies, including those discussed 

above, calibrate according to flow hydrographs or total flow volume at the outfall. This can provide 

useful information for assessing flood risk or designing detention facilities. However, it does not 

provide a complete understanding of hydrological behavior across entire watersheds. For example, 

flood risk can be assessed based on the depth-velocity product, which can vary throughout a 

watershed (U.S. DOI 2014) and be affected by structures such as bridges that obstruct flow. Models 

for such purposes must therefore be able to accurately represent conditions within the whole study 

area to identify where structural damage or fatalities are most likely to occur. In the case of the 

project this study is a part of, it is necessary to analyze the watershed to identify where BMPs and 

LIDs are most needed to mitigate siltation. It was necessary to improve upon previous research 

(Xiao 2022) to better represent depth recession curves across MMC before assessing these tools 

and prescribing the appropriate methods for addressing stormwater quality. 

 Additionally, there is a lack of studies into the relationship between different hydrologic 

and water quality parameters. The previously mentioned studies into model discretization did not 
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investigate how other hydrologic parameters affect results at different resolutions. The study by 

Ghosh and Hellweger (2011) focused only on understanding the effects of discretization on runoff, 

but did not benchmark the results against observations to check the accuracy of the different 

models. For water quality modeling, Tu and Smith (2018) intentionally neglected groundwater and 

considered only direct runoff to test a method for selecting buildup and washoff parameters. This 

omission raises a question about the effect groundwater and aquifer components may have had on 

the development of the modeling methodology or the results.  

1.5 Objectives 

The overarching objective of this research is to develop a higher level of understanding of the 

hydrological and water quality behavior of the MMC watershed. The tasks to accomplish this are 

split between field work and modeling efforts, listed as the following: 

1 To perform a field investigation on the hydrologic behavior of MMC through extended-period 

measurements of rainfall, depth, and velocity in various location within the watershed; 

2 To perform TSS and turbidity measurements at the downstream end of the Opelika portion of 

MMC, deriving TSS-turbidity curves; 

3 To improve upon previous research by Xiao (2022) by developing a similar watershed model 

that includes the effects of shallow groundwater in hydrograph recession representation; 

4 To perform separate sensitivity analyses on hydrological and TSS modeling parameters to 

better understand how parameters affect the results independently and in conjunction with 

other parameters in a calibrated model of MMC; 

5 To calibrate buildup and washoff parameters for accurate SWMM representation of TSS 

pollutographs. 
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Chapter 2. Methodology 

2.1 Field Work 

2.1.1 Study Area 

The MMC watershed covers approximately 30 km2, including parts of the cities of Auburn and 

Opelika to the north and Chewacla State Park to the south. The area of study for this research 

consists of the northeast third of the watershed to the east of the Auburn University Airport, 

covering approximately 10 km2 mostly within the city of Opelika (Figure 2.1). This is the same 

area as studied by Xiao (2022). 

 

Figure 2.1 Map of Moore's Mill Creek Watershed in Opelika, Alabama 

 The Opelika subwatershed of MMC covers a mix of developed land, including the Tiger 

Town shopping center, the Saugahatchee Country Club and surrounding neighborhoods, and parts 
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of the Auburn University Airport, and undeveloped forests interspersed throughout the area. 

Additional development is ongoing at the headwaters of the watershed along Gateway Drive. Data 

was collected at several points within this subwatershed, as well as in the larger watershed as part 

of the larger project (Figure 2.2). The following sections identify the equipment used and the data 

they were used to collect. 

 

Figure 2.2 Map of Data Collection Locations Indicating Type of Data Collected and 

Collection Dates 
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2.1.2 Stream Depth Data Collection 

This research most extensively used Onset HOBO U20L-04 level loggers (Figure 2.3) for depth 

measurements up to 4 m (13 ft) (Onset 2024b). The level loggers work by measuring the total 

barometric pressure on the casing of the instrument. Several level loggers were deployed 

throughout the subwatershed to monitor stream depth. One logger was deployed to measure only 

atmospheric pressure to provide systematic corrections of depth measurements. Each logger has 

an individual accuracy of about ±0.3% (Onset 2024b), which creates a combined error of about ±2 

cm (±1 in). All level loggers were programmed to record in 15-minute intervals in-sync with one 

another.  

 

Figure 2.3 U20L-04 Level Logger 

 The loggers were checked for calibration prior to field deployment by placing them in a 

bucket with a known depth of water. Additional water was added during the calibration period to 

confirm the logger correctly registered the change in depth. Loggers were deployed by tying one 

end with rope and steel wire to a fixed anchor, such as rebar. The stream depth was measured with 

a ruler at the beginning and end of every data collection period.  



16 

 

Data was retrieved from the loggers using a specialized coupler attached to a universal 

HOBOware shuttle connected to a laptop with HOBOware software (Onset 2022) (Figure 2.4). 

This data was processed by inputting the ruler measurement for initial depth and the readings from 

the atmospheric logger to convert the pressure data to water depth in meters. The converted 

measurements were exported to Excel to create time series files for SWMM calibration.  

 

Figure 2.4 Logger Data in HOBOware: Temperature (Blue) and Absolute Pressure (Black) 

 Water depth data was collected from December 2021 to January 2022 at five locations 

throughout the watershed as part of the previous study: Capps Way, Hamilton bridge, Lakeshore 

Dr, Bent Creek Rd, and Champions Blvd (Figure 2.2). Atmospheric pressure was collected at 

Lakeshore Dr as it was centrally located. This study continued monitoring depth data at Hamilton 

starting in November 2023 and Bent Creek starting in November 2024 (Figure 2.5). Atmospheric 

readings were taken at Moore’s Mill Rd as part of future efforts. The locations of these sites are 

shown in Figure 2.2. 
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Figure 2.5 Monitoring Stations at Hamilton (left) and Bent Creek (right) 

2.1.3 Stream Velocity Data Collection and Processing 

A 2150 AV (area-velocity) module and sensor (Teledyne Inst. 2024) was used to measure stream 

velocity as well as depth at several locations (Figure 2.6). The AV sensor uses the Doppler effect 

to measure stream velocity by detecting the speed at which suspended particles in water are moving 

towards the sensor (Teledyne Inst. 2024). The sensor also measures water pressure and 

automatically converts this to depth. Users can input stream cross-section measurements for the 

module to automatically calculate the area-velocity or flow rate of a channel. Only linear stream 

velocity and depth were considered for the purposes of this study. The Isco 2150 is rated for 

streams with a velocity range of -1.5 to 6.1 m/s (-5 to 20 ft/s) that are at least 25 mm (0.8 in) deep 

with an accuracy of about ±2.0% (Teledyne Inst. 2024). Measurements were programmed to be 
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taken at 30-minute intervals when the stream depth was below 5 in (~130 mm) and at 5-minute 

intervals when the depth was above this threshold. 

 

 

 

 
 

Figure 2.6 Isco 2150 AV Module (left) and Sensor (right) 

 The AV sensor calibration was checked by two methods. The first method checked whether 

the sensor correctly measured a depth of water, following a similar method to the calibration of 

the level loggers. The second method made use of a hydraulic flume in the Civil Engineering 

Department Instructional Hydraulic Laboratory (Figure 2.7) with dye to check the calibration of 

the velocity sensor. The AV sensor readings were compared to readings from a Global Water FP211 

flow probe (Global Water 2009) (Figure 2.7) and hand calculations based on the speed of the dye 

over a fixed length. The sensor was deployed in the stream by tying it with string to a concrete 

such and placing it at the bottom of the channel. The module was secured in place above the 

floodplain with steel wire. Steel plates and wire were used to secure the communications cable to 

prevent large debris from dislodging the device. 
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Figure 2.7 Hydraulic Flume (left) and Global Water Current Meter FP211 (right) 

The stream depth was measured with a ruler at the beginning and end of every data 

collection period and compared to the active measurement as reported by the AV module. The 

stream velocity was measured using a Global Flow Probe and compared to the active measurement. 

Data was retrieved from the module using a shuttle connected to a laptop with Flowlink 5.1 

software (Teledyne Isco 2012) (Figure 2.8). The measurements were exported to Excel for data 

processing. 

 The velocity and depth readings from the AV sensor were used to create HV (head-velocity, 

or stream rating) curves to create velocity time series files for SWMM. The reliance of the AV 

sensor on suspended particles made it prone to erroneous readings that resulted from low turbidity 

or obstruction by siltation or debris. It was therefore necessary to select the periods of data that 

best demonstrated a shared response between depth and velocity and clean it of faulty 

measurements. 
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Figure 2.8 Flowlink 5.1 Software 

 Only one AV sensor was available for deployment. The sensor was deployed at one site at 

a time for about one month before moving to another station. These sites were Capps Way 

(Figure 2.9) from November to December 2024, Hamilton from December 2024 to January 2025 

(Figure 2.5), and Bent Creek since January 2025 (Figure 2.9). The location of these sites are 

shown in Figure 2.2. 

  
Figure 2.9 Monitoring Stations for Capps Way (left) and Bent Creek (right) 
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2.1.4 Rainfall Data Collection 

Rainfall was measured using Onset HOBO RG3 rain gauges (Onset 2024a) (Figure 2.10). The 

RG3 is a tipping bucket rain gauge that records rainfall in depth increments of 0.01 in (0.2 mm). 

The rain gauge has an accuracy of ±1.0% of measured rainfall for an event (Onset 2024a). 

Measurements were continuously recorded in terms of “events” as the bucket tipped from rainfall 

accumulation. 

 

Figure 2.10 RG3 Rain Gauge 

 Calibration of the rain gauge followed the procedure indicated in the HOBO Data Logging 

Rain Gauge (RG3 and RG3-M) Manual (Onset 2024a). A volume of 437 mL of water was poured 

into a dripping cup placed over the rain gauge. When the cup was drained, the rain gauge was 

connected to a laptop with HOBOware to check if the total number of bucket tips was 100±2 over 

a period greater than 1 hour. If the cup drained too quickly, the hole was adjusted to reduce the rate 

of dripping. If the number of tips was outside the acceptable range, the two screws at the bottom 
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of the rain gauge were tightened or loosened equally. This process was repeated until the rain gauge 

was properly calibrated. 

 Rain gauges were deployed in discrete locations on level surfaces and secured in place with 

rope and steel wire. Data was retrieved from the rain gauges using a specialized coupler attached 

to a universal HOBOware shuttle connected to a laptop with HOBOware software (Onset 2022) 

(Figure 2.11). This data was processed first by applying a filter to count the number of tips in 5-

minute periods. This was then exported to Excel and converted to rainfall depth in mm to create 

input time series for SWMM. 

 

Figure 2.11 Rain Gauge Data in HOBOware: Rainfall (Blue) and Temperature (Black) 

 Rain was collected at several sites over different periods. The original data from Xiao 

(2022) was collected from December 2021 to January 2022 in the proximity of the Auburn 

University Airport. The present study deployed rain gauges at Moore’s Mill Rd starting in 
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November 2023 and by Orr Estates Lake starting in April 2024 (Figure 2.12). The location of 

these stations is shown in Figure 2.2. 

  
 

Figure 2.12 Rain Gauges at Moore’s Mill Rd (left) and Orr Estates Lake (right) 

2.1.5 Water Sample Collection and TSS Testing 

Water samples were collected using an Isco 6700 sampler (Isco 2000) (Figure 2.13). The 6700 is 

a programmable auto-sampler that uses a peristaltic pump to draw water from a source to bottles 

stored within the device (Isco 2000). The sampler has a maximum capacity of 24 1000-mL bottles 

and requires users to replace bottles regularly for continuous monitoring. For the purposes of this 

research, samples were only taken during periods when rain was forecasted.  
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Figure 2.13 Isco 6700 Autosampler 

 The sampler was programmed to clear the suction line before and after sampling to prevent 

contamination. Volumes of 1000 mL were taken at 30-minute intervals when the sampler was 

activated, covering a period of twelve hours. No calibration was necessary for this device. Samples 

were regularly collected following the completion of the sampling program and stored in a 

refrigerator for no more than one week. Water samples were collected at Bent Creek Rd (Figure 

2.5 over several discrete periods beginning in November 2024, shown in Figure 2.2. 

The turbidity of samples was measured using a Hach 2100Q turbidimeter (Hach 2021) 

(Figure 2.14). This turbidimeter uses a nephelometric light scatter signal to measure turbidity over 

a range of 0-1000 NTU (Nephelometric Turbidity Units) with an accuracy of ±2.0% (Hach 2021). 

The device calibration was checked by first measuring the turbidity of tap water samples to check 

the measurements were within EPA standards for public water systems (U.S. EPA 2020). Three 
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turbidity measurements were taken and averaged for each sample to create a chart of turbidity over 

time to compare with corresponding rainfall and depth time series. 

 

Figure 2.14 Hach 2100Q Turbidimeter 

 TSS (total suspended solids) testing was conducted according to USGS procedures (Guy 

1969). Aluminum trays and filters were dried at 105ºC for 48 hours prior to a test. They were then 

placed in a hermetically sealed container with desiccant to cool before measuring the initial mass. 

The volume of samples used was dependent on the measured turbidity. For samples with a turbidity 

less than 15 NTU, 200 mL was used for the test. Samples with a turbidity over 15 NTU used the 

standard 100 mL. The measured volume of a sample was filtered over a vacuum filtration 

Erlenmeyer flask. The wetted filter with solids was then placed on the same aluminum tray as it 

was taken from (Figure 2.15). This process was performed twice for each water sample. Once all 

samples were filtered and measured, the trays were returned to the oven and dried for 48 hours at 

105ºC. Once cooled, the samples were remeasured for mass.  
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Figure 2.15 Dried TSS Test Samples 

The difference between the dry masses with and without solids was used to calculate the 

mass of the solids. This value was then used to calculate the concentration of TSS based on the 

volume that was used for that test. A turbidity-TSS curve was created from the measured value for 

the specific sampling location for future research purposes. A TSS time series was created for each 

separate event for SWMM calibration. 

2.2 Model Selection 

The hydrological model for this research was SWMM5, specifically using PCSWMM (Personal 

Computer Storm Water Management Model) by Computational Hydraulics Incorporated (CHI 

2025). This version of SWMM includes several features to aid in the creation of models using 

DEMs. PCSWMM also includes SRTC (Sensitivity-based Radio Tuning Calibration), which 

allows fine tuning of certain parameters within a user-specified range of uncertainty. Users can 

adjust each parameter individually or in combination and immediately observe how the model 

results change before verifying and locking in the new values. 
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SWMM models are broken up into four compartments that interact with one another 

(Rossman and Huber 2016a). The atmospheric compartment contains meteorological data, such as 

rainfall and temperature data, and controls the deposition of pollutants onto surfaces. Precipitation 

is deposited in the land surface compartment and converted to evapotranspiration, infiltration, and 

runoff. Infiltration becomes groundwater in the sub-surface compartment and is either exfiltrated 

to stream networks or loss to deep aquifers. The conveyance compartment comprises the network 

of conduits and nodes that receive and transport all flow, whether from runoff or groundwater to 

an outfall and out of the system. The process for SWMM is broken down in Figure 2.16. 

 
Figure 2.16 SWMM Process Diagram (Rossman and Huber 2016a) 

2.2.1 Groundwater 

Groundwater was a later addition to SWMM added in version 4 (SWMM4) (Rossman and Huber 

2016a). Aquifers act as storage for groundwater and are divided into two sections that change as 

groundwater levels fluctuate. The upper unsaturated zone receives infiltration from subcatchments 

and stream banks and can experience losses to evapotranspiration, while the lower saturated zone 

stores groundwater until it can exfiltrate into a receiving node or is lost to deep percolation or 
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evapotranspiration (Rossman and Huber 2016a). Aquifers can also transfer groundwater between 

subcatchments depending on user input equations. Water levels in the aquifer and surface 

waterbodies govern how stormwater moves into and out of aquifers. Infiltration only occurs if the 

water table is below the subcatchment surface so that there is unsaturated soil volume and 

exfiltration only occurs if the water table is above the water level of the receiving stream. Figure 

2.17 shows a mass balance diagram for groundwater in a subcatchment, where fI is infiltration, fE 

is evaporation, fU, is percolation, fL is deep percolation, and fG is groundwater outflow. Each 

subcatchment has independent groundwater parameters as these are modeled as separate processes 

in SWMM using the following equation (Equation 1) from Rossman and Huber (Rossman and 

Huber 2016a). The coefficients and exponents in this equation have no real-world parallels. 

 

Figure 2.17 Groundwater Mass Balance Diagram (Rossman and Huber 2016a) 

𝑄𝐺𝑊 = 𝐴1 (𝐻𝐺𝑊 − 𝐻∗)𝐵1 − 𝐴2 (𝐻𝑆𝑊 − 𝐻∗)𝐵2 + 𝐴3(𝐻𝐺𝑊𝐻𝑆𝑊) (1) 

Where, 

 QGW = groundwater interflow rate (cms/ha) 

 HGW = elevation of groundwater (m) 

 HSW = elevation of surface water at receiving junction (m) 
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 H* = threshold or surface elevation (m) 

 A1, B1 = groundwater coefficient and exponent 

 A2, B2 = surface water coefficient and exponent 

 A3 = surface water-groundwater interaction coefficient 

2.2.2 Water Quality Modeling 

SWMM includes several features pertaining to pollutant modeling that users can adjust for a given 

situation. Sources for pollution in the model include wet deposition from precipitation, surface 

buildup and washoff by runoff, wastewater discharge, stormwater infiltration into sewer systems, 

and residual or baseline levels (Rossman and Huber 2016b). SWMM does not, however, consider 

bank erosion or resuspension in streams. Sediment, measured as total suspended solids (TSS), 

mainly comes from erosion by runoff and are therefore dependent on land usage as defined by the 

user. Each land use can have a unique buildup and washoff function with unique variables. Buildup 

(B) is a function of antecedent dry days and is constrained by an upper limit. Washoff (W) is a 

function of runoff rate. The amount of washoff may be dependent on the remaining buildup of a 

subcatchment or the event mean concentration (EMC), which can be measured in a lab and are 

usually site specific. This study used the exponential forms of the buildup and washoff parameters 

to conduct a large scale sensitivity analysis. The equations for these functions are included as 

Equations 2 and 3 respectively (Yan et al 2022): 

𝐵 = 𝐶1(1 − 𝑒−𝐶2𝑡) (2) 

Where, 

B = buildup (kg/ha); 



30 

 

C1 = maximum buildup (kg/ha); 

C2 = buildup rate constant (day-1); 

t = buildup interval (day). 

𝑊 =  𝐶3𝑞𝐶4𝐵 (3) 

Where, 

W = washoff rate (kg/hr); 

C3 = washoff coefficient (mm-1); 

q = runoff per unit area (mm/hr); 

C4 = washoff exponent; 

B = remaining buildup at time, t (kg) 

C1 establishes how much of a certain pollutant can accumulate on a surface. C2 determines how 

quickly that pollutant can build up. C3 is estimated from sediment transport theory and is based on 

particle size, rainfall intensity, and subcatchment area (Sonnen 1980). C4 has no real-world 

parallel. 

2.3 External Data Gathering 

2.3.1 DEM Collection and Stream Routing 

The version of SWMM used for this research (i.e. PCSWMM) includes several DEM (Digital 

Elevation Map) compatible features to aid in the creation of models. The WDT (Watershed 

Delineation Tool) can automatically calculate the area and outlet of subcatchments, the location 

and elevation of junctions, and the length and paths of conduits. There is also the “Transect 
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Creator,” which can automatically calculate the cross-section of channels, and the “Elevation from 

DEM” tool, which allows users to correct the elevation of junctions using the DEM. The DEM for 

this research was sourced from the USDA Geospatial Data Gateway (USDA 2024). The “LiDAR 

Elevation Dataset – Bare Earth DEM – 1 Meter” map for Lee County was selected because it 

offered the most precise measurements. 

 Additional information was needed to create accurate stream networks due to the presence 

of culverts along MMC that were obstructed in the DEM by overlying features. USGS StreamStats 

(USGS 2019) provided a rough approximation for most major flow routes. The City of Auburn 

(COA) map (COA 2025) featured a more detailed “High Contrast Basemap” of streams, including 

several lower order streams that were not visible on StreamStats. The COA map also included 

satellite imagery that was used to help identify the position and dimensions of culverts. 

2.3.2 Infiltration Method 

This study utilized the CN Cut-off infiltration approach that was previously researched by Xiao 

(2022). The Soil Conservation Service (SCS) CN infiltration is based on the combination of land 

use-land cover and soil type in a specific area. The Fully composite approach, as is normally used 

in SWMM or other modeling software like WinTR-55 (Xiao 2022), assumes all surfaces are 

pervious and takes the area-weighted average of all CN within a catchment. The Cut-off approach 

proposed by Xiao (2022) establishes a threshold CN value, above which surfaces are considered 

practically impervious. Surfaces below this threshold are used to calculate an area-weighted CN, 

and the remaining surfaces determine the percentage imperviousness for a catchment. 

Data for CN was sourced from the “Curve Number Generator” plug-in (Siddiqui 2020) for 

QGIS (Quantum Geographic Information System). This plug-in uses data from the National Land 
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Cover Database (NLCD) (USGS 2024) and the Soil Survey Geographic Database (SSURGO) 

(USDA 2024) to calculate the CN on a 30 m by 30 m grid scale within a specified “Area of 

Interest.” This uses the lookup table included in Appendix A. 

2.3.3 Aquifer Characteristics 

The present research made use of online databases and SWMM manuals to inform the selection of 

several key aquifer parameters as no data was collected for sub-surface conditions. These 

parameters were porosity, wilting point, field capacity, soil conductivity and conductivity slope, 

and lower groundwater loss rate. Parameters based on volumetric water content (VWC), such as 

soil porosity, wilting point, and field capacity, determined the range over which soil moisture could 

fluctuate during simulations. Soil porosity represents the fraction of empty space in the soil and 

marks the upper limit of this range. The field capacity is the fraction of soil that remains moist 

after infiltration has drained and is the lower limit in moist conditions. The wilting point is the 

lowest limit in dry conditions and marks the point at which plants cannot survive for extended 

periods (Rossman and Huber 2016a). The porosity for the Opelika subwatershed was calculated 

from the “Soil properties dataset in the United States” published by USGS (2021). Field capacity 

and wilting point were estimated from the USDA Web Soil Survey (2019). 

 Soil conductivity is another important parameter as it determines the rate at which water 

can move through soil and the drying time (Rossman and Huber 2016a). SWMM uses saturated 

soil conductivity, which is the maximum possible rate. SWMM also uses a hydraulic conductivity 

slope (HCO) which describes the relationship between soil conductivity and moisture content. 

These parameters were based on recommendations from the Storm Water Management Model 

Reference Manual, Volume 1 – Hydrology (Rossman and Huber 2016a). 
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 Lower groundwater loss rate is the rate at which water in the upper aquifer percolates to 

the lower aquifer and is lost from the system for modeling purposes. Data for this was sourced 

from the National Ground-Water Monitoring Network (NGWMN) by USGS (2025). This study 

used stations 017Q16001 and 017W06001 in Chambers County and 081K36001 and 081G25001 

in Lee County for years from 1989 to 2002. Scatter plots were made from each data series with 

trendlines. The coefficients from the trendline equation were then averaged and converted to 

mm/hr. 

2.3.4 TSS Parameters 

Data for water quality in terms of TSS or turbidity was not readily available at earlier stages 

of this research. It was deemed useful to understand how pollutant modeling in SWMM worked 

and how it interacted with groundwater for later calibration. Pollutant objects can be added to 

models with unique buildup and washoff parameters using the “Land Use Editor.” 

 An NLCD vector file was acquired through the USDA Geospatial Data Gateway (2023) 

for Lee County that showed the land coverage type at a spatial resolution of 30 m by 30 m. The 

values for land cover, represented in the attribute table as “DN,” were based on the NLCD class 

legend (USGS 2024). The file was imported into QGIS where additional attributes were created to 

represent three land use types: residential, commercial, and open space. Values were manually 

input in the land use attributes for each land coverage type according to the key in Table 2.1. 

Table 2.1 Land Use by Land Coverage 

Land Coverage Class % Residential % Commercial % Open Space 

11 / Water 0 0 0 

21 10 0 90 

22 100 0 0 

23 - 24 0 100 0 

31 - 95 0 0 100 



34 

 

Values for impervious and pervious surfaces were inferred from Yan et al (2022), which 

used exponential buildup and washoff simulation for a residential neighborhood. The range of 

values is included in Table 2.2. Values for C3 can range beyond the values used in Yan et al (2022), 

with Sonnen (1980) estimating a range of 0.052 to 6.6 in-1 (0.002 to 0.26 mm-1) and 4.6 in-1 (0.18 

mm-1) being a common value in SWMM water quality modeling (Rossman and Huber, 2016b). 

Table 2.2 Exponential Buildup and Washoff Factors by Land Cover (Yan et al 2022) 

Land Cover C1 C2 C3 C4 

Impervious Surfaces 

(e.g. roofs, roads, 

concrete) 

100 - 369 0.1 – 0.96 0.0007 – 0.01 1.00 – 1.97 

Pervious Surfaces 

(e.g. greenspace) 
39 – 100 0.18 – 0.58 0.0004 – 0.0013 1.36 – 1.66 

 

2.4 Modeling with SWMM 

This study had several modeling objectives and required the creation of multiple models. The 

creation of each followed a general procedure for setting up the watershed area, stream networks, 

and surface properties. The following lists the major model components in the order in which they 

were added and calibrated. All calibration was performed using the data collected from Xiao 

(2022) and validated with more recent data where applicable. 

2.4.1 Watershed Delineation 

The DEM of the study area was loaded into PCSWMM. An outfall was placed at the most 

downstream point in the watershed to serve as a reference point for the WDT. A target delineation 

area of 10 ha was selected and the “Delineation points layer” was set as the outfall. After running 

the WDT, additional modifications were made to correct stream paths according to the CoA map. 

Several junctions were moved to lower points on the DEM to prevent the flooding upstream. New 
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junctions were created at the entrance and exit points of culverts with new elevations assigned 

from the DEM.  

Several junctions that corresponded to detention ponds or lakes were represented as storage 

units. The dimensions of these features were not known due to a lack of field measurements and 

bathymetry. It was therefore assumed for the purposes of this study that the area would be constant 

with depth. The geometry was based on the surface area of the pond or lake as measured in 

PCSWMM from the DEM file.  

The default conduit geometry in PCSWMM is a 1 m diameter pipe. The “Transect Creator” 

was used to assign an irregular cross-section to natural channels based on the average cross-section 

from the DEM. The cross-section for inaccessible culverts was estimated based on measurements 

using satellite images from the CoA map. Field measurements were used for applicable channels 

in place of the “Transect Creator.” The watershed model in PCSWMM is shown in Figure 2.18. 

 
Figure 2.18 Moore's Mill Creek Watershed in PCSWMM 
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2.4.2 Assigning Subcatchment Curve Number 

This research followed a similar method to calculating CN and percentage impervious as Xiao 

(2022) with a different VBA code for calculation. The subcatchments delineated by the WDT were 

exported as a shapefile to QGIS. The CN map was generated within the bounds of the watershed. 

The resulting layer was then joined with the original shapefile with the “Union” tool from the 

vector “Geoprocessing Tools” to break up cells that overlapped subcatchment boundaries. A new 

attribute was created in the attribute table for this layer using the “$area” function to calculate the 

area within a subcatchment with a particular CN in m2. This was divided by 10,000 to get the area 

in ha to match the units of SWMM. Four columns from the table were exported to Excel for further 

processing: “NAME,” representing the name of the subcatchment; “AREA,” representing the total 

area of the subcatchment; “CN,” representing the CN for a surface within the subcatchment; and 

the new attribute, representing the area of a surface with a particular CN within the subcatchment. 

 These four attributes were copied into a macro-enable Excel file. A VBA code was used to 

automatically separate the pervious from impervious surfaces based on a cutoff and calculate the 

area-weighted CN and percent impervious for each subcatchment. This study used a cutoff of 90 

based on the findings of Xiao (2022) that indicated this produced the most accurate hydrographs. 

The values were then transferred to the corresponding subcatchments in the SWMM project. The 

code for this can be found in Appendix A.  

2.4.3 Groundwater Calibration 

One of the stated limitations of the previous study was the absence of groundwater from 

the model. This factor accounts for the baseline flow conditions observed in many natural channels 

and plays a major role in shaping recession curves. The first modeling objective of this study was 
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therefore to compare the effects of adding groundwater to a model like that used in Xiao (2022) to 

see if it improved the representation of modeled depth hydrographs.  

Groundwater coefficients and exponents were calibrated using SRTC to best fit the 

modeled depth hydrograph to the measured hydrograph from Xiao (2022). These were assumed to 

be uniform across the watershed. HGW and H* were set equal to the invert elevation of the receiving 

node and varied by subcatchment. The groundwater and aquifer properties for this model are 

included in Table 2.3. 

Table 2.3 Initial Groundwater Parameters 

Groundwater Parameter Value 

H* Invert elevation of receiving junction 

HGW Invert elevation of receiving junction 

Bottom Elevation (of Aquifer) 2.0 m below H* 

A1 0.368 

B1 1.6 

A2 0.431 

B2 3.22 

A3 0 

 

Soil properties previously mentioned (porosity, wilting point, field capacity, conductivity, 

conductivity slope) were calculated using area weighting based on the soil type distribution in the 

Web Soil Survey (USDA 2019) for the watershed. Several additional aquifer parameters, including 

the tension slope, upper evaporation fraction, lower evaporation depth, and initial unsaturated zone 

moisture content were left as the default values. It was assumed for this study that a single aquifer 

was adequate for modeling purposes. The parameters used for the watershed in this study are 

included in Table 2.4.  
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Table 2.4 Aquifer Parameters for MMC Watershed 

Aquifer Component Value 

Porosity – VWC 0.473 

Wilting point – VWC 0.167 

Field capacity – VWC 0.253 

Conductivity (mm/hr) 56.4 

Conductivity slope 40.2 

Tension slope 15 

Upper evaporation fraction  0.35 

Lower evaporation depth (m) 14 

Lower groundwater loss rate 0.014 

Initial unsaturated zone moisture content 0.3 

Drying Time (days) 2.1 

 

2.4.4 Additional Calibration 

It was observed during the calibration process that several junctions had base depth levels below 

what was observed. This was corrected through the calibration process with the inclusion of inlet 

offsets, as suggested in Moore (2016). Depressions were observed along the length of several 

channels that made them deeper relative to the upstream and downstream ends. Several conduits 

were also observed to not perfectly align with the bottom of channels. These irregularities would 

cause some amount of ponding in periods of low flow. Offsets were only included for the 

channels immediately downstream of the junction that marked the location of the monitoring 

equipment. The depth of the offset (Table 2.5) was calibrated with SRTC relative to the depth 

hydrographs collected by Xiao (2022). 

Table 2.5 Inlet Offset by Monitoring Station Junction 

Monitoring Station Abbreviation Channel Inlet Offset (m) 

Capps Way  CAP 0.032 

Hamilton Bridge  HAM 0.081 

Lakeshore Dr LKS 0.036 

Bent Creek Rd BCR 0.069 

Champions Blvd CMP 0.036 
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Several parameters were calibrated based on the original model from Xiao (2022) and 

ranges presented in Rossman and Huber (2016a) for consistency of comparison. These parameters 

mainly pertained to surface flow, including Manning’s roughness coefficients for overland flow 

and channels and subcatchment depression storage (Table 2.6). Subcatchment routing was set as 

100% to the outlet, as calibration efforts with SRTC showed this parameter to have no significant 

effect on results. 

Table 2.6 Manning’s Roughness and Depression Storage 

Surface Type Manning’s Roughness Depression Storage 

Impervious 0.011 – 0.015 2 mm 

Pervious (Dense Forest) 0.8 6 – 8 mm 

Pervious (Light Forest) 0.4 3.5 mm 

Pervious (Grassy) 0.3 2 – 3.5 mm 

Concrete Channel 0.015 – 0.0225 - 

Natural Channel  0.35 - 

 

2.5 Modeling Sensitivity Analysis 

2.5.1 Watershed Sensitivity Analysis 

The second modeling objective was to evaluate the significance of hydrological modeling 

parameters on flow rate, velocity, depth, and cumulative volumes. Four hydrological modeling 

parameters were selected for a limited sensitivity analysis. The first parameter of interest was the 

overland flow length. PCSWMM automatically calculates flow length and width using the 

method by Guo and Urbonas (2009) based on the subcatchment size delineated with the WDT. 

Guidelines vary for modeling overland flow length, with the UDFCD (Urban Drainage and 

Flood Control District) suggesting a maximum of 500 ft (~150 m) to represent true sheet flow 

(UDFCD 2007). Most subcatchments in this watershed model had flow lengths above this value. 

It was decided to compare scenarios with the automatically calculated flow length to scenarios 
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where the flow lengths were capped at 150 m to see how this would affect infiltration and stream 

hydrographs. 

The second modeling parameter was the inclusion of storage basins. Urban applications of 

SWMM usually consider storage basins in terms of man-made detention or retention ponds with 

known geometry. MMC watershed has several man-made detention and retention ponds, in 

addition to natural ponds and lakes of varying dimensions. The largest of these is Hamilton Lake 

located at the center of Saugahatchee Country Club. Most of the storage basins in this watershed 

are located at the headwaters of their respective stream branches and only a few can be considered 

intermittent. It was decided to investigate how removing all storage basins affected the results. 

The third parameter was the target delineation subcatchment area and density. Early 

modeling results were compared to a similar model created in HEC-RAS. It was observed that the 

HEC-RAS model without groundwater had a more accurate depth hydrograph than the SWMM 

model with groundwater. It was theorized this was due to the finer discretization possible in a grid-

based model. Two delineation sizes were compared for this study (10 ha and 5 ha) to see if a finer 

subcatchment distribution would improve hydrograph representation. 

The final parameter was the inclusion of groundwater and aquifers. It was expected that 

including this parameter would improve hydrographs based on previous modeling efforts. This 

was included to test how it interacted with the other parameters. It was theorized that storage basins 

would have the most significant interaction due to ponding that would contribute to interflow. The 

aquifer properties for these scenarios were consistent with the initial implementation of 

groundwater, but a different calibration was adopted for groundwater parameters. These 

parameters are listed in Table 2.7.   
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Table 2.7 Recalibrated Groundwater Parameters 

Groundwater Parameter Value 

H* 0.1 m above rim elevation of receiving node 

HGW Rim elevation of receiving node 

Bottom Elevation (of Aquifer) 2.0 m below invert elevation of receiving node 

A1 0.368 

B1 0.976 

A2 0.862 

B2 3.22 

A3 0 

 

Sixteen possible scenarios were identified for sensitivity analysis, listed in Table 2.8. 

Model set up followed a similar procedure as the initial groundwater study. Based on earlier 

simulation results, not included in this thesis, parameters for Manning’s roughness and depression 

storage were not considered as significant. These parameters were generalized across the 

watershed according to the values in Table 2.9. 

Table 2.8 Combinations of Sensitivity Analysis Parameters 

Scenario Name Subcatchment 

Delineation Area 

Storage  

(SU) 

Groundwater 

(GW) 

Flow Length 

10.0.0.WDT 10 ha Off Off WDT 

10.0.0.150 10 ha Off Off Max 150 m 

10.0.GW.WDT 10 ha Off On WDT 

10.0.GW.150 10 ha Off On Max 150 m 

10.SU.0.WDT 10 ha On Off WDT 

10.SU.0.150 10 ha On Off Max 150 m 

10.SU.GW.WDT 10 ha On On WDT 

10.SU.GW.150 10 ha On On Max 150 m 

5.0.0.WDT 5 ha Off Off WDT 

5.0.0.150 5 ha Off Off Max 150 m 

5.0.GW.WDT 5 ha Off On WDT 

5.0.GW.150 5 ha Off On Max 150 m 

5.SU.0.WDT 5 ha On Off WDT 

5.SU.0.150 5 ha On Off Max 150 m 

5.SU.GW.WDT 5 ha On On WDT 

5.SU.GW.150 5 ha On On Max 150 m 
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Table 2.9 Generalized Manning’s Roughness and Depression Storage 

Surface Manning’s roughness Depression Storage 

Overland pervious 0.3 4 mm 

Overland impervious 0.011 2 mm 

Natural channel 0.3 - 

Culvert and sewer 0.011 - 

 

2.5.2 TSS Sensitivity Analysis 

The final modeling objective of this study was to calibrate the TSS concentration pollutographs in 

the stream. The first part of this effort was a sensitivity analysis of buildup and washoff parameters. 

Water quality data became available after November 2024 to inform the selection of parameters 

from this analysis that fit the observed peak concentrations. Comparisons were performed for four 

representative scenarios from the limited sensitivity analysis to evaluate the effects on the resulting 

pollutographs. 

 A TSS pollutant object was created in the “Pollutant Editor.” Land use types corresponding 

to those added to the NLCD file were created in the “Land Use Editor.” The “Spatial Weighting” 

tool was then used to calculate the percentage of each subcatchment that was a particular land use 

type using area weighting. The source layer was specified as the land coverage vector and the 

destination layer was set as “Subcatchments.” The corresponding attributes were paired between 

the source layer and destination layer before calculating the land use distribution. 

A range of values was created for the purposes of the sensitivity analysis to test the effects 

of a wide range of each parameter in combination with each other. Values from Yan et al (2022) 

were weighted based on the impervious surface coverage for the land coverage classification 

specified in the NLCD legend (USGS 2024). The resulting values are included in Table 2.10. 
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Table 2.10 Exponential Buildup and Washoff Factor Ranges by Land Use 

Land Use Type C1 C2 C3 C4 

Residential 38 – 315 0.17 – 0.88 0.0004 – 0.4 1.3 – 1.9 

Commercial 30 – 369 0.12 – 0.96 0.0006 – 0.6 1.1 – 2.0 

Open Space 39 - 127 0.18 – 0.62 0.0004 – 0.4 1.4 – 1.7 

 

Model scenario 10.SU.GW.WDT from the previous sensitivity analysis was selected for this task 

based on results indicating this to be the best representation of the watershed. A gravity settling 

equation (Rossman and Huber 2016b) was added to the storage basins as a TSS treatment to 

prevent concentration accumulation (Equation 4): 

𝐶𝑡+∆𝑡 = 𝑆𝑇𝐸𝑃(𝑄∗ − 𝑄) (𝐶∗ + (𝐶𝑡 − 𝐶∗) exp (−
𝑘

𝑑
∗ ∆𝑡)) + (1 − 𝑆𝑇𝐸𝑃(𝑄∗ − 𝑄))𝐶𝑡 (4) 

Where, 

 Ct+Δt = pollutant concentration at time t+Δt (mg/L); 

 Q* = quiescent flow rate (cms); 

 Q = flow rate (cms); 

 C* = residual concentration of pollutant (mg/L); 

 Ct = concentration of pollutant at time t (mg/L); 

 k = decay constant (m/hr); 

 d = water depth in junction or storage (m); 

 Δt = converted routing step (hr). 

STEP is a unit step function in SWMM that is equal to 1 for positive arguments and 0 for negative 

arguments (Rossman and Huber 2016b). In the gravity settling equation, this ensures settling only 
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occurs in quiescent conditions, or low flow (Q < Q*). Q* was assumed to be 0.1 m3/s for the smaller 

basins and 0.5 for Hamilton Lake due to the size and distance from inlet to outlet. The decay 

constant k was assumed to be 0.1 m/hr for this sensitivity analysis. C* was set to 0 mg/L to facilitate 

the analysis of the duration of each pollutant loading event. The remaining parameters are taken 

from SWMM calculations. 

Five possible values were selected for each C1, C2, and C4 based on an equal interval 

distribution of the ranges shown in Table 3.10. Four values were selected for C3 in different orders 

of magnitude due to the exponential nature of the range. Variations in values for individual land 

use were not considered for this study. In total, there were 500 different combinations of parameters 

to test. It was necessary to develop a code to automatically plug each combination into SWMM, 

perform the simulation, and extract the data to a database Excel file before moving to the next 

combination. API SWMM (Pichler 2024) for Python was chosen as it was simple to learn and 

allowed for modification of the buildup and washoff parameters through the Python code.  

Data from the continuous Python simulations was exported to a macro-enabled Excel file 

with a VBA code developed as part of this research for data processing. Three metrics were chosen 

for evaluating the effects of each parameter on TSS concentrations. The overall peak and average 

concentrations provided information about the magnitude of pollutographs that would help 

significantly narrow the range of potential combinations. The third metric was a fraction of the 

simulation period for which TSS concentrations exceeded 1 ppm. This provided information about 

the duration of the pollutograph drawdown phase. Both the Python and VBA codes used in this 

analysis are included in Appendix B. 

Results from the sensitivity analysis were compared to TSS measurements at Bent Creek 

Rd to identify the combinations most representative of observations. The lowest measured 
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concentrations informed the selection of a new C* for the gravity treatment function (Equation 4). 

SRTC was used to fine tune the chosen buildup and washoff combination. Due to constraints on 

water quality data collection, calibration was limited to event-based simulations. 

2.6 Statistical Assessment of Modeling Accuracy 

Several methods were employed in the analysis of modeling results. These included error metrics 

based on comparisons between model results and measurements, such as NSE (Nash-Sutcliffe 

Efficiency), R2 (Coefficient of Determination), and RMSE (Root Mean Square Error). Graphs 

were used to visualize the effects of different parameters on model hydrographs, pollutographs, 

phase plots, and cumulative volume graphs. 

 NSE is an error function that compares the difference between model results and 

observations to the difference between observations and the average observed value. This metric 

is good for evaluating the overall model accuracy as it uses an equal weighting for the whole data 

set. It is evaluated on a scale of -∞ to 1, with an NSE closer to 1 indicating a more accurate 

representation of observations. The formula for NSE is included in Equation 5: 

𝑁𝑆𝐸 = 1 −  
∑(𝑆𝐼𝑀𝑖 − 𝑂𝐵𝑆𝑖)

∑(𝑂𝐵𝑆𝑖 − 𝑂𝐵𝑆𝑚)
 (5) 

Where, 

 SIMi = model value at time i; 

 OBSi = measured value at time i; 

 OBSm = mean of the measurements.    

 R2 is a direct comparison of model results to measurements on a scale of 0 to 1, where a 

larger value indicates a better predictive ability. This metric can be visualized with phase plots, 
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which are a type of scatter plot where model results are treated as a dependent variable of 

observations. These types of plots can feature a line extending from the origin at a 45º angle to 

represent a perfect prediction. The position of points can provide information about the strengths 

and weaknesses of a model in representing the baseline conditions, peaks, and drawdowns of 

hydrographs and pollutographs. The formula for R2 is included in Equation 6: 

𝑅2 = 1 −  
𝑅𝑆𝑆

𝑇𝑆𝑆
 (6) 

Where, 

 RSS = residual sum of squares 

 TSS = total sum of squares 

 The final error metric, RMSE, weighs errors more heavily the larger they are like standard 

deviation. This metric was selected as it was believed to be more suitable for determining the 

accuracy of recession curves where large differences between hydrographs were more likely to 

occur. A large RMSE indicates a less accurate model. The equation for RMSE is (Equation 7): 

𝑅𝑀𝑆𝐸 = √
∑(𝑆𝐼𝑀𝑖 − 𝑂𝐵𝑆𝑖)2

𝑁
 (7) 

Where, 

 SIMi = model value at time i; 

 OBSi = measured value at time i; 

 N = total number of data points. 

 The three error metrics were based on hydrographs for depth and velocity. These were 

visually compared to observations as well as to the results of other scenarios to identify and explain 

the causes of differences. Cumulative volume charts were used to explain the differences between 
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runoff, infiltration, and outflow for subcatchments and monitoring junctions when additional 

scenarios were tested in the limited sensitivity analysis. Pollutographs were compared visually for 

peak concentrations and the shape of the drawdown or recession limb. 
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Chapter 3. Results 

The results for this study are divided into three sections, each corresponding to one of the 

previously stated modeling objectives. The first section compares depth hydrographs from five 

stations across MMC for models with and without groundwater to demonstrate how important 

groundwater is to the accuracy of modeled recession curves relative to observations. Statistical 

error metrics were compared between the current work and previous work by Xiao (2022) to 

benchmark any improvements. The second section, concerning a limited hydrological sensitivity 

analysis, includes error metrics, depth and velocity hydrographs, and cumulative flow volumes to 

identify the individual and combined effects of four hydrological modeling parameters. This 

section also contains a comparison of the initial groundwater model to a corresponding model from 

the sensitivity analysis to identify and explain improvements from the initial calibration. The final 

section focuses on the water quality sensitivity analysis and initial calibration to measured TSS 

concentrations. Box-and-whisker plots were used to identify trends related to the four buildup and 

washoff variables. Pollutographs were generated to show the effects of the hydrological sensitivity 

analysis parameters on TSS concentrations. 

3.1 Modeling Groundwater for Stream Depth 

3.1.1 Effects of Groundwater on Model Results 

Figure 3.1 through 3.5 compare the depth hydrographs for models with and without groundwater. 

The entire data collection and simulation period was from December 22, 2021, to January 26, 

2022. The figures show a three-week period for the sake of visual clarity. Rainfall is included to 

demonstrate the model response in relation to a certain amount of rainfall.  
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Figure 3.1 Comparison of Hydrographs at CAP 

 Figure 3.1 compares the depth hydrographs for Capps Way. The non-groundwater scenario 

was worse than that of Xiao (2022). Peak depths were underestimated relative to previous research, 

and the drawdown was faster than expected. Adding groundwater correlated with higher peaks for 

all rain events that were much closer to the previous non-groundwater model. The drawdown phase 

was slower than the non-groundwater model but still faster than measurements. It was observed 

during calibration that surface roughness and depression storage were major factors in the 

drawdown rate for these subcatchments.  



50 

 

 

Figure 3.2 Comparison of Hydrographs at HAM 

 Hydrographs for Hamilton bridge are compared in Figure 3.2. The non-groundwater 

scenario still tended to underestimate peaks relative to the previous research but was more accurate 

overall. The addition of groundwater again correlated with an increase in modeled depth more 

fitting with Xiao (2022). The drawdown was improved by a relatively small amount as at Capps. 

The inlet offsets were calibrated using SRTC to minimize the error. This sometimes resulted in 

baseline depths larger than what was recorded by the loggers, as seen before the first rain event in 

Figure 3.2. This offset was more suitable following the rapid succession of rain events, but a slower 

drawdown to a lower baseline would have been a more accurate representation. 
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Figure 3.3 Comparison of Hydrographs at LKS 

 The first major divergence in hydrograph shape comes from Lakeshore Dr (Figure 3.3). It 

can also be seen that the slower drawdown rate is more pronounced here compared to Figure 3.1 

and 3.2. This is likely a result of the much smaller water depth measured at Lakeshore which makes 

it more sensitive to changes. Orr Estates Lake may also play a role here as a controlling factor on 

the rate at which stormwater from upstream reaches the monitoring junction. The drawdown for 

the first three rain events was slower in the previous research relative to the non-groundwater 

scenario, but faster for the following events. This indicates differences in the amount of infiltration 

and a relatively quick depletion of infiltration capacity for this model, despite the drying time being 

2.1 days. 
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Figure 3.4 Comparison of Hydrographs at BCR 

 Figure 3.4 shows another major difference between the non-groundwater and groundwater 

scenarios at Bent Creek Rd. Both scenarios underestimate the depth at this location relative to 

measurements and previous research. However, the drawdown was slower than in Xiao (2022) due 

to the groundwater. The non-groundwater scenario still indicated a reduction in infiltration 

capacity with time as the two model hydrographs started to converge with later rain events.  



53 

 

 

Figure 3.5 Comparison of Hydrographs at CMP 

 The final station for comparison was Champions Blvd, shown in Figure 3.5.  The 

differences between scenarios for these subcatchments were consistent with the previous 

observations. Champions Blvd is like Lakeshore Dr in terms of the ranges of depths, yet the shape 

of the drawdown curves was more like Capps Way or Hamilton. As previously mentioned, this is 

likely due to the storage basin controlling the release of stormwater at Lakeshore, whereas 

Champions has no upstream storage. 

 Overall, accounting for groundwater helped improve the representation of depth 

hydrographs in the Opelika watershed. The results for non-groundwater scenarios, which should 

be more representative of the research by Xiao (2022), indicate differences in modeling parameters 

and calibration that resulted in different flow estimates that do not make the models completely 

analogous. The groundwater model is overall closer to matching previous peak estimates while 
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representing the measured drawdown phase better. The findings of this research do indicate that 

this calibration of groundwater would improve upon the representation of the previous model. 

 Several observations were made across all the models. The invert elevations used in this 

model helped create baseline depths comparable to those observed in Xiao (2022). Figure 3.2, 

though, shows that the calibrated value with the smallest numerical error is not necessarily the 

most representative of measurements. It was also observed that the non-groundwater scenario 

began to more closely resemble the groundwater scenario in terms of both peak depth and 

drawdown rate after the rain event between January 4th and January 14th. It is hypothesized that 

this is related to infiltration capacity being depleted over time. However, as previously stated, the 

drying time of 2.1 days should have restored at least some of this capacity. There was believed to 

be another cause that later models would attempt to explain. 

3.1.2 Comparison to Previous Research 

The numerical errors for the model hydrographs over the entire simulation are included in Table 

3.1 through 3.3. These tables align with what was observed between the model scenarios for this 

study, with Champions Blvd being the most similar between models while the rest saw substantial 

improvements in peak depth or drawdown representation. These tables also show how the non-

groundwater models differed in terms of accuracy between the two studies, with different metrics 

showing the results from this study being relatively better and worse for the same station. For 

example, Hamilton in the groundwater scenario had a higher NSE and a lower RMSE, but there 

was barely any difference in R2. This indicates better representation overall, smaller comparative 

differences, and an equivalent strength of correlation with measurements as in previous research.  
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Table 3.1 Comparison of NSE for Current and Previous Research 

Station Xiao (2022) 
Current 

No GW 

Current  

GW 

Xiao (2022) 

to GW 

No GW to 

GW 

CAP 0.35 0.22 0.61 74% 176% 

HAM 0.07 0.26 0.48 586% 85% 

LKS -1.65 0.16 0.76 -146% 375% 

BCR 0.48 0.42 0.72 50% 71% 

CMP 0.54 0.4 0.56 4% 40% 

 

Table 3.2 Comparison of R2 for Current and Previous Research 

Station Xiao (2022) 
Current 

No GW 

Current 

GW 

Xiao (2022) 

to GW 

No GW to 

GW 

CAP 0.63 0.47 0.74 17% 57% 

HAM 0.5 0.32 0.51 2% 59% 

LKS 0.47 0.43 0.83 77% 93% 

BCR 0.71 0.64 0.83 17% 30% 

CMP 0.6 0.52 0.65 8% 25% 

 

Table 3.3 Comparison of RMSE (m) for Current and Previous Research 

Station Xiao (2022) 
Current 

No GW 

Current 

GW 

Xiao (2022) 

to GW 

No GW to 

GW 

CAP 1.53 1.24 1.02 -33% -18% 

HAM 2.11 1.59 1.37 -35% -14% 

LKS 1.24 0.61 0.32 -74% -48% 

BCR 6.93 1.95 1.43 -79% -27% 

CMP 0.48 0.50 0.47 -2% -6% 

 

3.1.3 Validation with Recent Data 

Data for the validation came from more recent measurements from April 13th to June 24th, 2024. 

This dataset provided an opportunity to test the model calibration over a longer period than the 

dataset used for calibration. Figure 3.6 shows the hydrograph results for this simulation compared 

to the rainfall data. 



56 

 

 

Figure 3.6 Comparison of Validation Hydrographs at HAM 

 It was observed that the baseline depth was higher for the new measurements than the old 

measurements, resulting in a much lower accuracy, as seen in Table 3.1. This difference could be 

due to changes in the stream bed elevation as silt and debris accumulated or washed away between 

studies. It is also likely that the sensor was not placed in the exact same position as the previous 

research. Increasing the offset provided systematic correction that improved accuracy. An 

interesting effect of this can be observed for the larger rain events, where the peaks decreased when 

using a larger offset, while the peak depths for smaller rain events were relatively unchanged or 

increased slightly. It is not clear what caused such a significant decrease in peak depth as no other 

changes were made to the stream, such as widening channels whereby the flow would spread out 

over a wider area rather than channelize. 
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Table 3.4 Comparison of Error for Validation 

Error Metric 
Original Offset 

(0.081 m) 

Recalibrated 

Offset (0.171 m) 

Calibration to 

Validation 

Calibration to 

Validation w/ 

New Offset 

NSE -1.99 0.26 -345% -42% 

R2 0.235 0.52 -3% -29% 

RMSE (m) 10.3 3.77 604% 161% 

 

3.2 Sensitivity Analysis for Depth and Velocity 

The entire simulation period for this limited sensitivity analysis was from December 22, 2021, to 

January 26, 2022. The following hydrographs and phase plots focus on one week of rain events in 

quick succession for analysis purposes. Numerical errors shown in the following tables were 

calculated for the entire simulation period. Table 2.8 lists the parameters for each scenario. 

3.2.1 Subcatchment Overland Flow Length 

Overland flow length was one of the least impactful parameters for results. Table 3.5 through 3.7 

show that setting a maximum flow length of 150 m slightly decreased the accuracy of all model 

hydrographs relative to measurements. The presence of other factors like groundwater and storage 

made this difference more negligible. The depth hydrographs show how minor the differences were 

between each pair of scenarios (Figure 3.7). The shorter flow length correlated with slightly higher 

peaks and slightly quicker drawdowns relative to scenarios with the default flow length. However, 

it is very difficult to distinguish this difference. The average percentage difference for each time 

step of the depth and velocity hydrographs was about 1 – 2%. The biggest source of difference was 

in the flow estimates, with the average percentage difference between hydrographs being about 

10% for the coarser delineation and 7% for the finer delineation.  
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Table 3.5 Comparison of NSE for Different Overland Flow Length 

Scenario 
Depth Velocity 

CAP HAM LKS BCR CMP CAP HAM 

10.0.0.WDT 0.37 0.26 -3.70 0.35 0.36 0.39 0.19 

10.0.0.150 0.33 0.15 -4.13 0.26 0.30 0.34 0.15 

10.0.GW.WDT 0.79 0.56 -2.82 0.77 0.58 0.65 0.29 

10.0.GW.150 0.77 0.50 -3.17 0.73 0.56 0.64 0.26 

10.SU.0.WDT 0.40 0.39 -0.90 0.58 0.36 0.43 0.26 

10.SU.0.150 0.39 0.32 -0.94 0.57 0.30 0.40 0.20 

10.SU.GW.WDT 0.80 0.63 0.82 0.89 0.56 0.67 0.37 

10.SU.GW.150 0.79 0.58 0.82 0.89 0.54 0.66 0.33 

 

Table 3.6 Comparison of R2 for Different Overland Flow Length 

Scenario 
Depth Velocity 

CAP HAM LKS BCR CMP CAP HAM 

10.0.0.WDT 0.47 0.37 0.41 0.43 0.52 0.46 0.32 

10.0.0.150 0.44 0.33 0.36 0.37 0.46 0.43 0.30 

10.0.GW.WDT 0.81 0.70 0.51 0.80 0.64 0.79 0.53 

10.0.GW.150 0.80 0.67 0.48 0.76 0.62 0.78 0.51 

10.SU.0.WDT 0.49 0.45 0.72 0.68 0.52 0.47 0.33 

10.SU.0.150 0.47 0.41 0.71 0.66 0.46 0.46 0.29 

10.SU.GW.WDT 0.82 0.73 0.86 0.90 0.64 0.79 0.55 

10.SU.GW.150 0.81 0.70 0.85 0.89 0.62 0.79 0.52 

 

Table 3.7 Comparison of RMSE for Different Overland Flow Length 

Scenario 
Depth (m) Velocity (m/s) 

CAP HAM LKS BCR CMP CAP HAM 

10.0.0.WDT 0.97 1.57 1.89 2.04 0.62 7.71 1.50 

10.0.0.150 1.04 1.67 1.96 2.16 0.64 8.11 1.53 

10.0.GW.WDT 0.71 1.21 1.66 1.33 0.50 6.70 1.38 

10.0.GW.150 0.74 1.26 1.73 1.42 0.51 6.74 1.40 

10.SU.0.WDT 0.90 1.41 1.16 1.59 0.62 7.35 1.32 

10.SU.0.150 0.96 1.49 1.18 1.65 0.64 7.47 1.37 

10.SU.GW.WDT 0.66 1.11 0.29 0.93 0.54 6.39 1.27 

10.SU.GW.150 0.69 1.16 0.29 0.95 0.55 6.41 1.28 
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Figure 3.7 Comparison of Depth Hydrographs at HAM for Different Overland Flow 

Lengths: (a) Baseline; (b) GW; (c) SU; (d) GW and SU 

3.2.2 Storage Basins 

Adding storage generally improved model accuracy, as shown in Table 3.5 through 3.7, but the 

amount of improvement varied by junction. Champions, as expected, was unaffected by the 

inclusion of storage as there was no storage upstream of this junction. Capps Way and Hamilton 

had relatively small improvements from the addition of upstream storage, whereas Lakeshore Dr 

and Bent Creek Rd were majorly improved. Figure 3.8 shows this difference in response by 

comparing the hydrographs for different junctions for baseline conditions with and without storage 

present. 
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Figure 3.8 Comparison of Depth Hydrographs for Models With (10.SU.0.WDT) and 

Without Storage (10.0.0.WDT): (a) CAP; (b) HAM; (c) LKS; (d) BCR 

 The hydrographs for Capps Way and Hamilton are only minorly affected by the addition 

of storage basins. The peaks are marginally lower and the drawdown slightly slower. Those for 

Lakeshore and Bent Creek show much more dramatic differences between the scenarios with and 

without storage, with significantly lower peak depths and slower drawdowns. These changes were 

to be expected, as ponds and lakes, whether man-made or natural, act as a control on stormwater 

flow. Man-made basins are specifically designed to control the release of stormwater downstream 

to prevent flooding and stream-bank erosion. The maximum flow rate is smaller, but higher than 

baseline conditions for longer periods as the water recedes below the level of weirs and orifices. 

This effect can be observed in Figure 3.9. 



61 

 

 

Figure 3.9 Comparison of Flow Hydrographs for Models With (10.SU.0.WDT) and Without 

Storage (10.0.0.WDT): (a) CAP; (b) HAM; (c) LKS; (d) BCR 

 The flow hydrographs for Capps and Hamilton only show a small decrease in the peak 

flow, while Lakeshore and Bent Creek have a large decrease in peak flow. Bent Creek also has a 

slower drawdown from the peak flow rate. It is theorized that this difference in response has to do 

with the location of the storage relative to other elements of the watershed. Capps Way and 

Hamilton have several ponds located at the headwaters of stream branches, but most of the 

subcatchments are downstream of these basins. There is therefore a much higher proportion of 

stormwater that enters the stream directly from the subcatchments instead of being intercepted by 

a pond. Lakeshore and Bent Creek are located such that most of the stormwater entering these 

junctions comes from subcatchments upstream of intermittent storage basins that are relatively 

close to the junction. 
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3.2.3 Subcatchment Discretization 

The subcatchment delineation area was another relatively insignificant parameter to model 

accuracy. Table 3.8 to 3.10 show that the smaller delineation area had an inconsistent effect on 

results. Error metrics did not uniformly get better or worse, regardless of the other parameters and 

the location of the monitoring junction. Hydrographs for Lakeshore and Champions are included 

in Figure 3.10 and 3.11 to compare how scenarios differ when the smaller delineation area is 

beneficial or detrimental. 

Table 3.8 Comparison of NSE for Different Subcatchment Delineation Areas 

Scenario 
Depth Velocity 

CAP HAM LKS BCR CMP CAP HAM 

10.0.0.WDT 0.37 0.26 -3.70 0.35 0.36 0.39 0.19 

5.0.0.WDT 0.37 0.23 -3.51 0.31 0.35 0.38 0.12 

10.0.GW.WDT 0.79 0.56 -2.82 0.77 0.58 0.65 0.29 

5.0.GW.WDT 0.78 0.52 -2.78 0.69 0.59 0.74 0.20 

10.SU.0.WDT 0.40 0.39 -0.90 0.58 0.36 0.43 0.26 

5.SU.0.WDT 0.41 0.37 -0.92 0.63 0.35 0.42 0.15 

10.SU.GW.WDT 0.80 0.63 0.82 0.89 0.56 0.67 0.37 

5.SU.GW.WDT 0.80 0.59 0.82 0.89 0.57 0.75 0.22 

 

Table 3.9 Comparison of R2 for Different Subcatchment Delineation Areas 

Scenario 
Depth Velocity 

CAP HAM LKS BCR CMP CAP HAM 

10.0.0.WDT 0.47 0.37 0.41 0.43 0.52 0.46 0.32 

5.0.0.WDT 0.46 0.34 0.44 0.40 0.51 0.45 0.28 

10.0.GW.WDT 0.81 0.70 0.51 0.80 0.64 0.79 0.53 

5.0.GW.WDT 0.82 0.69 0.51 0.76 0.64 0.77 0.55 

10.SU.0.WDT 0.49 0.45 0.72 0.68 0.52 0.47 0.33 

5.SU.0.WDT 0.48 0.41 0.71 0.69 0.51 0.46 0.28 

10.SU.GW.WDT 0.82 0.73 0.86 0.90 0.64 0.79 0.55 

5.SU.GW.WDT 0.82 0.72 0.86 0.90 0.65 0.78 0.56 
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Table 3.10 Comparison of RMSE for Different Subcatchment Delineation Areas 

Scenario 
Depth (m) Velocity (m/s) 

CAP HAM LKS BCR CMP CAP HAM 

10.0.0.WDT 0.97 1.57 1.89 2.04 0.62 7.71 1.50 

5.0.0.WDT 0.98 1.56 1.85 2.07 0.62 7.85 1.40 

10.0.GW.WDT 0.71 1.21 1.66 1.33 0.50 6.70 1.38 

5.0.GW.WDT 0.71 1.24 1.65 1.42 0.49 5.99 1.38 

10.SU.0.WDT 0.90 1.41 1.16 1.59 0.62 7.35 1.32 

5.SU.0.WDT 0.90 1.40 1.17 1.53 0.62 7.34 1.30 

10.SU.GW.WDT 0.66 1.11 0.29 0.93 0.54 6.39 1.27 

5.SU.GW.WDT 0.66 1.13 0.29 0.98 0.52 5.67 1.38 

 

 

Figure 3.10 Hydrograph Comparison for Different Subcatchment Delineation Area at LKS: 

(a) Baseline; (b) GW; (c) SU; (d) GW and SU 
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Figure 3.11 Hydrograph Comparison for Different Subcatchment Delineation Area at 

Champions: (a) Baseline; (b) GW; (c) SU; (d) GW and SU 

 As with the overland flow length, it is difficult to discern differences between the 

hydrographs. There is also no substantial difference between scenarios that are made more accurate 

by smaller delineation areas and those that are made less accurate. The average difference for depth 

and velocity were slightly higher at about 3 – 4% due to the inconsistency of the changes. Flow 

was still the most significant difference with an average difference of 9%. 

3.2.4 Aquifer and Groundwater 

Table 3.5 through 3.10 show that groundwater had the most universally significant impact on 

hydrograph accuracy. There is a noticeable difference in the drawdown phase of both the depth 

and velocity hydrographs at Hamilton (Figure 3.12), though it is more pronounced for depth. There 

is relatively little change in the predicted peaks for the upstream stations, indicating there was no 

significant change to runoff quantity or obstruction by other hydrological features. 
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Figure 3.12 Effect of GW on Hydrographs at HAM: (a, c) Baseline; (b, d) With SU 

 

Figure 3.13 Effect of GW on Hydrographs: (a) LKS Baseline; (b) LKS With SU; (c) BCR 

Baseline; (d) BCR With SU 
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 The junctions downstream of intermittent storage have a greater, delayed initial peak 

compared to junctions with head water storage (Figure 3.13). Including groundwater allows 

models to account for infiltrated stormwater that would otherwise be lost from the system. This 

creates significantly more flow that releases over a longer period as water in the receiving junction 

recedes. The initial stages of the rain event still reach the same magnitude of depth with and 

without groundwater because of the runoff, but the true peak is much higher because of the delayed 

release of groundwater into the stream that continues to fill the storage basin. This wasn’t observed 

at Capps or Hamilton due to most of the stormwater entering these junctions coming from 

downstream of the storage ponds.  

3.2.5 Cumulative Flow Comparisons 

Figure 3.14 and 3.15 compare the modeled cumulative outflow volumes at each station for the full 

simulation period. It was previously mentioned that shorter overland flow lengths correlated with 

a larger difference in flow hydrographs than depth or velocity hydrographs. This is likely a result 

of peak flow rates that skew the average. Figure 3.14 shows that this parameter creates relatively 

insignificant differences to total outflow estimates. The models with shorter flow lengths tended 

to have higher cumulative runoff and lower cumulative groundwater outflow. The shorter travel 

length would cause the runoff to enter the stream network sooner and have fewer chances of 

infiltrating. Storage had practically no effect on the cumulative flow, as was to be expected due to 

this feature only serving to detain stormwater to mitigate flooding downstream. Groundwater had 

the most significant effect because it accounted for stormwater that would otherwise have been 

ignored. This accounted for at least a third of the inflows at most of the stations. 

The total volume of groundwater can be seen to decrease when combined with storage. 

This is a result of the calibration of subcatchments that drained into ponds from draining the surface 
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storage too quickly. This created an equilibrium that prevented some infiltration, resulting in 

slightly more runoff than in non-storage cases. This also explains the larger cumulative volume of 

runoff seen in scenarios with both groundwater and storage. 

 

Figure 3.14 Comparison of Cumulative Outflow Volumes for Different Overland Flow 

Lengths: (a) CAP; (b) HAM; (c) LKS; (d) BCR; (e) CMP 
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Figure 3.15 Comparison of Cumulative Outflow Volumes for Different Subcatchment 

Delineation Areas: (a) CAP; (b) HAM; (c) LKS; (d) BCR; (e) CMP 

Figure 3.15 is consistent with the previous results showing the relative unimportance of 

discretization to flow calculations. The small difference between coarse and fine delineations is 

likely due to the smaller subcatchments having shorter flow lengths by default. It can be observed 

that the smaller delineation area tended to correlate with marginally higher or no change in 

infiltration. Champions is an outlier from this trend and likely a result of the land coverage and 
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land use creating uniformly large CNs. There also appears to be no clear correlation between 

delineation area and total outflow volume.  

Several scenarios show the sum of outflow sources exceeding the modeled outflow at the 

junction, especially at Bent Creek and Champions. This is likely a result of several factors, such 

as channel and junction flooding, infiltration at the junctions that cause infiltration at junctions, 

also known as bank storage, or routing errors. Where the sum is less than the junction outflow 

could also be attributed to routing errors, as well as depression storage and lower groundwater loss 

when groundwater is included.  

3.2.6 Evolution of Groundwater Calibrations 

As previously stated, there were differences in the calibration of the initial groundwater 

investigation and that of the sensitivity analysis. The results from the two model calibrations 

produced very different results that required deeper investigation. The scenarios from the 

sensitivity analysis that were chosen were 10.SU.0.WDT and 10.SU.GW.WDT as they were most 

analogous to the original non-groundwater and groundwater models. From Table 3.11, the newer 

groundwater calibration had a better representation of depth hydrographs, except for Champions 

Blvd which was about the same in terms of accuracy. There was a greater increase in NSE at 

Lakeshore, while the other junctions had a similar magnitude of improvement. Figure 3.16 

visualizes these differences more clearly by comparing the depth hydrographs at each location. 
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Table 3.11 Comparison of NSE for Different Non-GW and GW Calibrations 

Station 
Original 

No GW 
10.SU.0.WDT 

 Original 

GW 
10.SU.GW.WDT 

CAP 0.22 0.40 0.61 0.79 

HAM 0.26 0.39 0.48 0.58 

LKS 0.16 -0.90 0.76 0.82 

BCR 0.42 0.58 0.72 0.89 

CMP 0.40 0.36 0.56 0.56 

 

 

Figure 3.16 Comparison of Hydrographs for Different Non-GW and GW Scenarios: (a) 

CAP; (b) HAM; (c) LKS; (d) BCR; (e) CMP 
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 The scale of modeled depths can be seen to be slightly larger for the newer calibration, 

bringing it closer to what was modeled in Xiao (2022). The peaks in 10.SU.0.WDT are much closer 

to 10.SU.GW.WDT at Capps, Hamilton, and Champions than those in the previous non-

groundwater model were to the corresponding groundwater model. This indicates that there was 

more stormwater from runoff flowing into these junctions. The CN were not substantially different 

to indicate more infiltration was occurring. Referring to Figure 3.17 shows that the opposite was 

true, where there was almost twice as much runoff in the older groundwater model and little 

groundwater outflow, which meant little infiltration. 

 

Figure 3.17 Comparison of Cumulative Outflow Volumes for Different Subcatchment 

Delineation Areas: (a) CAP; (b) HAM; (c) LKS; (d) BCR; (e) CMP 
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 The cause of this is the surface elevation. The original calibration had a surface elevation 

equal to the rim elevation, which was the same as the invert elevation at most nodes. The newer 

calibration had it slightly above the rim elevation. Groundwater interflow in SWMM can only 

occur if there is space for the groundwater to occupy between the bottom of the junction and the 

subcatchment surface. If the surface is too low relative to the invert elevation, the groundwater 

will fill up the subsurface storage and prevent infiltration from occurring. Since the original 

calibration had surface elevation at the same elevation as the receiving junction invert, 

groundwater could not exfiltrate into the stream as the water table was below the stream bed. This 

mimics fully saturated conditions that make subcatchments effectively impervious. The only 

source of groundwater loss was to the deeper aquifer. Outflow only occurred in the storage basins 

for the original calibration as these had a rim elevation that was higher than the invert elevation. 

Figure 3.18 compares infiltration and groundwater level for one subcatchment to more clearly 

visualize what is happening. As can be seen, the higher surface elevation creates space for the 

groundwater to occupy above the channel bed. The aquifer can empty out between rain events and 

recharge with new rainfall. 

 

Figure 3.18 Comparison of the Effect of Surface Elevation on Modeling GW: (a) 

Infiltration Rate; (b) Groundwater Depth. 
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3.2.7 Validation 

The improvement of the newer calibration carries over into validation as well. Figure 3.19 

compares the model with and without the same offset correction as the original calibration. The 

newer calibration is overall much better at representing the recession curves, especially for the 

smaller rain events, though it still tends to underestimate. Additionally, there was no significant 

change in the peak depths when correcting the offset as seen in Figure 3.6. The error metrics 

confirm this improvement and are included in Table 3.12 along with those of the original 

calibration. 

 

Figure 3.19 Validation of 10.SU.GW.WDT 

Table 3.12 Comparison of Errors for Validation of Original and New Calibrations 

Error 

Metric 

Original Offset 

0.081 m 

Original Offset 

0.171 m 

10.SU.GW.WDT 

Offset 0.081 m 

10.SU.GW.WDT 

Offset 0.171 m 

NSE -1.99 0.26 -1.15 0.7 

R2 0.235 0.52 0.792 0.793 

RMSE (m) 10.3 3.77 9.57 2.47 
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3.3 Modeling TSS Concentrations 

3.3.1 Results of Sensitivity Analysis 

The following sensitivity analysis was conducted using a simulation period capturing the rain 

events from December 29th, 2021, to January 4th, 2022. Results were compiled for 500 simulations 

using box-and-whisker plots to evaluate several characteristics of the pollutographs. The results 

from this sensitivity analysis informed the understanding of buildup and washoff parameters and 

later choices for TSS calibration.  

Three sample pollutographs and parameter combinations are included in Figure 3.20 and 

Table 3.13. These were compared to a dotted black line representing the maximum measured 

concentration of about 105 mg/L. Combinations No. 5 and No. 433 represent scenarios that 

significantly underestimated or overestimated peak concentrations respectively relative to actual 

measurements, whereas No. 227 was among the closest to the reference concentration using 

rainfall data from Xiao (2022). This range was attributed to buildup parameters since they set the 

potential pollutant load for any surface at a particular time. Larger maximum buildups and buildup 

rates tended to correlate with larger concentrations of TSS, as will be shown further down. 

Simulations with newer data, including a TSS pollutograph, revealed that No. 227 was the best fit 

overall and was selected for additional calibration to be discussed below in 3.3.2 Comparison to 

Measurements. 
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Figure 3.20 Sample Pollutographs 

Table 3.13 Sample Pollutograph Input Variable Combinations 

Combination Land Use C1 C2 C3 C4 

No. 5 

Commercial 30 0.12 0.0006 2 

Residential 38 0.17 0.0004 1.9 

Open Space 39 0.18 0.0004 1.7 

            

No. 227 

Commercial 199.5 0.33 0.006 1.33 

Residential 176.5 0.35 0.004 1.45 

Open Space 83 0.29 0.004 1.48 

            

No. 433 

Commercial 369 0.33 0.06 1.55 

Residential 315 0.35 0.04 1.6 

Open Space 127 0.29 0.04 1.55 

 

Figures 3.21 through 3.23 refer to the broader trends across all simulations, using the 

commercial land use values for class divisions. Figure 3.21 shows the time fraction for which TSS 

concentrations exceeded 1 ppm. This metric provides information about the pollutant drawdown 

rate and baseline concentration. C1 (max buildup) and C2 (buildup rate) have a linear or logarithmic 

relationship. Only the lowest value for each of these parameters can produce pollutographs that 
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remain entirely below 1 ppm. C3 (washoff coefficient) has a logarithmic relationship with 

concentration. The average follows a positive correlation, while the range or spread of values has 

a negative correlation. C4 (washoff exponent) has the weakest correlation with the time fraction. 

Increasing this value correlates with higher minimums, but there is no real change in the average. 

This may be because of the relatively narrow range of values. 

 

Figure 3.21 Fraction of Time TSS Concentrations Exceeded 1 ppm 

The results make sense where increasing each parameter correlates with an increase in the 

time fraction. The buildup parameters affect the subcatchment concentration at the time of a rain 

event. A faster or larger buildup concentration would result in larger pollutant loads for washoff, 

regardless of the coefficient or exponent. As with hydrographs, larger pollutograph peaks can 

create longer drawdown by themselves by having more stormwater or pollutants to flush through 

the system. C3 and C4 affect the rate at which the buildup is washed off relative to the runoff rate. 
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Larger washoff parameters slow down the drawdown even as runoff rate and the remaining buildup 

concentration decreases. 

Figure 3.22 compares the average TSS concentrations for the whole week-long simulation. 

C1, C2, and C3 have a similar relationship with concentration as before, with C1 and C2 having a 

clearer linear relationship. This fits with the linear progression of values and how buildup 

parameters determine the possible pollutant loading. C3 has an exponential relationship in terms 

of average as well as the spread of data points. This relationship emphasizes C3 as a strong 

controlling factor on the magnitude of pollutant concentrations in runoff. C4 appears to have weak 

to no correlation with average concentrations. 

 

Figure 3.22 Average TSS Concentrations 
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Figure 3.23 shows the maximum modeled TSS concentration in the stream. C1 and C2 again 

have a linear correlation as the factors setting the possible pollutant loading for a rain event. C4 

has a weak linear correlation, with concentration increasing as the exponent increases. The most 

interesting trend comes from C3, which has a parabolic correlation. A closer inspection revealed 

three general trends in concentration dependent on the combination of C3 and C4, shown in Figure 

3.24 with a representative selection of data.  

 

Figure 3.23 Maximum TSS Concentrations 
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Figure 3.24 Relationship Between C3, C4, and Maximum TSS Concentration 

 When C3 is less than 0.01 mm-1, the trend is exponential. Above 0.01 mm-1, the trend is 

polynomial with an upward and downward opening curve. Washoff is also a function of the 

remaining buildup load. If C3 and C4 are small enough, there will likely be some residual pollutants 

in the subcatchments when runoff flow stops. It is theorized that increasing them together causes 

this residual to also be washed off, requiring the pollutant load to build back up from zero or much 

lower concentrations. This would mean that successive rain events, despite having larger rainfalls, 

may have smaller pollutant loads to washoff. However, there is not enough information available 

to conclusively explain this behavior. 

3.3.2 Comparison to Measurements 

Stream samples at Bent Creek Rd from November to December 2024 were used to create the 

following turbidity-TSS curve (Figure 3.25). The highest measured concentration of TSS was 

about 105 mg/L on November 28. This correlated with a rain event with a maximum volume of 

about 5.5 mm, which is approximately the same peak volume as used in the TSS sensitivity 

analysis. A pollutograph is shown in Figure 3.26 for the average measured TSS concentration. 
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Figure 3.25 Turbidity-TSS Curve for BCR 

 

Figure 3.26 Average Measured TSS Pollutograph Compared to Rainfall for Largest 

Concentration Event 

 The minimum observed concentration was about 5 mg/L, which was used as the new 

residual concentration (C*) in the gravity settling formula. The SRTC tool of PCSWMM was used 

to calibrate the pollutograph for combination No. 227 in two ways. One adjusted C1 alone and one 
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C3 alone. The resulting combinations are included in Table 3.14, and the final pollutograph is 

shown in Figure 3.27. As can be seen Figure 3.27, both calibrations produced nearly identical 

results. 

Table 3.14 Calibrated Buildup and Washoff Parameters 

Calibration Land Use C1 C2 C3 C4 

C1 Only 

Commercial 99.75 0.33 0.006 1.33 

Residential 41.5 0.29 0.004 1.48 

Open Space 88.25 0.35 0.004 1.45 

      

C3 Only 

Commercial 199.5 0.33 0.003 1.33 

Residential 83 0.29 0.002 1.48 

Open Space 176.5 0.35 0.002 1.45 

 

 

Figure 3.27 Comparison of Modeled and Measured TSS Pollutographs 

3.3.3. Comparison of Different Calibrations 

The combination of TSS parameters with only C3 calibrated was selected to compare the effects 

of the presence and absence of groundwater and storage. This scenario was selected as it was 

believed to be more justifiable given that C1 is more likely to be a limiting factor if the TSS 
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concentrations at this location can exceed what was measured. These scenarios were first validated 

against depth measurements at the sensor location for the period of November 18th to 30th, shown 

in Figure 3.28. The resulting pollutographs for these scenarios are compared in Figure 3.29, 

focusing on the rain event on November 28th for which there is TSS data. 

 

Figure 3.28 Validation of Watershed Sensitivity Analysis Models at Bent Creek 

 

Figure 3.29 Comparison of TSS Pollutographs for Watershed Sensitivity Analysis Scenarios 
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Overall, the models tended to overestimate the depth measured at Bent Creek Rd for this 

period. The baseline model was a better fit for the first rain event, but the other models were much 

closer for the two later events. Due to equipment failures and data loss, it was necessary to use 

data from a station further downstream, which may have caused the input rainfall to be an 

overestimation for this part of the watershed. The logger data indicates that the true upstream 

rainfall was likely less than what was measured downstream. The reservoir upstream may have 

also dampened the flow if the water receded enough over the weeklong dry period. 

Several observations can be made of Figure 3.29. Scenarios without storage do not have a 

residual concentration due to not including the gravity settling equation. Groundwater correlates 

with a faster drawdown of TSS, which is the opposite to how it affects flow measurements. This 

also appears to be the case for storage in the early stages of drawdown before it reaches residual 

concentrations. It is theorized that these features gradually release cleaner water that dilutes the 

concentration of TSS quicker. This model does not include the ability for TSS to enter groundwater 

through infiltration, so the outflow would theoretically have zero contaminants. Lakes and ponds 

naturally have low flow conditions that would instigate gravity settling much quicker than along a 

channel, even during rain. The concentration would therefore drop much quicker and the water 

that is released downstream would be relatively cleaner, at least closer to the residual 

concentration, compared to runoff entering the stream network straight from a subcatchment at the 

same time step. 
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Chapter 4. Discussion and Research Limitations 

The overarching objective of this research was to develop a better understanding of hydrology and 

water quality in the MMC watershed through data collection in the field and modeling with 

SWMM. The field monitoring tasks were accomplished through several months of data collection 

for rainfall, stream depth, stream velocity, turbidity, and TSS concentration. The field data was 

useful for calibrating and validating hydrological and water quality parameters for several discrete 

locations across the Opelika sub-watershed of MMC. A TSS-turbidity curve with a relatively 

strong correlation was developed for the downstream end of the Opelika sub-watershed that is 

expected to be useful in future studies. The understanding of water quality remains the least 

developed due to limitations on the sampling quantity and frequency by equipment constraints.  

 For SWMM, initial calibration efforts yielded a model with groundwater that did improve 

upon previous research by Xiao (2022) with better recession curves relative to measurements. 

Subsequent calibrations through a hydrological sensitivity analysis further improved upon this 

after a better understanding of SWMM groundwater modeling mechanics was developed. The 

sensitivity analysis also showed the locationally-dependent importance of surface storage and 

relative insignificance of spatial discretization and overland flow to hydrograph accuracy in this 

watershed. A preliminary calibration of TSS buildup and washoff was achieved that closely 

matched observed concentrations for a single rain event. However, validation was not possible due 

to the limited amount of water quality data.    

4.1 Discussion 

The results of the initial groundwater calibration and the improvements by subsequent calibrations 

demonstrated the importance of reviewing all model results to ensure represented hydrological 

behavior made sense. It was on closer inspection that the infiltration was recognized as being 
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unrealistic for a watershed that was mostly covered in permeable surfaces. The results of the initial 

calibration did still show improvement in terms of the statistical analysis of the hydrographs 

relative to previous research in this watershed as there was still some groundwater outflow that 

contributed to slower drawdown.  

 The SWMM reference manual (Rossman and Huber 2016a) mentions that overland flow 

length is important for representing sheet flow to maximize subcatchment infiltration, however 

this was not the case in this study. Possibly, the overland flow length parameter is more relevant 

on a smaller scale or in subcatchments with higher percentages of imperviousness and lower 

infiltration capacities (Saghafian and Julien 1989). However, there was only one such 

subcatchment in our study, the Tiger Town shopping center. Most of the study areas were covered 

in permeable surfaces where rivulet flow is more likely to occur.  The aggregation of less 

discretized models may also make rivulet flow a more suitable assumption as a way of accounting 

for lower order stream without explicitly representing them in the model (Wanniarachchi and 

Wijesekera 2020). The results of the sensitivity analysis of flow length did not support the 

assertions of Rossman and Huber (2016a) that longer flow path lengths lead to faster travel times 

and less infiltration. Many of the subcatchments in the models using the width calculated by 

PCSWMM’s WDT had flow lengths significantly longer than 150 m yet had slightly more 

infiltration. This, however, may just be a limitation of the model in representing the transition from 

sheet flow to rivulet flow. 

 Spatial discretization was found to not be as significant to results as initially hypothesized. 

These results were consistent with previous research that showed the insensitivity of total outflow 

(Ghosh and Hellweger 2011; Krebs et al 2013; Goldstein et al 2016). The limited range of the 

sensitivity analysis must be considered when applying these findings elsewhere. The dual scale 
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effect observed in the study by Ghosh and Hellweger (2011), where the coarser model had smaller 

flow peaks in big rain events and larger peaks in smaller events, was not observed in this study. 

However, the results of the validation of the initial groundwater model showed a similar dual scale 

effect for depth when the inlet offset was raised to better match the baseline. This is theorized to 

be a result of the downstream channel cross-section being higher relative to the invert elevation of 

the node, resulting in more ponding that dampens the peaks during large rain events. 

 The initial hypothesis that led to the consideration of spatial discretization for sensitivity 

analysis was based on a flawed comparison. What was not considered at the time were the different 

capabilities of the models. HEC-RAS has hydrological capabilities, but it is not a complete 

hydrological model like SWMM as it lacks a way to account for infiltration beyond runoff 

calculations. In other words, HEC-RAS lacks the capacity to represent groundwater exfiltration 

and interflow phenomena. The calibration of this model for depth hydrographs was therefore 

different because there was no groundwater to provide a prolonged outflow, resulting in an unequal 

comparison. 

 The calibration of pollutant parameters for TSS in this study are useful for identifying the 

general area for major sediment sources. A finer spatial or LCB distribution (Yan et al 2022) would 

help to break up subcatchments with mixed uses for more targeted assessments of BMPs. The 

results from the TSS sensitivity analysis revealed a multi-phases relationship between the washoff 

variables C3 and C4 that was not mentioned by previous research. Discovering the cause of this 

behavior is beyond the scope of this research but is a potential subject for future investigation. 

 Through the calibration process, stream cross-section geometry was observed to be a major 

factor in surface water results. For natural hydrological approaches, the rim elevation of a junction 

is dependent on the elevation data within the upstream and downstream conduits. If the banks are 
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too low for the flow entering the junction, this can create flood losses and the discrepancy between 

cumulative flow observed in Figure 3.14 and 3.15. 

4.2 Limitations 

Data was a major limiting factor for this study. As previously stated with studies over large areas 

(Warwick and Tadepalli 1991; Abbaspour et al 2015), larger regions require more data to 

accurately represent hydrological processes through calibration. This is difficult to achieve when 

available data or collection capacity is limited both spatially and temporally. This study was only 

able to calibrate the watershed at five locations and validate at three due to a limited number of 

level loggers. Rainfall variation was more likely to be a source of error due to how spread out 

monitoring stations were. It is believed that the measured rainfall used in the validation of Bent 

Creek Rd shown in Figure 3.27 may have been greater than the actual rainfall elsewhere in that 

part of the watershed. Water quality analysis was severely limited temporally due to the limited 

number of samples that could be obtained from any rain event. 

 The equipment itself is a source of potential error. Many of the logger hydrographs showed 

fluctuations in water depth measurements that were likely a result of temperature disparities 

between the air and water. The study by Moore (2016) showed how temperature variations can 

cause pressure readings for the HOBO U20 series of loggers to drift. Temperature is also believed 

to have an adverse effect on rain gauges, as it was observed that deployments were more likely to 

prematurely end or fail to collect data during periods of extreme heat and cold. Equipment 

deployed in streams was vulnerable to faulty readings from the sediment and debris being 

transported. As previously stated, the AV sensor is specifically dependent on unobstructed view of 

sediment particles to measure velocity. Periods between rain events tended to have less reliable 

correlations between depth and velocity readings due to the lower turbidity. 



88 

 

 Several characteristics of the watershed were determined based on external data sources. It 

was previously noted that the DEM lacked information about the geometry of certain features. 

This included bathymetry, or topography below the water line, which prevented the creation of 

accurate storage curves and limited the accuracy of stream cross-sections derived from the DEM. 

Properties for the aquifer and groundwater were generalized based on open source data to create a 

uniform subsurface compartment, which was adequate for the purposes of this study. However, 

this limits the accuracy of groundwater behavior in this watershed on top of the inherent 

simplification of groundwater hydrology by SWMM (Moore 2016; Zhang and Chui 2020). 

 Water quality modeling with SWMM had several limitations. As previously mentioned, 

bank erosion is a contributor to stream impairment by sedimentation. SWMM can be used to 

calculate an erosion index based on exceeding stream velocity, but this erosion is not considered 

for actual water quality calculations. This model therefore assumes all TSS comes from overland 

runoff and ignores bank failures and resuspension of sediment. The measured concentrations are 

similarly limited in that they do not differentiate between the sediment that comes from runoff or 

bank erosion. 

 Xiao (2022) noted that the findings regarding CN Cut-off method, specifically the most 

optimal cut-off value, are not necessarily transferrable to other watersheds. The same can be said 

regarding the calibration of groundwater components for this study. The equations used by SWMM 

makes use of several mostly arbitrary variables, the values of which were found by using 

PCSWMM’s SRTC tool. Through equifinality, the combination of variables for groundwater-

surface water interactions are likely one of many that can produce the same or more accurate 

results. Similarly, the pollutant modeling equations were calibrated largely using SRTC. 

Additionally, the range of equations and possible combinations creates another level of uncertainty 
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in the wider application of the TSS results. Additional data is necessary to verify the accuracy of 

the TSS-turbidity curve for constructing TSS pollutographs and validate the calibration at Bent 

Creek Rd and other parts of the watershed. 
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Chapter 5. Conclusions and Recommendations 

This research established a better understanding of the MMC watershed through field observations 

and modeling of hydrology and water quality. It was observed that groundwater was a significant 

factor in this watershed. Accounting for infiltrated rainfall beyond runoff calculations was 

important to the representation of hydrograph and TSS pollutograph recession curves relative to 

field measurements. Storage was a conditional factor to hydrograph and pollutograph accuracy 

that depended on location relative to monitoring stations. Stations closer to storage outlets were 

much more sensitive to changes in surface storage representation than those further away. Other 

parameters considered for hydrological sensitivity analysis, such as overland flow length and 

subcatchment distribution, were not as significant and are not as crucial for accurate results.  

The water quality sensitivity analysis provided valuable insight into the effects of 

exponential buildup and washoff variables on predicted concentrations. A unique multi-phase 

relationship was discovered between the washoff coefficient and exponent that indicates the 

importance of residual buildup immediately following rain events to peak concentration 

predictions. The calibration for this model produced a pollutograph similar to measurements when 

groundwater and storage were considered, but additional data is necessary for validation.  

The methodology and results of this study can be helpful to future hydrological modeling 

research and serve as a framework for future watershed management plan studies. As the 

overarching project in MMC continues, the model may be further developed to encompass the 

entirety of the watershed. A full MMC model validated with hydrological and water quality data 

could serve as a predictive tool with multiple use cases. Most pertinent is assessing the 

effectiveness of various LIDs and BMPs for mitigating sedimentation. The model may aid in 

evaluating the potential sediment loads from future construction as Auburn and Opelika continue 



91 

 

to grow. It may also aid local engineers and authorities in flood mitigation and preparation efforts, 

the need for which was shown by the recent devastation of inland communities by Hurricane 

Helene. 

 The present research has several limitations that future studies can improve and expand 

upon. A larger quantity and array of sensor and data loggers would help overcome some of the 

challenges of spatial and temporal variability inherent to large watersheds and provide sources for 

additional validation. Future studies may expand upon the sensitivity analysis conducted for this 

research, expanding the range of parameters selected for this study—overland flow length, 

subcatchment delineation area, buildup and washoff variables—and considering other parameters 

like Manning’s roughness or depression storage to confirm the observations of this study. The 

relationship between washoff variables and peak pollutant concentrations over extended period 

simulations is another subject for investigation that might be better addressed by a more extensive 

sensitivity analysis that also assesses the subcatchment pollutant runoff concentrations. Future 

sensitivity analyses should be conducted over a wide variety of watersheds in terms of land use 

and size. The hypothesis about groundwater dilution of pollutant concentrations may be tested 

through an LID study since these devices are intended to encourage greater infiltration and would 

be expected to result in more groundwater outflow. Finally, it was observed in reviewing literature 

that there is no clear method for SWMM for calibrating subcatchments with a groundwater 

component that drains into surface storage, especially reservoirs and wet detention ponds, and the 

calibration used by this model for such subcatchments is likely not realistic to the true quantities 

of runoff and infiltration. It is recommended that a methodology be developed to address such 

situations by utilizing the tools within SWMM.  
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Appendix A: Curve Number Infiltration 

CN Lookup Table 

Land Use (USGS 2024) Hydrological Soil Group 

Value Classification A B C D 

11 Open Water 100 100 100 100 

12 Perennial Ice/Snow 100 100 100 100 

21 Developed, Open 52 68 78 84 

22 Low Intensity Development 81 88 90 93 

23 Medium Intensity Development 84 89 93 94 

24 High Intensity Development 88 92 93 94 

31 Barren Land 70 81 88 92 

41 Deciduous Forest 45 66 77 83 

42 Evergreen Forest 30 55 70 77 

43 Mixed Forest 36 60 73 79 

51 Dwarf Scrub 33 42 55 62 

52 Shrub 33 42 55 62 

71 Grassland 47 63 75 85 

72 Sedge 47 63 75 85 

73 Lichens 74 74 74 74 

74 Moss 79 79 79 79 

81 Pasture 40 61 73 79 

82 Cropland 62 74 82 86 

90 Woody Wetland 86 86 86 86 

95 Emergent Wetlands 80 80 80 80 
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Excel Screenshot 

 

*This screenshot shows only a part of the entire spreadsheet. 
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VBA Code 

Private Sub CN_Calculator() 

 

'Define Input 

Dim name As String, area() As Single, CN() As Single 

Dim ha() As Single, cutoff As Integer, areaimp() As Single 

'Define Output 

Dim subcatch As String, avgCN As Single, imperv As Single 

'Define counters 

Dim i As Integer, j As Integer, rows As Integer, subs As Integer 

'Define misc. values 

Dim subname As String, pervarea As Single, CNsub As Single, impervsub 

As Single 

'Define pop-up 

Dim Msg As VbMsgBoxResult 

 

'Set initials 

i = 1 

j = 0 

rows = 0 

subs = 0 

subname = "" 

subcatch = "" 

 

'Check if input values are present 

If Cells(1 + i, 1) = "" Then 

    MsgBox "No input detected.", vbOKCancel, "Missing Input" 

    Exit Sub 

End If 

'Count number of rows and subcatchments and clear previous text 

For i = 1 To 30000 

    If Cells(1 + i, 1) <> "" Then 

        rows = rows + 1 

        subname = Cells(1 + i, 1) 

        Cells(1 + i, 9) = "" 

        Cells(1 + i, 10) = "" 

        Cells(1 + i, 11) = "" 

        If subname <> subcatch Then 

            subcatch = subname 

            subs = subs + 1 

        Else 

        End If 

    Else 

        Exit For 
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    End If 

Next i 

 

 

'Reset values 

i = 1 

j = 0 

subname = "" 

subcatch = "" 

 

'ReDimension matrices 

ReDim area(1, subs) As Single, CN(1, rows) As Single, ha(1, rows) As Single 

 

 

'Read inputs into matrices 

For i = 1 To rows 

    CN(1, i) = Cells(1 + i, 3) 

    ha(1, i) = Cells(1 + i, 4) 

    subname = Cells(1 + i, 1) 

     

    If subname <> subcatch Then 

        subcatch = subname 

        j = j + 1 

        'Print condensed subcatchment list 

        Cells(1 + j, 9) = subcatch 

        'Condensed subcatchment area matrix 

        area(1, j) = Cells(1 + i, 2) 

    Else 

    End If 

Next i 

'Reset 

i = 1 

j = 1 

subname = "" 

subcatch = Cells(2, 1) 

 

'Read in cutoff value 

cutoff = Cells(2, 6) 

 

'Calculate subcatchment CN and percent impervious 

For i = 1 To rows + 1 

    subname = Cells(1 + i, 1) 

     

    If subcatch = subname Then 'Same subcatchment 
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        'Seperate pervious and impervious areas 

        If CN(1, i) < cutoff Then 

            'CN 

            avgCN = avgCN + ha(1, i) * CN(1, i) 

        Else 

            'Impervious 

            imperv = imperv + ha(1, i) 

        End If 

         

    Else 'New subcatchment 

    'Percent impervious and average CN of previous subcatchment 

        pervarea = area(1, j) - imperv 

        avgCN = avgCN / pervarea 

        imperv = imperv / area(1, j) * 100 

         

        'Print results 

        Cells(1 + j, 10) = avgCN 

        Cells(1 + j, 11) = imperv 

         

        'Start new subcatchment 

        j = j + 1 

        subcatch = subname 

         

        If j <= subs Then 

            avgCN = 0 

            imperv = 0 

     

            'Seperate pervious and impervious areas 

            If CN(1, i) < cutoff Then 

                'CN 

                avgCN = avgCN + ha(1, i) * CN(1, i) 

            Else 

                'Impervious 

                imperv = imperv + ha(1, i) 

            End If 

        Else 

            Exit For 

        End If 

    End If  

Next i 

 

'Reset counters 

i = 1 

j = 1 
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'Average values 

For j = 1 To subs 

    CNsub = CNsub + Cells(1 + j, 10) / subs 

    impervsub = impervsub + Cells(1 + j, 11) / subs 

Next j 

 

Cells(1 + j, 9) = "Average" 

Cells(1 + j, 10) = CNsub 

Cells(1 + j, 11) = impervsub 

 

End Sub 
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Appendix B: TSS Sensitivity Analysis 

Excel Screenshots 

 

 

*These screenshots only show a portion of the spreadsheets.  
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Python Code 

import swmm_api 

from swmm_api import SwmmInput, SwmmOutput 

from swmm_api.input_file.section_labels import BUILDUP, WASHOFF 

from swmm_api.output_file.definitions import OBJECTS 

import itertools 

import pandas as pd 

 

 

# Import base file 

inp = SwmmInput("Opelika 1.1.1.0 API.inp") 

 

# Assign parameter ranges or possibilities 

# C1 

C1_urban_range =[30,114.75,199.5,284.25,369] 

C1_resid_range = [38,107.25,176.5,245.75,315] 

C1_non_range =[39,61,83,105,127] 

 

# C2 

C2_urban_range =[0.12,0.33,0.54,0.75,0.96] 

C2_resid_range = [0.17,0.35,0.53,0.70,0.88] 

C2_non_range =[0.18,0.29,0.40,0.51,0.62] 

 

# C3 

C3_urban_range =[0.0006,0.006,0.06,0.6] 

C3_resid_range = [0.0004,0.004,0.04,0.4] 

C3_non_range =[0.0004,0.004,0.04,0.4] 

 

# C4 

C4_urban_range =[1.10,1.33,1.55,1.78,2.00] 

C4_resid_range = [1.30,1.45,1.60,1.75,1.90] 

C4_non_range =[1.40,1.48,1.55,1.63,1.70] 

 

# Create overarching categories 

# Urban 

urban_range = [C1_urban_range, C2_urban_range, C3_urban_range, 

C4_urban_range] 

 

# Residential 

resid_range = [C1_resid_range, C2_resid_range, C3_resid_range, 

C4_resid_range] 

 

# Non-Urban 

non_range = [C1_non_range, C2_non_range, C3_non_range, 
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C4_non_range] 

 

# Create combinations of C1, C2, C3, and C4 for each category 

a = list(itertools.product(*urban_range)) 

b = list(itertools.product(*resid_range)) 

c = list(itertools.product(*non_range)) 

 

print(a) 

print(b) 

print(c) 

 

# Define number of iterations to run 

num_iterations = 500 

 

# Start counter 

i = 1 

 

# Initiate while loop 

while i <= num_iterations: 

 

    # Track iterations in python 

    iteration = "Iteration " + (str(i)) 

    print(iteration) 

 

    # Assign combination of parameters to input file based on 

iteration 

    inp[BUILDUP]["Commercial", "TSS"]["C1"] = a[i - 1][0] 

    inp[BUILDUP]["Commercial", "TSS"]["C2"] = a[i - 1][1] 

    inp[WASHOFF]["Commercial", "TSS"]["C1"] = a[i - 1][2] 

    inp[WASHOFF]["Commercial", "TSS"]["C2"] = a[i - 1][3] 

    inp[BUILDUP]["Residential", "TSS"]["C1"] = b[i - 1][0] 

    inp[BUILDUP]["Residential", "TSS"]["C2"] = b[i - 1][1] 

    inp[WASHOFF]["Residential", "TSS"]["C1"] = b[i - 1][2] 

    inp[WASHOFF]["Residential", "TSS"]["C2"] = b[i - 1][3] 

    inp[BUILDUP]["Non-Urban", "TSS"]["C1"] = c[i - 1][0] 

    inp[BUILDUP]["Non-Urban", "TSS"]["C2"] = c[i - 1][1] 

    inp[WASHOFF]["Non-Urban", "TSS"]["C1"] = c[i - 1][2] 

    inp[WASHOFF]["Non-Urban", "TSS"]["C2"] = c[i - 1][3] 

 

    # Create a copy of the base file with new parameters 

    inp.write_file('Opelika 1.1.1.0 API - Copy.inp') 

 

    # Run copy file 

    swmm_api.run_swmm.run.swmm5_run('Opelika 1.1.1.0 API - 

Copy.inp') 
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    # Assign output of copy for convenience 

    out = SwmmOutput("Opelika 1.1.1.0 API - Copy.out") 

 

    # Create or overwrite Excel file on first iteration 

    if i == 1: 

        TSS_data = out.get_part(OBJECTS.NODE,"BCR", 

"TSS",slim=False).to_frame() 

        flow_data = out.get_part(OBJECTS.NODE, "BCR", "total_inflow", 

slim=False).to_frame() 

        writer = pd.ExcelWriter("Opelika1.1.1.0.xlsx", "xlsxwriter") 

 

        TSS_data.to_excel(writer, sheet_name="Sheet 1",startrow=1, 

startcol=13) 

        flow_data.to_excel(writer, sheet_name="Sheet 1", index=False, 

startrow=1, startcol=15) 

        writer.close() 

 

    # Append Excel file for following iterations 

    if i >= 2: 

        TSS_data = out.get_part(OBJECTS.NODE,"BCR", 

"TSS",slim=False).to_frame() 

        flow_data = out.get_part(OBJECTS.NODE, "BCR", "total_inflow", 

slim=False).to_frame() 

        writer = pd.ExcelWriter("Opelika1.1.1.0.xlsx", 

"openpyxl",None,None,"a", None, "overlay") 

 

        TSS_data.to_excel(writer, sheet_name="Sheet 1", 

startrow=(170*(i-1)+1),startcol=13) 

        flow_data.to_excel(writer, sheet_name="Sheet 1", index=False, 

startrow=(170 * (i - 1) + 1), startcol=15) 

        writer.close()  # Create header for iteration number 

 

    # Append Excel file with parameters for iteration 

 

    # Create lists of parameters for current iteration 

    j = 1 

 

    # Reset list 

    it = [] 

    urC1 = [] 

    nuC1 = [] 

    rsC1 = [] 

    urC2 = [] 

    nuC2 = [] 
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    rsC2 = [] 

    urC3 = [] 

    nuC3 = [] 

    rsC3 = [] 

    urC4 = [] 

    nuC4 = [] 

    rsC4 = [] 

 

    # Write lists 

    while j <= 168: 

        it.append(i) 

        urC1.append(inp[BUILDUP]["Commercial","TSS"]["C1"]) 

        nuC1.append(inp[BUILDUP]["Non-Urban","TSS"]["C1"]) 

        rsC1.append(inp[BUILDUP]["Residential","TSS"]["C1"]) 

        urC2.append(inp[BUILDUP]["Commercial","TSS"]["C2"]) 

        nuC2.append(inp[BUILDUP]["Non-Urban","TSS"]["C2"]) 

        rsC2.append(inp[BUILDUP]["Residential","TSS"]["C2"]) 

        urC3.append(inp[WASHOFF]["Commercial","TSS"]["C1"]) 

        nuC3.append(inp[WASHOFF]["Non-Urban","TSS"]["C1"]) 

        rsC3.append(inp[WASHOFF]["Residential","TSS"]["C1"]) 

        urC4.append(inp[WASHOFF]["Commercial","TSS"]["C2"]) 

        nuC4.append(inp[WASHOFF]["Non-Urban","TSS"]["C2"]) 

        rsC4.append(inp[WASHOFF]["Residential","TSS"]["C2"]) 

 

        j +=1 

 

    # Transfer list to data frame 

    df_it = pd.DataFrame({"Iteration": it},index=None) 

    df_urC1 = pd.DataFrame({"UR C1": urC1}, index=None,) 

    df_nuC1 = pd.DataFrame({"NU C1": nuC1}, index=None,) 

    df_rsC1 = pd.DataFrame({"RS C1": rsC1}, index=None,) 

    df_urC2 = pd.DataFrame({"UR C2": urC2}, index=None,) 

    df_nuC2 = pd.DataFrame({"NU C2": nuC2}, index=None,) 

    df_rsC2 = pd.DataFrame({"RS C2": rsC2}, index=None,) 

    df_urC3 = pd.DataFrame({"UR C3": urC3}, index=None,) 

    df_nuC3 = pd.DataFrame({"NU C3": nuC3}, index=None,) 

    df_rsC3 = pd.DataFrame({"RS C3": rsC3}, index=None,) 

    df_urC4 = pd.DataFrame({"UR C4": urC4}, index=None,) 

    df_nuC4 = pd.DataFrame({"NU C4": nuC4}, index=None,) 

    df_rsC4 = pd.DataFrame({"RS C4": rsC4}, index=None,) 

 

    # Define which spreadsheet to append 

    writer = pd.ExcelWriter("Opelika1.1.1.0.xlsx", "openpyxl", None, None, 

"a", None, "overlay") 
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    # Write headers in Excel file 

    df_it.to_excel(writer, "Sheet 1", index=False, index_label=False, 

startrow=(170 * (i - 1) + 1), startcol=0) 

    df_urC1.to_excel(writer, "Sheet 1", index=False,index_label=False, 

startcol=1, startrow=170 * (i - 1) + 1) 

    df_urC2.to_excel(writer, "Sheet 1", index=False,index_label=False, 

startcol=2, startrow=170 * (i - 1) + 1) 

    df_urC3.to_excel(writer, "Sheet 1", index=False,index_label=False, 

startcol=3, startrow=170 * (i - 1) + 1) 

    df_urC4.to_excel(writer, "Sheet 1", index=False,index_label=False, 

startcol=4, startrow=170 * (i - 1) + 1) 

    df_rsC1.to_excel(writer, "Sheet 1", index=False,index_label=False, 

startcol=5, startrow=170 * (i - 1) + 1) 

    df_rsC2.to_excel(writer, "Sheet 1", index=False,index_label=False, 

startcol=6, startrow=170 * (i - 1) + 1) 

    df_rsC3.to_excel(writer, "Sheet 1", index=False,index_label=False, 

startcol=7, startrow=170 * (i - 1) + 1) 

    df_rsC4.to_excel(writer, "Sheet 1", index=False,index_label=False, 

startcol=8, startrow=170 * (i - 1) + 1) 

    df_nuC1.to_excel(writer, "Sheet 1", index=False,index_label=False, 

startcol=9, startrow=170 * (i - 1) + 1) 

    df_nuC2.to_excel(writer, "Sheet 1", index=False,index_label=False, 

startcol=10, startrow=170 * (i - 1) + 1) 

    df_nuC3.to_excel(writer, "Sheet 1", index=False,index_label=False, 

startcol=11, startrow=170 * (i - 1) + 1) 

    df_nuC4.to_excel(writer, "Sheet 1", index=False,index_label=False, 

startcol=12, startrow=170 * (i - 1) + 1) 

 

    writer.close() 

 

    # Next iteration 

    i += 1 

 

*Several components of this code were hard-coded for the purposes of this study, including the 

input values for buildup and washoff variables, land use categories, and the specific junction for 

data output.    
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VBA Code 

Private Sub CommandButton1_Click() 

 

'DIMENSION 

Dim urc1, urc2, urc3, urc4 As Single     'Urban factors 

Dim rsc1, rsc2, rsc3, rsc4 As Single     'Residential factors 

Dim nuc1, nuc2, nuc3, nuc4 As Single     'Non-urban factors 

Dim Texceed, Ttotal As Single            'Time 

Dim TSSexceed, TSStotal As Single        'TSS 

Dim TSSmax As Single                   'Max TSS 

Dim TSSppb, TSSppm As Single            'Base TSS 

Dim Tppb, Tppm As Single                'TSS exceedance time 

Dim Q, Qb As Single                     'Flow 

Dim i, j As Integer                      'Counters 

Dim combo As Single                    'Combination number 

Dim db As Excel.Worksheet 

 

'Simplify reference to database 

Set db = Excel.Worksheets("Database") 

 

'Baseline flow (Qb) is a constant 

Qb = db.Range("P3") 

TSSppb = 0.001 

TSSppm = 1 

 

'Set first row with data 

i = 3 

 

'Print headers 

Cells(1, 1) = "Current Combination" 

Cells(1, 3) = "Current Row" 

Cells(4, 1) = "Combination" 

Cells(4, 2) = "UR C1" 

Cells(4, 3) = "UR C2" 

Cells(4, 4) = "UR C3" 

Cells(4, 5) = "UR C4" 

Cells(4, 6) = "RS C1" 

Cells(4, 7) = "RS C2" 

Cells(4, 8) = "RS C3" 

Cells(4, 9) = "RS C4" 

Cells(4, 10) = "NU C1" 

Cells(4, 11) = "NU C2" 

Cells(4, 12) = "NU C3" 

Cells(4, 13) = "NU C4" 
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Cells(4, 14) = "Avg Q/Qb" 

Cells(4, 15) = "Time fraction of flow exceedance" 

Cells(4, 16) = "Time fraction of TSS exceeding 1 ppb" 

Cells(4, 17) = "Time fraction of TSS exceeding 1 ppm" 

Cells(4, 18) = "Avg TSS" 

Cells(4, 19) = "W. Avg TSS" 

Cells(4, 20) = "Peak TSS" 

 

'Loop 

Do While db.Range("A" & i) <> "END" 

     

    combo = db.Range("A" & i) 

     

    'Check if still in current simulation 

    If db.Range("A" & i) = db.Range("A" & (i - 1)) Then 

         

        'If still in current simulation 

        'Check if Q(t) exceeds baseline by 1% 

        If db.Range("P" & i) > (1.01 * Qb) Then 

         

            'Add to exceedance totals 

            Q = Q + db.Range("P" & i) 

            Texceed = Texceed + 1 

            TSSexceed = TSSexceed + db.Range("O" & i) 

        Else 

        End If 

         

        'Check if TSS(t) exceeds baseline 

        If db.Range("O" & i) > TSSppb Then 

             

            'Add to exceedance total 

            Tppb = Tppb + 1 

             

        Else 

        End If 

         

                     

        If db.Range("O" & i) > TSSppm Then 

            'Add to exceedance total 

            Tppm = Tppm + 1 

             

        Else 

        End If 

         

        'Add to overall total 
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        Ttotal = Ttotal + 1 

        TSStotal = TSStotal + db.Range("O" & i) 

         

        'Determine maximum TSS 

        If db.Range("O" & i) > TSSmax Then TSSmax = db.Range("O" & 

i) 

      

         

    Else 

     

        'If entering new simulation 

        'Output statistical measures from previous simulation 

        'Skip if first simulation 

        If db.Range("A" & i) = 1 Then 

        Else 

            Cells(3 + combo, 14) = Q / (Ttotal * Qb) 

            Cells(3 + combo, 15) = Texceed / Ttotal 

            Cells(3 + combo, 16) = Tppb / Ttotal 

            Cells(3 + combo, 17) = Tppm / Ttotal 

            Cells(3 + combo, 18) = TSStotal / Ttotal 

            Cells(3 + combo, 19) = TSSexceed / Texceed 

            Cells(3 + combo, 20) = TSSmax 

     

        End If 

         

        'Output parameters of new 

        Cells(4 + combo, 1) = db.Range("A" & i) 

        Cells(4 + combo, 2) = db.Range("B" & i) 

        Cells(4 + combo, 3) = db.Range("C" & i) 

        Cells(4 + combo, 4) = db.Range("D" & i) 

        Cells(4 + combo, 5) = db.Range("E" & i) 

        Cells(4 + combo, 6) = db.Range("F" & i) 

        Cells(4 + combo, 7) = db.Range("G" & i) 

        Cells(4 + combo, 8) = db.Range("H" & i) 

        Cells(4 + combo, 9) = db.Range("I" & i) 

        Cells(4 + combo, 10) = db.Range("J" & i) 

        Cells(4 + combo, 11) = db.Range("K" & i) 

        Cells(4 + combo, 12) = db.Range("L" & i) 

        Cells(4 + combo, 13) = db.Range("M" & i) 

         

        'Reset 

        Q = 0 

        Ttotal = 0 

        Texceed = 0 

        Tppb = 0 
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        Tppm = 0 

        TSStotal = 0 

        TSSexceed = 0 

        TSSmax = 0 

         

        'Start new count 

        'Check if Q(t) exceeds baseline by 1% 

        If db.Range("P" & i) > (1.01 * Qb) Then 

         

            'Add to exceedance totals 

            Q = Q + db.Range("P" & i) 

            Texceed = Texceed + 1 

            TSSexceed = TSSexceed + db.Range("O" & i) 

        Else 

        End If 

         

        'Check if TSS(t) exceeds baseline 

        If db.Range("O" & i) > TSSb Then 

             

            'Add to exceedance total 

            Ttss = Ttss + 1 

             

        Else 

        End If 

         

                             

        If db.Range("O" & i) > TSSppm Then 

            'Add to exceedance total 

            Tppm = Tppm + 1 

             

        Else 

        End If 

         

        'Add to overall total 

        Ttotal = Ttotal + 1 

        TSStotal = TSStotal + db.Range("O" & i) 

         

    End If 

     

    Cells(2, 1) = combo 

    Cells(2, 3) = i 

    i = i + 1 

     

Loop 
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'Output results of final simulation 

Cells(4 + combo, 14) = Q / (Ttotal * Qb) 

Cells(4 + combo, 15) = Texceed / Ttotal 

Cells(4 + combo, 16) = Tppb / Ttotal 

Cells(4 + combo, 17) = Tppm / Ttotal 

Cells(4 + combo, 18) = TSStotal / Ttotal 

Cells(4 + combo, 19) = TSSexceed / Texceed 

Cells(4 + combo, 20) = TSSmax 

 

End Sub 

 


