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Abstract  

 

Urbanization alters land cover by increases in impervious areas, resulting in large 

increases in runoff, sediment, and nutrient loadings downstream. These changes cause flooding, 

eutrophication, and harmful algal blooms. Stormwater control measures (SCMs) are used to 

address these concerns and are designed based on inflow loads. Thus, estimating nutrient and 

sediment loads from developed watersheds is vitally important for meeting the impacts of 

urbanization. Today, stormwater events are characterized mainly by watershed models using 

little, if any, actual field monitoring data. The simple event mean concentration (EMC) wash-off 

approach by land use is a common practice used by practitioners for estimating loads. Pollutants 

accumulate on surfaces during dry periods, making EMC a function of antecedent dry period 

(ADP). An EMC results from wash-off of accumulated pollutants from catchment surfaces 

during runoff events. However, it assumes concentration is constant across events from a 

particular land use and several studies found little to no correlation between constituent 

concentrations in stormwater and ADP. Build-up/wash-off equations were developed to account 

for variation of concentrations between events; however, the required parameters are difficult to 

estimate. This study applied machine learning approaches with a national dataset along with 

monitoring and modeling studies at watershed scales to improve predictions of stormwater 

quantity and quality. First, we obtained stormwater quality data from the National Stormwater 

Quality Database (NSQD), which is the largest data repository of stormwater quality data in the   



U.S., and used Bayesian Network Structure Learner (BNSL), a machine learning approach, to 

discover which climatological or catchment characteristics most significantly affect stormwater 

quality. Second, we developed and applied Random Forest (RF), a data-driven method, to predict 

nutrients and sediment EMCs in urban runoff. Third, we applied the Storm Water Management 

Model (SWMM), a widely used urban watershed model, to an urban watershed and assessed the 

best fit estimates of SWMM parameters and hydrological response of the watershed during dry 

and wet hydroclimatic conditions. Last, we conducted a monitoring and modeling study at a 

catchment scale and assessed the role of land use on stormwater quantity and quality to optimize 

and investigate the build-up/wash-off parameters for multiple urban land uses for nutrients and 

sediment. The results presented in this dissertation can help stakeholders, urban planners, and 

SCM designers improve estimates of nutrients and sediment loads and thus achieve more 

effective treatment of stormwater, better attain water quality goals, and protect downstream 

water bodies. 
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General Audience Abstract 

 

Urban development results in increased hardscapes (impervious surfaces), which 

increases runoff and subsequent pollution from nutrients and sediment carried off land surfaces. 

This negatively impairs the health of receiving streams, lakes, rivers, and estuaries. A variety of 

management practices are available for reducing these impacts. Practice size is based on the 

water quantity and quality it will receive. Thus, estimating the quantity of nutrients and sediment 

from developed areas is crucial to meet water quality goals. However, designs of stormwater 

management practices typically use historical data based on land use; rather than conducting new 

monitoring studies to determine actual pollution loads. 

Event mean concentration (EMC) is a common method used to estimate wash-off of 

pollutants from the land. Pollutants accumulate on surfaces during dry periods, making EMC a 

function of antecedent dry period (ADP) which is the time between storm events. An EMC 

results from wash-off of accumulated pollutants from urban areas during a storm event. 

However, EMC assumes pollutant concentration is constant across any storm event from a 

particular land use. Several studies found little to no correlation between nutrients and sediment 

concentrations in stormwater and ADP. Build-up/wash-off equations were developed to account 

for variability  of concentrations between storm events; however, there are several parameters 

that are difficult to estimate. This study applied machine learning approaches to a national   
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stormwater quality dataset and conducted monitoring and modeling studies at progressively 

smaller scales to improve the predictions of stormwater quantity and quality. 

First, we obtained stormwater quality data from the National Stormwater Quality 

Database (NSQD), which is the largest data repository of its type in the U.S., and used Bayesian 

Network Structure Learner (BNSL), a machine learning method, to discover which 

climatological or catchment characteristics most significantly affect stormwater quality. Second, 

we developed and applied Random Forest (RF), also a machine learning method, to predict 

nutrients and sediment EMCs in stormwater. Third, we applied the Storm Water Management 

Model (SWMM), which is the most widely used rainfall/runoff model, to an urban area and 

assessed the best fit estimates of SWMM parameters during dry and wet years. Last, we 

conducted a monitoring and modeling study at smaller scales and assessed the role of land use on 

stormwater quantity and quality and estimated build-up/wash-off parameters for multiple urban 

land uses for nutrients and sediment using optimization. The results presented in this dissertation 

can help stakeholders, urban planners, and stormwater practice designers improve estimates of 

the quantity of nutrients and sediment in stormwater, achieve more effective treatment of 

stormwater, attain water quality improvement goals, and protect the health of receiving streams 

and downstream water bodies. 
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Chapter 1. Introduction  

Urbanization is associated with the spatial re-distribution of dispersed populations into 

clusters; and the development of structures and transportation corridors to serve that population 

(Paul and Meyer, 2001). Urban development generates impervious surfaces for parking, streets, 

and buildings, resulting in decreased infiltration, increased runoff peak and volume, eroding 

stream beds and banks, and increasing the transport of pollutants downstream (Yazdi et al., 

2021). Of particular concern is the increased transport of nutrients and sediment, which cause 

eutrophication and harmful algal blooms downstream (Behrouz et al., 2020; Lintern et al., 2020). 

In urban environments, stormwater control measures or SCMs are being implemented to 

improve water quality and the health of aquatic habitats by attenuating peak runoff, reducing 

runoff volume, and treating runoff to improve water quality, ultimately improving human 

wellbeing (Rai et al., 2019). Managing stormwater initially focused on simply attenuating peak 

runoff through SCMs such as detention ponds; this gradually evolved to include treatment of 

runoff to improve water quality and reducing runoff volume to restore natural hydrology, a 

holistic set of practices known as low impact development (LID) (Prince Georgeôs County, 

1999), or green infrastructure (GI) when viewed on a Citywide scale (Liu and Jensen, 2018). LID 

led to a new group of SCMs (e.g., bioretention, green roofs, etc.) that use multiple processes 

including infiltration, plant nutrient uptake, and evapotranspiration to mitigate the impacts of 

urban development (Liu et al., 2016). Estimates of incoming loads from directly contributing 

urban watersheds determine the size and cost of local SCMs (Sadeghi et al., 2018).  

In the United States, much of our understanding regarding runoff quality stems from the 

Nationwide Urban Runoff Program (NURP), which was conducted by the U.S. EPA between 

1979 and 1983. The NURP study was conducted in response to an amendment to the Clean 
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Water Act of 1977 regarding nonpoint source pollution (NPS) (U.S.C., 1977). The NURP study 

consisted of monitoring runoff quality from small, homogenous (with respect to land use) 

catchments (Smullen et al., 1999; U.S. EPA, 1983). The NURP study monitored approximately 

2,300 station-storm events for 81 urban subcatchments in 28 communities throughout the U.S. 

Since the completion of NURP, several other stormwater monitoring efforts have been 

conducted across the U.S. The United States Geological Survey (USGS) monitored 

approximately 1,100 station-storm events from 98 urban subcatchments in 20 communities from 

the early through the mid-1980s. Additionally, approximately 800 station-storm events in 30 

communities throughout the U.S. were monitored as part of the National Pollutant Discharge 

Elimination System (NPDES) permit program from the early 1990s until the late 1990s. In 1999, 

the original NURP data were updated by supplementing it with data from the USGS and NPDES 

to expand estimates of stormwater quality parameters from urban areas. Expanding the dataset 

provided more coverage of urbanized areas over a larger extent of the U.S. A later study, the 

National Stormwater Quality Database (NSQD) (Pitt et al., 2018, 2004) developed under the 

direction of Dr. Robert Pitt of the University of Alabama and the Center for Watershed 

Protection under support from the U.S. Environmental Protection Agency (U.S. EPA) is 

currently the most definitive and comprehensive source of stormwater quality data in the U.S., as 

the NSQD contains the aforementioned NURP, NPDES, and USGS data. 

Stormwater quality is highly variable with regards to nutrients and sediment 

concentrations (Tuomela et al., 2019). Previous research on case studies have found that 

stormwater quality depends upon factors such as Land Use (LU) (Arora and Reddy, 2013; 

Goonetilleke et al., 2005; Pai and Saraswat, 2013), precipitation intensities, duration, and volume 
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(Brezonik and Stadelmann, 2002), socioeconomic factors (Borris et al., 2016), and external 

sources upwind that affect aerial deposition (Pacyna, 2008). 

The statistical analysis of the NSQD showed that LU was the most important factor 

affecting stormwater quality as stormwater quality differences likely stem from anthropogenic 

activities unique to each LU (Liu et al., 2015). For instance, excessive fertilizer use in green 

spaces of residential and park land uses may result in higher phosphorus in stormwater (Yazdi et 

al., 2021). However, at freeways and industrial land uses, automotive activities including vehicle 

exhaust, spills of oil and gas, and road sanding were identified as major sources of phosphorus in 

stormwater (Lee et al., 2016; Müller et al., 2020). 

Besides LU, the statistical analysis of NSQD data showed stormwater quality also varied 

based on the six main geographical regions (dividing the U.S. into six zones including North 

West, South West, Central, Great Lakes, South East, and East Coast, Figure 1.1) of monitoring 

stations; hence, the NSQD can be searched for stormwater quality based on LU and the 

geographical location. Each geographical location has specific precipitation characteristics. Case 

studies (Behera et al., 2006; Muthusamy et al., 2018; Shaw et al., 2010) also showed stormwater 

quality is a function of precipitation characteristics. 

A variety of watershed models are available to simulate stormwater quantity and quality. 

Among them, the Stormwater Management Model (SWMM) developed by the U.S. EPA is the 

most commonly used watershed model applied to urban areas (Niazi et al., 2017; Rossman, 

2015; U.S. EPA, 2021). SWMM is used for flooding analysis (Ma et al., 2022), water quality 

predictions (Gorgoglione et al., 2019), evaluating the impacts of urbanization (Yazdi et al., 

2021), and assessing the effectiveness of SCMs (Alamdari and Sample, 2019; Nayeb Yazdi et 
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al., 2021). However, SWMM requires a large number of parameters to sufficiently express the 

complex relationship between precipitation and stormwater quantity and quality. 

Previous studies have linked stormwater quality to LU and precipitation characteristics. 

However, there is a lack of information on using data from a national scale and including 

precipitation and catchment characteristics to (1) further investigate the most influential 

parameters affecting stormwater quality and (2) predict stormwater quality based on the most 

influential parameters. Furthermore, although SWMM has been frequently used and widely cited 

at catchment scales, no study has focused on (1) the effect of the selection of parameter values 

for simulating dry and wet hydroclimatic conditions and (2) estimating SWMMôs water quality 

parameters for multiple urban land uses at a given location for nutrients and sediment. The main 

contributions of this research are the analysis of stormwater quality from a national perspective 

which then guided a monitoring and modeling program of stormwater quantity and quality at 

catchment scales to verify findings. This dissertation is organized to address the following main 

goals and objectives. 
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Figure 1.1. NSQD data categorized by six main geographical locations, adopted from (Pitt et al., 

2018) 

1.1. Goals and Objectives 

The goal of this research is to improve predictions of stormwater quantity and quality 

through applying modeling, monitoring, and data analysis techniques from national to catchment 

scales. To accomplish this goal, the following primary objectives were explored:  

1. Investigate the relevant sources and factors affecting event mean concentrations (EMCs) 

of nutrients and sediment in stormwater through using a national database and a machine 

learning approach. 

2. Predict nutrients and sediment EMCs in stormwater through using a national database and 

a machine learning approach. 

3. Improve stormwater quantity predictions during wet and dry years at the catchment scale 

through using SWMM and an automatic calibration tool. 

4. Critically assess the role of land use on stormwater quality, and estimating nutrients and 

sediment build-up/wash-off parameters from specific land uses. 

1.2. Dissertation Organization 

This dissertation is composed of six chapters. Chapter 1 discusses stormwater quantity 

and quantity concerns in urban areas in U.S. Chapters 2-5 are allocated to the aforementioned 

objectives of this research. All these four chapters (2-5) have been published or are intended to 

be submitted for publication in peer-reviewed journals. The author of this dissertation was the 

lead author on all four manuscripts. Chapter 6 contains the overall conclusions of this research 

and summarizes research needs. 
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Abstract  

Urbanization increases runoff, sediment, and nutrient loadings downstream, causing 

flooding, eutrophication, and harmful algal blooms. Stormwater control measures (SCMs) are 

used to address these concerns and are designed based on inflow loads. Thus, estimating nutrient 

and sediment loads is important for meeting restoration objectives. Pollutants accumulate on 

surfaces during dry periods, making Event Mean Concentration (EMC) a function of antecedent 

dry period (ADP). An EMC results from wash-off of accumulated pollutants from catchment 

surface during runoff events. However, several studies found little to no correlation between 

constituent concentrations in stormwater and ADP. The objective of this study is to verify this 

finding and discover which climatological or catchment characteristics most significantly affect 

stormwater quality. Stormwater quality data were obtained from the National Stormwater 

Quality Database (NSQD), which is the largest data repository of stormwater quality data in the 

https://doi.org/10.1016/j.scitotenv.2022.154368
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U.S. Bayesian Network Structure Learner (BNSL) was used to assess the relationships between 

catchment characteristics, climatological information, and stormwater quality for selected land 

uses. Given the optimal BN structure, it was determined which parameters most affect 

stormwater quality EMCs. The results demonstrate that both catchment and rain characteristics 

affected stormwater quality EMCs. Among catchment characteristics, land use (LU) was the 

most important factor and catchment size was the least. Precipitation depth (P) and duration (D) 

affected Total Phosphorus (TP), Total Nitrogen (TN), and Total Suspended Solids (TSS). This 

indicated that it is likely that P and D had a greater influence on stormwater quality more than 

ADP. P, D, and ADP affected the dissolved constituents of TN (i.e. NO2-N/NO3-N) and TP (i.e. 

Ortho-P). Compared to other factors (i.e. P and D), the effect of ADP on TSS was negligible. 

Stormwater quality EMCs related to nitrogen were not affected by catchment slope (S). 

However, TSS and Ortho-P were influenced by S.  
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Nomenclature  

Ŭ Type I Error Rate 

A Catchment Size in Hectares 

ADP Antecedent Dry Period in days 

ANOVA Analysis of Variance 

AWC Available Water Capacity in percentage 

BIC Bayesian Information Criterion 

BN Bayesian Network 

BNSL Bayesian Network Structure Learner 

BOD5 Five-day Biochemical Oxygen Demand in mg/L  

COD Chemical Oxygen Demand in mg/L 

D Precipitation Duration in min 

DAGs Directed Acyclic Graphs 

DEMs Digital Elevation Models 

EMC Event Mean Concentration in mg/L 

GIS Geographic Information System 

H/H/WQ Hydraulic/ Hydrologic/ Water Quality 

HSD Honest Significant Difference 

IDF Intensity-Duration-Frequency 

Imp Percent Imperviousness 

Ksat Saturated Hydraulic Conductivity in micro m/s 

LU Dominant Land Use 

NCDC National Climatic Data Center 

NH3-N/ NH4-N Ammonia/ Ammonium in mg/L  

NLCD National Land Use Landcover Database 

NO3-N/ NO2-N Nitrate/ Nitrite in mg/L  

NPDES National Pollutant Discharge Elimination System 

NRCS Natural Resources Conservation Service 

NSQD National Stormwater Quality Database 

NURP Nationwide Urban Runoff Program 

Organic-N Organic Nitrogen in mg/L 

Organic-P Organic Phosphorus in mg/L 

Ortho-P Orthophosphorus in mg/L  

P Precipitation Depth in mm 

PCA Principal Component Analysis 

PCSWMM Personal Computer Storm Water Management Model 

S Slope in percentage 

SCM Stormwater Control Measures 

SSURGO Web Soil Survey Geographic Database 

SWMM Storm Water Management Model 

TKN Total Kjeldahl Nitrogen in mg/L 

TN Total Nitrogen in mg/L 

TP Total Phosphorus in mg/L 

TSS Total Suspended Solids in mg/L 

USDA U.S. Department of Agriculture 

USGS U.S. Geological Survey 
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2.1. Introduction   

Urban runoff quality has long been associated with land use (LU) [e.g. commercial, 

freeways, and residential] (Arora and Reddy, 2013; Pai and Saraswat, 2013). Urban development 

generates impervious surfaces for parking, streets, and buildings, resulting in decreased 

infiltration, increased runoff peak and volume, eroding stream beds and banks, and increasing the 

transport of pollutants downstream (Nayeb Yazdi et al., 2019). Of particular concern is the 

increased transport of nitrogen, phosphorus, and sediment, which cause eutrophication and 

harmful algal blooms in sensitive receiving water bodies (Behrouz et al., 2020; Lintern et al., 

2020). Water quality differences likely stem from activities unique to each land use (Liu et al., 

2015). 

A key element of managing urban stormwater quality is the use of stormwater control 

measures (SCMs), also known as structural best management practices (BMPs). The design of 

SCMs is based on inflow pollutant loads (Askarizadeh et al., 2015; Lintern et al., 2020). The 

simple EMC wash-off approach by land use, which assumes concentration is constant over the 

storm for each land use, is a common practice used by practitioners for estimating pollutant loads 

(Perera et al., 2021a). The EMC wash-off approach is favored over instantaneous concentrations 

due to two reasons: (1) instantaneous concentrations are highly variable in time while EMC is an 

event-based characteristic in terms of stormwater quality (Perera et al., 2021a), and (2) EMC is 

often the main parameter used for designing various SCMs (Liu et al., 2015).  

Pollutants accumulate on surfaces during dry periods, making EMC a function of 

antecedent dry period (ADP). An EMC results from the wash-off of accumulated pollutants from 

the land surface during runoff events (Nayeb Yazdi et al., 2021). 
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Several studies have found little to no correlation between EMCs for each respective land 

use and ADP, bringing into question the effect of ADP on stormwater quality EMCs (Gaut et al., 

2019; Gorgoglione et al., 2019; Nayeb Yazdi et al., 2021; Sun et al., 2015). In addition, ADP did 

not exhibit a close correlation with other climatological characteristics such as precipitation 

depth (P) and duration (D); thus, it is often treated as an independent variable (Alias et al., 2014). 

Shaw et al. (2010) found precipitation characteristics like intensity and D significantly affect 

stormwater quality, but not ADP. Muthusamy et al. (2018b, 2018a) demonstrated corroborating 

evidence through laboratory experiments that stormwater quality was related to external drivers 

such as precipitation intensity and surface slope (S), and recommended considering them for 

estimation of water quality (Alias et al., 2014). Behera et al., (2006) showed that EMCs can be 

analytically expressed as a function of the precipitation characteristics.  

Previous studies have been limited to case studies or rainfall simulations (Muthusamy et 

al., 2018a, 2018b; Nayeb Yazdi et al., 2021; Shaw et al., 2010; Wang et al., 2013), while data for 

this study utilized the National Stormwater Quality Database (NSQD) (Pitt et al., 2004a, 2004b) 

(Figure 2.1) which is the largest repository of its type in the US. Exploring results from a 

national database improves the method of previous studies, making the results more general. 

Composite samples were collected during storm events and were analyzed for various water 

quality constituents including Total Suspended Solids (TSS), Total Phosphorus (TP), Soluble 

Phosphorus, Total Kjeldahl Nitrogen (TKN), Nitrate (NO3-N), Nitrite (NO2-N), and Total 

Nitrogen (TN). A key assumption governing the NSQD was that the runoff from each land use 

can be characterized by a single EMC. Preliminary statistical analysis on data from the NSQD 

has been performed by Pitt et al., 2004a using clustering and principal component analysis 

(PCA) to identify the effect of parameters on EMCs. Pitt et al. (2004) indicated that the results of 
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the PCA analysis should be considered preliminary, as only a limited number of variables such 

as P, catchment size or A, and percent imperiousness or Imp were assessed. PCA results 

indicated strong relationships between P and TN and TP EMCs. Pitt et al. (2018, 2004) also 

found significant differences between stormwater quality EMCs of various land uses by using the 

nonparametric KruskalïWallis one-way ANOVA, analysis of variance. Pitt et al. (2004) 

indicated that the missing information, particularly catchment characteristics, limits the ability to 

fully explore the relationship between Imp, S, and other parameters affecting stormwater. Our 

study completes the missing information in the NSQD dataset and investigates which 

parameters, climatological characteristics, and/or catchment characteristics, are affecting each 

targeted stormwater quality EMC for a particular urban land use.  

To identify relationships between stormwater-related variables, a data-driven approach 

that implements machine learning algorithms is needed (Wang et al., 2019). Bayesian networks 

(BNs) are a widely used machine learning method that has proven to be a powerful tool for 

complex problems in various disciplines such as medicine, system reliability, and environmental 

assessment (Leu and Bui, 2016); hence, it was selected for this study. Moreover, BNs can be 

employed to direct expert knowledge of NQSD inputs and set model dependencies among 

random variables (Hung and Hobbs, 2019; Perera et al., 2021b; Sambito et al., 2018; Scutari, 

2010). This is achieved by the use of Directed Acyclic Graphs (DAGs) in which a set of random 

variables makes up the nodes of the network and arcs represent direct influence between nodes 

and parent nodes. Bayesian Network Structure Learner (BNSL) algorithms, which are now freely 

available (Marco and Ness, 2020; Scutari, 2010) are a possible, widely adaptable method to 

structure and optimize BNs to identify the importance of climatological and catchment 

characteristics on stormwater quality within each urban land use.  
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Data-driven approaches have also been applied for estimation in environmental research 

areas such as predicting sediment yield (Singh et al., 2017), fecal indicator bacteria 

(Vijayashanthar et al., 2018), pollutant first flush in stormwater (Perera et al., 2019), and effluent 

water quality parameters from wastewater treatment (Sharafati et al., 2020). These studies 

estimate water quality based on the defined main drivers. Investigating stormwater quality data at 

the catchment scale for various climatic conditions and BNSL algorithms will determine which 

parameters have the greatest effect on stormwater quality EMCs. The optimal BN structure for 

each land use determines (i) the most prevalent forms of nutrients, and (ii) potential sources of 

nutrients and sediment.  

The objectives of this study are to 1) investigate the effect of climatological and 

catchment characteristics on sediment and nutrients concentration in stormwater from 

homogenous urban land uses, 2) determine potential sources of nutrients and sediment in 

stormwater from selected land uses, and 3) assess the most prevalent forms of nitrogen and 

phosphorus in stormwater by land use. Our main tools for the pursuit of these objectives are the 

NSQD and BNSL. 
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Figure 2.1. Location of stormwater quality monitoring stations within main physiographic 

regions of the continental U.S.  

2.2. Materials and Methods  

2.2.1. The National Stormwater Quality Database (NSQD) and completion of missing 

information  

The National Stormwater Quality Database (NSQD) (Pitt et al., 2004) is currently the 

most definitive and comprehensive source of stormwater quality data in the U.S. The NSQD 

reports EMCs for various stormwater quality constituents, climatological and catchment 

characteristics, and provided six land use classes, including commercial, freeways, industrial, 

institutional, open space, and residential. The location of the monitoring stations from the NQSD 

with respect to the physiographic region is shown in Figure 2.1 and a typical catchment for each 

homogenous land use is shown in Figure A1 in Appendix A. As of 2021, stormwater quality has 

been characterized and archived for over 5,000 storm events from approximately 300 

homogenous (with respect to land use) urban catchments (Pitt et al., 2004). The NSQD study 

used the EMC, which is defined as the ratio between the total pollutant mass divided by the total 
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runoff volume during each event. Thus, for each parameter during each storm event, EMC was 

calculated as:  

 Ὁὓὅ
 В Ў

В Ў
 
В

В
  (eq. 2.1) 

where M is the mass of pollutants (mg); V is the total volume of runoff (L); Qi is the runoff 

quantity within each time interval (L/s); Ci is the pollutant concentration within each time 

interval (mg/L); Vi is the volume of runoff within each time interval (L), and ȹt is the time 

interval of the incremental sample (sec). The NSQD EMCs are widely used in the U.S. to 

estimate pollutant loadings from specific land uses.  

The 308 stations of the NSQD utilized herein have monitored at least one of the 

constituents of interest, which include: TN, TP, and TSS. TN is the total concentration of TKN 

(Total Kjeldahl Nitrogen), consisting of organic nitrogen (Organic-N) and ammonia (NH3-N) 

(Carter and Gregorich, 2007), plus NO3-N and NO2-N. TP is the sum of orthophosphorus 

(Ortho-P) and organic phosphorus (Organic-P) (U.S. EPA, 2012). A homogeneous land use 

classification herein is defined as when over 85% of a catchment area is from one land use. This 

step was performed to filter out sites with mixed land uses which are present in the NSQD. Each 

storm event in the NSQD includes all or a portion of the catchment and climatological 

characteristics. Catchment characteristics include A, Imp, and LU. Climatological characteristics 

include precipitation start and end date/time, (P), and calculated ADP. When the NSQD 

parameter set was incomplete, an extensive effort was undertaken to supplement the missing 

information. The completed data used here were made accessible through the GitHub website 

(Shahed Behrouz, 2022).  



 

18 

 

Missing NSQD climatological characteristics were filled by matching the closest station 

(within 20 km) with hourly data on the sampling period from the National Climatic Data Center 

(NCDC) (NOAA, 2020) and the United States Geological Survey (USGS, 2020) databases. 

NSQD reports whether only the first 3 h of the storm event were sampled or the complete event. 

D was recorded as 240 min for the former and the difference between precipitation start and end 

date/time for the latter. ADP was based on the nearest rainfall station. The resolution for the 

recorded rain in the rain gauges was 0.254 mm per 1 h. The minimum rainfall depth of 0.508 mm 

per 2 h was considered as the threshold when determining ADP. 

Catchments for each station were defined using the automated delineation tool within 

PCSWMM (Personal Computer Storm Water Management Model) software (Computational 

Hydrologic International, Toronto, Canada) (PCSWMM, 2020), which integrates geographic 

information system (GIS) data with the Storm Water Management Model (SWMM), such that 

the delineated drainage area matched the area in the NSQD. Digital Elevation Models (DEMs) 

were downloaded from the U.S. Department of Agriculture (USDA): Natural Resources 

Conservation Service (NRCS): Geospatial Data Gateway, (2020). The average slope for each 

catchment was calculated from the DEMs associated with each catchment. Soil data were 

obtained from the Web Soil Survey Geographic Database (SSURGO) (U.S. Department of 

Agriculture Natural Resources Conservation Service, 2021). Available Water Capacity (AWC) 

and Saturated Hydraulic Conductivity (Ksat) were included as a quantitative representation of the 

predominant soil type for each catchment. AWC and Ksat were obtained from physical soil 

properties and values calculated using a weighted average based on the area that each soil type 

covers. Imp for each catchment was derived using the National Landuse Landcover Database 

(NLCD), 2006. For an example of how locally collected and NQSD data can be used, stormwater 
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from six homogenous catchments was monitored in Virginia Beach, VA (Nayeb Yazdi et al., 

2021) and compiled with NSQD data to assess pollutant load generation, accumulation, and 

transport which are attributed to climatological (i.e., rainfall) and catchment characteristics. The 

same procedure for extracting precipitation and catchment characteristics was applied to six 

homogeneous catchments in Virginia Beach, VA, resulting in a total of 314 homogenous 

catchments. The variables of interest from the monitored database included: climatological and 

catchment characteristics, P, D, ADP, S, Imp, A, LU, soil characteristics including AWC and Ksat, 

and water quality EMCs are shown in Table 2.1. LU was a categorical variable. All other 

variables were treated as being numerical continuous.  

2.2.2. Bayesian Network 

A BN is a probabilistic graphical model which represents dependencies among variables 

(Murphy, 2001). A BN encodes a joint probability distribution over a set ὢ  ὢȟὢȟȢȢȢȟὢ  

of random variables where each node represents a variable in X. Nodes are connected with arcs 

and go from a parent node to a child node, i.e. ὢ ᶨὢ, ὢ being the parent node and ὢ being 

the child node. The arcs represent the conditional dependencies between independent variables 

and dependent variables. If a variable has parent nodes, then its conditional probability 

distribution is in the form of ὖὺὥὶὭὥὦὰὩȿὴὥὶὩὲὸί whereas if the random variable does not 

have a parent node, the conditional probability distribution becomes P(variable). Given the 

structure of a BN model, the full joint distribution of all variables can be formulated as (Scutari, 

2010): 

ὖὢȟὢȟȢȢȢȟὢ   Б ὴὢȿὴὥὶὩὲὸίὢ  (eq. 2.2) 

The full joint distribution, P(ὢȟὢȟȢȢȢȟὢ  is a product of conditional densities where 

each node is assumed to be independent of its non-descendants given information on its parent 
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nodes. The conditional independence relations between variables in a BN model are learned 

using constraint-based approaches (Beretta et al., 2018).  

The pc.stable algorithm is one of the promising solutions to learn the underlying structure 

of a BN model by performing conditional independence tests. The pc.stable algorithm was 

selected in this study since in previous studies it has proven to be efficient when applied to high-

dimensional datasets (Gao and Cui, 2015; Le et al., 2013). Moreover, it is computationally 

feasible, can handle thousands of variables, and allows for expert knowledge input (Colombo 

and Maathuis, 2014). The pc.stable algorithm starts with a fully connected graph and iteratively 

removes all insignificant directed arcs based on pairwise independence tests among any pair of 

variables (Beretta et al., 2018; Tsagris, 2019). Expert knowledge inputs were applied to the 

pc.stable algorithm in the form of a ñblacklistò. The blacklist prohibits arcs between variables 

that have no physical basis (e.g. relationship between precipitation depth and percent 

imperviousness). In addition, a bootstrap technique was used to conduct resampling from the 

database, boosting confidence in the resulting optimal BN structure. 

Pairwise conditional independence tests among any pair of variables were performed 

using the t-test for Pearsonôs correlation (Marco and Ness, 2020). The results of the Pearson 

correlation determined the relationships between the variables by producing a p-value (Beretta et 

al., 2018; Tsagris, 2019). The null hypothesis was that all parameters are correlated. If the p-

value from the conditional independence test between two variables was greater than the Type I 

error rate or Ŭ (=0.05), the null hypothesis was rejected which means the directed arc between 

the two variables was removed, indicating the likely independence of the two variables. If the p-

value was less than Ŭ = 0.05, the directed arc between the two variables was kept, indicating they 

were likely dependent (Tsagris, 2019). The arc length in any BN structure is arbitrary and does 
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not have physical meaning. Given the optimal BN structure, it was determined which parameters 

affected stormwater quality EMCs the most, and which the least. The variables that define 

climatological and catchment characteristics can then become inputs to a H/H/WQ (Hydraulic/ 

Hydrologic/ Water Quality) model such as SWMM (Rossman, 2015). In addition, BN scores for 

each of the optimal BN structures were calculated using Bayesian Information Criterion (BIC), 

see equation 2.3. BIC consists of a log-likelihood term, ς ὒὒ ὋȠ Ὀ , and a regularization term, 

ὨὭά Ὃ  ὰέὫ ὔ , based on a model G and data D.  

ὄὍὅ ὋȠ Ὀ  ς ὒὒ ὋȠ Ὀ  ὨὭά Ὃ  ὰέὫ ὔ   (eq. 2.3) 

where G denotes model, D denotes data, N is the number of storm events, and dim (G) is the 

number of variables in model G.  

BIC is a measure of the likelihood of observed data given a specific model; models with 

the lower BIC values are preferred (Beretta et al., 2018), because dim (G) depends on the 

number of parent nodes for each node and represents model complexity. Moreover, adding arcs 

to G increases model complexity. Hence, the regularization term favors simpler BN models. It 

should be noted that the likelihood term is weighted by the number of events. As the number of 

storm events increases, both the regularization term and likelihood terms increase; however, the 

likelihood term increases faster than the regularization term causing the BIC measure to be 

negative. The lower the BN score, the more robust the BN structure.  

ANOVA and Tukeyôs Honest Significant Difference (HSD) test were conducted to assess 

the effect of the number of storm events on BN scores. All BN  analyses were performed in the R 

programming language (R Core Team, 2019) using a free open-source package in R, óbnlearnô 

(Marco and Ness, 2020). 



 

22 

 

2.2.3. Classifications 

Data were categorized by six land uses (commercial, freeways, industrial, institutional, 

open space, and residential) and three main rain zones (Rain Zones 1, 2, and 3) as established by 

NRCS rainfall distributions. The median catchment size for commercial, freeways, industrial, 

institutional, open space, and residential sites are 37, 2, 35, 18, 74, and 50 ha, respectively. 

Categorizing by land use was done to assess how climatological and catchment characteristics 

affect stormwater quality EMCs for each land use. Categorizing by three rain zones was done to 

assess how unique climatological characteristics in each rain zone that affect stormwater quality 

EMCs (U.S. EPA, 1983; U.S. Soil Conservation Service, 1986), as each rain zone has unique 

characteristics in terms of P, D, and ADP (Bochis and Pitt, 2009). Approximate geographic 

boundaries for NRCS rainfall distributions (Type I, IA, II, and III) are shown in Figure A2 in 

Appendix A (U.S. Soil Conservation Service, 1986). Rain Zone 1, which merges Types I and IA 

in Figure A2, represents a Pacific maritime climate with wet winters and dry summers. Rain 

Zone 3, Type III in Figure A2, represents the Gulf of Mexico and Atlantic coastal areas where 

tropical storms are common. Rain Zone 2, Type II in Figure A2, represents the rest of the U.S. 

(U.S. Soil Conservation Service, 1986) where storms are shorter and more intense than Rain 

Zone 1 and longer and less intense than Rain Zone 3 (Figure A3 in Appendix A). 
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Table 2.1. Descriptions and units of selected variables 

Category Selected variables Descriptions and units 

Climatological 

characteristics 

P Precipitation Depth in mm 

D Precipitation Duration in min 

ADP Antecedent Dry Period in days 

Catchment 

characteristics 

S Percent Slope 

A Catchment Size in Hectares 

LU  Dominant Land Use  

Imp Percent Imperviousness  

Soil 

characteristics 

AWC Available Water Capacity in percentage 

Ksat Saturated Hydraulic Conductivity in 

micro m/s 

Stormwater 

quality EMCs 

TN Total Nitrogen in mg/L 

TKN Total Kjeldahl Nitrogen in mg/L 

NO2-N/NO3-N Nitrite/Nitrite in mg/L 

TP Total Phosphorus in mg/L 

Ortho-P Orthophosphorus in mg/L 

TSS Total Suspended Solids in mg/L 

 

2.3. Results 

The results are presented in three parts: a) inclusion of all the data to optimize the BN 

structure, b) data categorization by six land uses, and c) data categorization by three rain zones as 

established by the NRCS rainfall distributions. Different LU types had varying numbers of 

events for each targeted stormwater quality constituent. BN scores (shown in Table A1 in 

Appendix) for each optimal BN structure demonstrated that the optimal BN structures were 

robust when the number of storm events was > 650 (class 1), good when between 400 and 650 

(class 2), and poor with < 400 (class 3). Hence, three colors within a stoplight color scheme, red 

(on top), yellow (in the middle), and green (on bottom) along with an X mark were used to 

represent each class, respectively. Boxplots of BN scores for each optimal BN structure are 

shown in Figure A4 in Appendix A. The p-value from ANOVA was 4.52 × 10-05, which is much 
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less than 0.05; hence, Tukeyôs HSD test was performed (Table A2 in Appendix). Results of 

Tukeyôs HSD test show that BN scores for class 1 are significantly different than BN scores for 

classes 2 and 3. 

2.3.1. Optimal Bayesian network structures for nutrients and sediment 

The optimal BN structures for nitrogen forms, phosphorus forms, and TSS are shown in 

Figure 2.2. The results indicate that catchment and rain characteristics both affected stormwater 

quality EMCs, which included TN, TKN, NO2-N/NO3-N, TP, Ortho-P, and TSS (Figure 2.2a-

2.2d). P and D were found to be related (Figure 2.2a-2.2d). Among catchment characteristics, LU 

was the most important factor that affected stormwater quality EMCs including TN, TKN, NO2-

N/NO3-N, TP, Ortho-P, and TSS, as it is directly connected to stormwater quality EMCs (Figure 

2.2a-2.2d). 

LU affected Imp and soil characteristics including AWC and Ksat (see Figures 2.2a, 2.2b, 

and 2.2d). Since the number of events in Figure 2.2c is low (547 events), AWC, Ksat, and Imp are 

not connected. The greater the number of storm events included in the analysis, the more robust 

the assessment of the results since each storm event contributed to the BN score (Table A2) 

(Beretta et al., 2018). Ortho-P, TP, and NO2-N/NO3-N were influenced by ADP. Compared to 

other factors (i.e. P and D), the effect of ADP on TSS was negligible. TSS was influenced by S 

(Figure 2.2a). Ortho-P, a dissolved form of phosphorus, was also influenced by S (Figure 2.2c). 

The ratio of Ortho-P to TP was small (Figure A5 in Appendix A). 

Stormwater quality EMCs related to nitrogen were not affected by S. P, D, and ADP 

affected the dissolved constituents of TN (i.e. NO2-N/NO3-N) and TP (i.e. Ortho-P). P and D 

affected TP, TN, and TSS. ADP had more effect on TP than on TN. TN, TKN, and NO2-N/NO3-

N were inter-connected. There is no significant relationship between catchment size (A) and 
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stormwater quality constituents (i.e. TN, TP, and TSS) (see Figures 2.2a, 2.2b, 2.2c, and 2.2d). 

There are directed arcs from P and D to TSS in Figure 2.2a. It is expected that there should be 

directed arcs from P and D to TSS in Figure 2.2c as well. However, since the number of storm 

events in Figure 2.2c is lower than the number of storm events in Figure 2.2a, the BN model fails 

to connect P and D to TSS. The BN score for the optimal BN structure in Figure 2.2a is lower 

than the BN score for the optimal BN structure in Figure 2.2c (Table A2).  
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Figure 2.2. Optimal BN structures for a) TSS; b) TN, TKN, and NO2-N/NO3-N; c) TP, Ortho-P, 

and TSS; and d) TP. Directed arcs (illustrated as arrows) represent causality relationships and 

undirected arcs (i.e. lines) represent correlations between variables. Stormwater quality 

constituents and selected variables are shown with gray and white color circles, respectively. P: 

precipitation depth, D: precipitation duration, ADP: antecedent dry period, S: Slope, Imp: 

percent imperviousness, A: catchment size, LU: dominant land use, AWC: available water 

capacity, Ksat: saturated hydraulic conductivity.  

2.3.2. Optimal Bayesian network structures for nutrients and sediment categorized by 

land use 

Optimal BN structures for nutrients and sediment categorized by various land uses are 

shown in Figures 2.3-2.6; see Table A3 in Appendix A for the number of stations within each 

geographic region and LU for stormwater quality constituents of interest. 

3.2.1.1.Nitrogen 

Freeways had the highest Imp followed by industrial > commercial > institutional > 

residential > open space (Figure A6 in Appendix A). Freeways and industrial were more 

developed, commercial and institutional were less developed, and residential and open spaces 

were least developed. Optimal BN structures for stormwater quality EMCs related to nitrogen 

show that for the most developed land uses (Figure 2.3, freeways and industrial), climatological 

characteristics may be more important than catchment characteristics. At the least developed 

sites, such as residential and open space, catchment characteristics were more important than 

climatological characteristics (Figure 2.3, open space and residential). For sites with 

development falling between the most and least developed land uses, such as commercial and 

institutional, TN, TKN, and NO2-N/NO3-N were affected by both catchment and rain 
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characteristics (Figure 2.3, commercial and institutional). ADP affected TKN at residential and 

commercial sites (Figure 2.3, commercial and residential).  

 

Figure 2.3. Optimal BN structures for TN, TKN, and NO2-N/NO3-N for each land use including 

commercial, freeways, industrial, institutional, open space, and residential. Directed arcs 

represent causality relationships and undirected arcs represent correlations between variables. 

Stormwater quality constituents and selected variables are shown with gray and white color 

circles, respectively. P: precipitation depth, D: precipitation duration, ADP: antecedent dry 

period, S: Slope, Imp: percent imperviousness, A: catchment size, AWC: available water 

capacity, Ksat: saturated hydraulic conductivity. 



 

28 

 

3.2.1.1.Phosphorus 

Optimal BN structures for stormwater quality EMCs related to phosphorus show that for 

the most developed land uses, i.e., freeways and industrial, catchment characteristics were more 

important than climatological characteristics; note that there are no directed arcs from P, D, and 

ADP to TP (Figure 2.4, freeways and industrial). At commercial sites, both catchment and 

precipitation characteristics were important (Figure 2.4, commercial). At residential areas, 

catchment and climatological characteristics were important (Figure 2.4, residential). In optimal 

BN structures for institutional sites (Figure 2.4, institutional), directed arcs are present from 

catchment characteristics, S and A to TP. For optimal BN structures for open space sites (Figure 

2.4, open space), nothing is connected to TP. 

 

Figure 2.4. Optimal BN structures for TP for each land use including commercial, freeways, 

industrial, institutional, open space, and residential. Directed arcs represent causality 
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relationships and undirected arcs represent correlations between variables. Stormwater quality 

constituents and selected variables are shown with gray and white color circles, respectively. P: 

precipitation depth, D: precipitation duration, ADP: antecedent dry period, S: Slope, Imp: 

percent imperviousness, A: catchment size, AWC: available water capacity, Ksat: saturated 

hydraulic conductivity. 

There were fewer data available for Ortho-P compared to other stormwater quality 

EMCs, such as TN, TP, and TSS (Figure A7 in Appendix A). Optimal BN structures for Ortho-P 

are shown in Figure A7. At commercial, freeways, and residential sites, more than 100 events 

were available, these are shown in Figure A7, commercial, freeways, and residential. 

In the most developed land uses such as freeways, climatological characteristics were the 

most effective factors on Ortho-P concentrations (Figure A7, freeways). For the least developed 

land uses, such as residential, catchment characteristics were more important (Figure A7, 

residential). For sites with development falling between most and least developed land uses, such 

as commercial, both catchment and precipitation characteristics were important (Figure A7, 

commercial). 

3.2.1.1.Sediment 

Optimal BN structures for TSS show that, regardless of land use, catchment 

characteristics were the most important factors affecting TSS concentrations (Figure 2.5). S had 

higher variability at freeways, institutional, residential, and open space sites; which resulted in a 

greater influence on TSS concentrations in stormwater (Figure 2.5, freeways, institutional, open 

space, and residential).  
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For the optimal BN structure for open space (Figure 2.5, open space), S is expected to be 

connected to TSS, since soil erosion increases on steep slopes. However, since fewer data are 

available for open space, the expected connection is not seen in the optimal BN structure. At 

open space and institutional, precipitation characteristics were also important.  

 

Figure 2.5. Optimal BN structures for TSS for each land use including commercial, freeways, 

industrial, institutional, open space, and residential. Directed arcs represent causality 

relationships and undirected arcs represent correlations between variables. Stormwater quality 

constituents and selected variables are shown with gray and white color circles, respectively. P: 

precipitation depth, D: precipitation duration, ADP: antecedent dry period, S: Slope, Imp: 

percent imperviousness, A: catchment size, AWC: available water capacity, Ksat: saturated 

hydraulic conductivity. 
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2.3.3. Optimal Bayesian network structures for nutrients and sediment categorized by 

NRCS rainfall distributions  

A Pacific maritime climate (Rain Zone 1) has the least intense storms compared to Rain 

Zones 2 and 3 (see Figure A3) (U.S. Soil Conservation Service, 1986). Optimal BN structures 

for stormwater quality EMCs were categorized by NRCS rainfall distributions (U.S. Soil 

Conservation Service, 1986) as shown in Figure 2.6. 

The precipitation effect was stronger in Rain Zone 3, representing the Gulf of Mexico 

and Atlantic coastal areas where tropical storms are common, compared to Rain Zones 1 and 2 

for TN, TKN, and NO2-N/NO3-N. P and D affected dissolved forms of TN (Figures 2.6a, 2.6b, 

and 2.6c). ADP effect was stronger in Rain Zones 2 and 3 compared to Rain Zone 1 for TN, 

TKN, and NO2-N/NO3-N (Figures 2.6a, 2.6b, and 2.6c). TN, TKN, and NO2-N/NO3-N are inter-

connected in all Rain Zones (Figures 2.6a, 2.6b, and 2.6c). P, D, and ADP were more effective in 

influencing TSS in Rain Zone 3 compared to Rain Zones 1 and 2 (Figures 2.6d, 2.6e, and 2.6f), 

as shown by the directed arcs from P, D, and ADP to TSS. ADP affected TP in Rain Zones 1 and 

2 (Figures 2.6d and 2.6e). TP is correlated with TSS in Rain Zones 2 and 3, indicating that 

phosphorus was attached to particles (Figures 2.6e and 2.6f). 346 storm events are included in 

Rain Zone 1, (Figure 2.6d), which is lower than the number of storm events included in Rain 

Zones 2 and 3 (Figures 2.6e and 2.6f). The optimal BN model for Rain Zone 1 is less robust 

compared to optimal BN models in Rain Zones 2 and 3, as the BN score is higher (Table A1). 

Variations in concentrations of TN, TP, and TSS between rain zones are shown in Figure A8 in 

Appendix A.  
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Figure 2.6. Optimal BN structures are categorized by NRCS rainfall distributions for TN, TKN, 

and NO2-N/NO3-N (a, b, and c) and TP and TSS (d, e, and f). Directed arcs represent causality 

relationships and undirected arcs represent correlations between variables. Stormwater quality 

constituents and selected variables are shown with gray and white color circles, respectively. P: 

precipitation depth, D: precipitation duration, ADP: antecedent dry period. 
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2.4. Discussion  

2.4.1. Influence of climatological and catchment characteristics on stormwater quality  

Both catchment and rain characteristics affected stormwater quality EMCs, which 

included TN, TKN, NO2-N/NO3-N, TP, Ortho-P, and TSS (Figure 2.2a-2.2d) (Liu et al., 2013). P 

and D were related (Figure 2.2a-2.2d) which is consistent with Intensity Duration Frequency 

(IDF) curves where there tends to be more P with greater D (Courty et al., 2019; Egodawatta et 

al., 2007). 

Among catchment characteristics, LU was the most important factor that affected 

stormwater quality EMCs including TN, TKN, NO2-N/NO3-N, TP, Ortho-P, and TSS as it is 

directly connected to stormwater quality EMCs (Figure 2.2a-2.2d) (Pitt et al., 2004a). LU 

affected AWC, Ksat, and Imp, (Web Soil Survey Geographic Database (SSURGO)) (see Figures 

2.2a, 2.2b, and 2.2d). Since the number of events in Figure 2.2c is low (547 events), AWC, Ksat, 

and Imp are not connected. The greater the number of storm events included in the analysis, the 

more robust the results since each storm event contributed to the BN score (Table A1) (Beretta et 

al., 2018).  

Among catchment characteristics, A is the least important factor affecting all stormwater 

quality EMCs since it was not connected to any EMCs (Figure 2.2a-2.2d). Larger catchments 

have a greater possibility of having nutrient and sediment sources resulting in higher loads 

(higher value in the numerator of equation 2.1), they also produce higher runoff (higher value, 

volumes, in the denominator of equation 2.1). Higher values in the numerator and denominator 

of equation 2.1 may offset, making A a relatively insensitive parameter for EMCs.  

Ortho-P, a dissolved form of phosphorus, was influenced by S (Figure 2.2c). This is 

assumed to be attributed to higher water velocity that can erode soil particles from areas with 
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higher slopes (Yang and Toor, 2017). Since the ratio of Ortho-P to TP was small (Figure A5), TP 

was not influenced by S (Figure 2.2d). Ortho-P, TP, and NO2-N/NO3-N were influenced by ADP 

(Figure 2.2b-2.2d). Compared to other factors (i.e. P and D), the effect of ADP on TSS was 

negligible (Figure 2.2a). This is attributed to the fact that events with higher P and D had higher 

kinetic energy that can mobilize particles. TSS affected the particulate form of TP (Figure 2.2c) 

(Miguntanna et al., 2013; Vaze and Chiew, 2004). Stormwater quality EMCs related to nitrogen 

were not affected by S (Figure 2.2b), since nearly all TN in stormwater was in the dissolved form 

(Vaze and Chiew, 2004).  

P and D affected TP, TN, and TSS. This indicated that it is likely that P and D had a 

greater influence on stormwater quality than ADP (Figures 2.2a, 2.2b, and 2.2d) (Kim et al., 

2014; Nayeb Yazdi et al., 2021; Toor et al., 2017). ADP had more effect on TP than on TN 

(Figures 2.2b and 2.2d). This implies that, in stormwater, as a common source of TN was wet 

deposition (dissolved in droplets and deposited through precipitation), while TP from 

atmospheric sources was typically from dry deposition (particles) from nearby sites 

(Badruzzaman et al., 2012; Kim et al., 2014). 

TN, TKN, and NO2-N/NO3-N are inter-connected (Figure 2.2b). The primary mechanism 

of nitrogen transformation in the subsurface is through nitrification under aerobic conditions 

(NH3-N conversion to NO3-N), denitrification under anaerobic conditions (NO3-N conversion to 

nitrogen gas) reactions, mineralization (Organic-N to inorganic N), and plant uptake 

(Badruzzaman et al., 2012; Guo et al., 2021; Taylor et al., 2005). 

Strong storm events dilute stormwater quality samples and have more kinetic energy to 

remove and mobilize particles (Egodawatta et al., 2007; Métadier and Bertrand-Krajewski, 2012; 

U.S. Soil Conservation Service, 1986; Vaze and Chiew, 2004); hence, the precipitation effect 
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was stronger in Rain Zone 3 compared to Rain Zones 1 and 2 for TN, TKN, NO2-N/NO3-N, and 

TSS (Figure 2.6). TN, TKN, and NO2-N/NO3-N were inter-connected in all Rain Zones through 

nitrification-denitrification reactions, mineralization, and plant uptake (Figures 2.6a, 2.6b, and 

2.6c) (Badruzzaman et al., 2012). In Rain Zone 3, storms occur more frequently, which reduced 

the effect of ADP on TP compared to Rain Zones 1 and 2 (see Figures 2.6d and 2.6e, and S2.3). 

Intense storms have higher kinetic energy, which resulted in an increased phosphorus associated 

with sediment (Vaze and Chiew, 2004). It is expected that TP should be correlated with TSS in 

Rain Zone 1 (Figure 2.6, d), as storms are typically more intense and are thus able to move 

phosphorus associated with particles.  

2.4.2. Potential sources of nutrients and sediment in stormwater from selected land uses 

The quality of stormwater is highly variable in the context of sources and loads, even 

within the same land use (see Figures A5, A9, and A10 in Appendix A). Recent studies have also 

indicated a strong relationship between LU and stormwater quality EMCs (Ding et al., 2015; 

Goonetilleke et al., 2005; Wang et al., 2013; Zhou, 2019; Zivkovich and Mays, 2018). As the 

degree of anthropogenic activities varies by LU, so does the degree of management and care (Liu 

et al., 2015). Variation in the quality of stormwater stems from a range of factors such as the 

variable nature of anthropogenic activities, climatological, and catchment characteristics. This 

section is focused on investigating the potential sources of nutrients and sediment in stormwater 

from six selected land uses. 

3.2.1.1.Nitrogen  

At freeways and industrial sites, climatological characteristics may be more important 

than catchment characteristics (Figure 2.3, freeways and industrial). This could be attributed to 

atmospheric deposition from fossil fuel burning and emissions at freeways and industrial sites 
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(Guo et al., 2021). ADP affected NO2-N/NO3-N at industrial sites (Figure 2.3, industrial). Yang 

and Toor, (2017) found atmospheric deposition to be a major source of NO2-N/NO3-N in street 

stormwater. 

At residential and open spaces, catchment characteristics were more important than 

climatological characteristics (Figure 2.3, open space and residential). This may be attributed to 

the fact that catchment characteristics affected the degree of TN amount and retention (Paul and 

Meyer, 2008). At residential sites, Imp was the single most effective factor, mainly because in 

the NSQD database, residential is not categorized into common classes (i.e. low, medium, and 

high-density sites), causing higher variability in the reported Imp for residential sites. Each 

category requires different maintenance (Liu et al., 2015). Green space in residential sites is a 

function of Imp. Nutrient leaching as NO3-N from the use of chemical fertilizers (Cape et al., 

2011) depends on soil, plant, and fertilizer types; over/under fertilization; and overwatering (Guo 

et al., 2021; Liu et al., 2018). Open space was the least developed land use. It is presumed that 

organic matter from plants and animals was the main source of TN to stormwater, which resulted 

in Organic-N being the most prevalent form of TN (Liu et al., 2015; Taylor et al., 2005). 

At commercial and institutional sites, catchment and rain characteristics affected TN, 

TKN, and NO2-N/NO3-N (Figure 2.3, commercial and institutional). Thus, the main sources of 

TN at commercial and institutional sites were assumed to be atmospheric deposition and 

fertilizers (Badruzzaman et al., 2012; Burant et al., 2018; Yang and Toor, 2017). 

ADP affected TKN at residential and commercial sites (Figure 2.3, commercial and 

residential). Some fertilizers applied to residential and commercial sites contained organic matter 

which may move with aerosols and deposit to the surface through dry deposition (in the form of 
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Organic-N) (Burant et al., 2018; Cape et al., 2011; Ham and Tamiya, 2007). Particulate TN was 

assumed to be predominantly in the form of Organic-N (Taylor et al., 2005). 

ADP was connected to TN in Figure 2.2b (3217 events) because ADP was connected to 

TN at commercial (754 events), industrial (495 events), open space (127 events), and residential 

(1403 events) sites which included 86% of the events monitored for TN (Figure 2.3, commercial, 

industrial, open space, and residential). P and D were connected to TN in Figure 2.2b because P 

and D affected TN at all sites except open space which included 96% of events in Figure 2.3. S 

was not connected to TN in Figure 2.2b because only 36% of events showed the connection 

between S and TN which included commercial (754 events), institutional (275 events), and open 

space (127 events), Figure 2.3, commercial, industrial, and open space. 

3.2.1.1.Phosphorus 

Climatological characteristics, P, D, and ADP did not affect TP at highly developed land 

uses, i.e., freeways and industrial sites. This can be attributed to the fact that soils are important 

in phosphorus dynamics and for more developed sites, the soil is more disrupted and rocks may 

be more exposed to weathering (U.S. EPA, 2012). It is presumed that automotive activities 

including vehicle exhaust, spills of oil and gas, and road sanding were also major sources of TP 

at freeways and industrial sites (Lee et al., 2016; Müller et al., 2020). High vehicle traffic is 

presumed to be one of the major sources of TP at commercial sites (Burant et al., 2018). 

Phosphorus leaching from soil depends on the type and amount of phosphorus fertilizer 

applied to the green spaces at residential sites (Czemiel Berndtsson, 2010). Atmospheric 

deposition was the main factor affecting phosphorus dynamics at residential sites. This may have 

resulted from dry deposition of fertilizers from surrounding green spaces at residential areas 

brought to adjacent sites by wind (Badruzzaman et al., 2012). Fertilizers derived from phosphate 
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rock had a significant influence on TP in stormwater from fertilized lawns (Lee et al., 2016). 

Since phosphorus is stored in soils because of past fertilization practices (i.e., legacy 

phosphorus), phosphorus can be mobilized by soil erosion (Stoner and Arrington, 2017). This is 

problematic, especially when previously agricultural land is cleared for urban growth (Paul and 

Meyer, 2008). Thus, due to sources and dynamics of phosphorus at residential sites, both 

precipitation and catchment characteristics affected TP. 

At institutional sites, it is expected that precipitation characteristics should also be 

connected to TP since fertilizers are typically applied to green spaces at institutional sites, and 

lawns and green spaces are the most significant sources of TP (Aryal et al., 2010). At open space 

sites, it is expected that precipitation and catchment characteristics should be connected to TP. 

Plant residues and animal manure and livestock were assumed to be common sources of TP at 

open space sites (Müller et al., 2020; U.S. EPA, 2012). Since fewer data were available for these 

two land uses, institutional and open space sites, the expected connections are not seen in the 

optimal BN structures.  

ADP was connected to TP in Figure 2.2d (3321 events) because ADP was connected to 

TP at residential (1446 events) sites which included 44% of the events monitored for TP (Figure 

2.4, residential). S was not connected to TP in Figure 2.2d because only 23% of events showed 

the connection between ADP and TN which included industrial (484 events) and institutional 

(270 events), Figure 2.4, industrial and institutional. 

3.2.1.1.Ortho-phosphorus 

Ortho-P is an inorganic constituent of TP, likely originated from labile phosphorus which 

is attributed to recently applied fertilizer, dissolution/desorption of phosphorus from erodible soil 

particles, or mineralization from organic materials (leaves, grass clipping) (Yang and Toor, 
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2017). Ortho-P is present in dissolved form, hence it was not associated with particles (see 

Figure A7) (Hopkins et al., 2017). Catchment characteristics were more important at residential 

sites. This may be the result of fertilization, erosion of soil particles, and mineralization of 

organic matter such as leaves and grass clippings at residential sites, resulting in generation and 

accumulation of Organic-P on residential sites and transport to stormwater (Toor et al., 2017).  

3.2.1.1.Sediment  

Sediment, characterized by TSS, is the largest non-point source pollutant load in 

stormwater (Figure A5) (R. E. Pitt et al., 2004a). Catchment characteristics were the most 

important factors affecting TSS concentrations at all land uses (Figure 2.5), as they originate 

from roads, construction sites, and pervious areas within an urban catchment (Liu et al., 2015). 

Construction activities loosen soil, causing erosion which produces greater quantities of particles 

(Nelson and Booth, 2002). 

At freeways sites, asphalt erosion and road sanding in winter were the likely sources of 

TSS (Nelson and Booth, 2002). Soil and asphalt erosion, construction activities, and washing of 

impervious surfaces and cars were the likely sources of TSS at residential sites (Toor et al., 

2017). 

Precipitation characteristics were also important at open space and institutional sites as 

high-intensity precipitation events can remove and mobilize relatively coarser particles due to the 

creation of high turbulence in overland flow (Figure 2.5, institutional and open space) 

(Egodawatta et al., 2007; Wijesiri et al., 2015). 

At industrial sites, ADP was among the more effective factors, possibly stemming from 

atmospheric deposition and industrial activities (Figure 2.5, industrial) (Aryal et al., 2010; Kim 
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et al., 2014). Industrial activities produce more solids in stormwater, particularly fine particles, in 

comparison to other anthropogenic activities (Liu et al., 2015). Fine particles are easier to be 

mobilized and transported during dry days (Lee et al., 2016). Later, during storm events, fine 

particles on impervious areas are mobilized by the kinetic energy of raindrops and the turbulence 

created by overland flow (Wijesiri et al., 2015). 

ADP was not connected to TSS in Figure 2.2a (3259 events) because ADP was only 

connected to TSS at industrial (499 events) sites which included 15% of the events monitored for 

TSS (Figure 2.5, industrial). S was connected to TSS in Figure 2.2a because 55% of events 

showed the connection between S and TSS which included freeways (137 events), institutional 

(155 events), and residential (1504 events). 

2.4.3. Future research needs 

This study indicated that BNSL could model relationships between stormwater quality 

EMCs and climatological, and catchment characteristics (The general form of Figure 2.2a-2.2d is 

Figure 2.7). P, D, and LU were found to affect all EMCs including TN, TP, and TSS. Besides P, 

D, and LU, S affected TSS and ADP affected TN and TP. 

The results indicated that when the number of events was above 650 in the BNSL, the 

results were more robust (lower BN score) and were less reliable (higher BN score) when the 

number of events was less than 400. This indicates the need for increased monitoring and 

reporting of events to represent each land use category for any physiographic region.  

Soil characteristics such as AWC are a function of Imp (see Figure 2.7). The optimal BN 

structures for freeways in Figures 2.3-2.5 fail to identify these connections because there are 

fewer storm events monitored for freeways. However, for industrial and residential sites, Imp is 
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connected to AWC (Figures 2.3-2.5, Industrial and Residential). It is expected that adding more 

monitoring events for freeways in the BNSL would show the connection between Imp and AWC. 

Apart from the BN approach introduced in this paper, the analytical probabilistic 

approach is another type of method for quantifying the correlation between various parameters 

(Behera et al., 2006; Wang and Guo, 2019). The analytical probabilistic approach could be 

applied to the NSQD dataset, and the results can be compared to this study. Moreover, BNSL 

fails to determine which correlations are more robust. Future research should investigate which 

characteristics, climatological or catchment, have a greater effect on stormwater quality EMCs.  

Sensitivity analysis performed in conjunction with any H/H/WQ models such as SWMM 

can be used in future research to quantitively assess the importance of the change of a specific 

model parameter such as climatological and catchment characteristics to EMC.  

Future research on case studies can also investigate how anthropogenic activities affect 

stormwater quality EMCs. Monitoring runoff from catchments with different anthropogenic 

activities such as variations in the amount and type of fertilizers applied to green spaces on 

residential sites, number of vehicles active on industrial sites, number of vehicles passing at a 

freeway can explain variability in nutrients and sediment EMCs across different catchments with 

the same land use.  
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Figure 2.7. Synthesis figure in forming relationships between climatological information, 

catchment characteristics, and stormwater quality. 

Directed arcs represent causality relationships and undirected arcs represent correlations between 

variables. Stormwater quality constituents and selected variables are shown with gray and white 

color circles, respectively. P: precipitation depth, D: precipitation duration, ADP: antecedent dry 

period, S: Slope, Imp: percent imperviousness, A: catchment size, LU: dominant land use, AWC: 

available water capacity, Ksat: saturated hydraulic conductivity. 

2.5. Conclusions 

This study applied BNSL to the NSQD dataset to identify which parameters, 

climatological and catchment characteristics, had the greatest effect on stormwater quality 
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EMCs. Each stormwater quality constituent is different in terms of potential sources and 

transport processes regarding stormwater. The optimal BN structures for each stormwater EMC 

determined that among catchment characteristics, LU was the most important factor affecting 

stormwater quality EMCs, including TN, TP, Ortho-P, and TSS. Climatological characteristics 

such as P, D, and ADP had different effects on stormwater quality EMCs depending on LU, i.e., 

at commercial sites, P, D, and ADP affected TN more compared to residential sites. In addition, 

potential sources of variability in nutrients and sediment concentrations in stormwater from 

selected land uses were determined, i.e., atmospheric deposition from fossil fuel burning and 

emissions were assumed to be the major sources of TN at freeways and industrial sites, while 

chemical fertilizers were presumed to be the main source of TN at residential and commercial 

sites. The extension of knowledge discussed in this manuscript also demonstrates that for some 

stormwater quality constituents (i.e. particulate nitrogen, particulate phosphorus, and sediment) 

other factors (P, D, and S) exert a greater influence on stormwater quality than ADP. 

Estimation of nutrient and sediment loads is important as SCMs are designed based on 

incoming loads. Over or under-estimation of stormwater quality could misguide treatment design 

and result in ineffective treatment or high cost of construction and maintenance, and potentially, 

fail to meet stormwater quality goals. The outcomes of this study show that the quality of storm 

runoff is highly variable which stems from a range of factors such as variable nature of 

anthropogenic activities, climatological, and catchment characteristics. Hence, using the 

conventional approach solely on land use and ADP for stormwater quality modeling and 

prediction is questionable, as it does not provide insight into the processes impacting stormwater 

quality and the role played by influential factors, including precipitation and catchment 

characteristics. This study guides the stormwater quality modelers to incorporate the most 
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influential factors for estimating nutrient and sediment loads from specific land use for a better 

water quality model. Reliable and accurate water quality models result in the design of effective 

SCMs for treating stormwater and protecting waterbodies.  
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Abstract  

Estimating pollutant loads from developed watersheds is vitally important to reduce 

nonpoint source pollution from urban areas, as a key tool in meeting water quality goals is the 

implementation of Stormwater Control Measures (SCMs). SCMs are selected and sized based on 

influent pollutant loads. A common method used to estimate pollutant loads in urban runoff is 

the Event Mean Concentration (EMC) method. In this study, we develop and apply data-driven 

models using Random Forest (RF), a machine learning approach, to predict Total Nitrogen (TN), 

Total Phosphorus (TP), Total Suspended Solids (TSS), and Ortho-Phosphorus (Ortho-P) EMCs 

in urban runoff. The parameters considered in this study were climatological characteristics (i.e., 

Antecedent Dry Period or ADP, Precipitation Depth or P, Duration or D, and Intensity or I) and 

catchment characteristics including land use-related parameters including Imperviousness (Imp), 

Saturated Hydraulic Conductivity or Ksat, and Available Water Capacity or AWC), and site-

specific parameters including Slope (S), and Catchment Size (A). Stormwater quality data for this 

study were obtained from the National Stormwater Quality Database (NSQD), which is the 

largest repository of stormwater quality data in the U.S. 
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Results demonstrate that land use-related characteristics (i.e., Imp, Ksat, and AWC) were 

the most effective variables for predicting all EMCs. For TP, TSS, and Ortho-P, site-specific 

characteristics (S and A) had a greater effect than climatological characteristics (i.e., ADP, P, D, 

and I). However, for TN, climatological characteristics had a greater effect than site-specific 

characteristics (S and A). In addition, for TN, TP, and TSS, precipitation characteristics (P, D, 

and I) were found to be more effective parameters for estimating EMCs than ADP. 

This study highlights the most influential parameters affecting EMCs which can be used 

by stakeholders and SCMs designers to improve estimates of nutrients and sediment EMCs. The 

selection and design of the highest performing SCMs result are essential in achieving effective 

treatment of stormwater, attaining water quality goals, and protecting downstream waterbodies.  
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Nomenclature  

A Catchment Size in Hectares 

ADP Antecedent Dry Period in days 

ANN Artificial Neural Network 

AWC Available Water Capacity in percentage 

D Precipitation Duration in min 

DEMs Digital Elevation Models 

EMC Event Mean Concentration in mg/L 

GIS Geographic Information System 

I Precipitation Intensity in mm/min 

IDF Intensity-Duration-Frequency 

Imp Imperviousness in percentage 

Ksat Saturated Hydraulic Conductivity in micro m/s 

LU Dominant Land Use 

MLR Multilinear Regression 

MSE Mean Squared Error 

mtry Number of Features Considered by Each Tree When 

Splitting at a Node in a Random Forest Model 

NCDC National Climatic Data Center 

NH3-N  Ammonia in mg/L  

NH4-N  Ammonium in mg/L  

NLCD National Land Use Landcover Database 

NO3-N Nitrate in mg/L  

NO2-N Nitrite in mg/L  

NRCS Natural Resources Conservation Service 

NSQD National Stormwater Quality Database 

OOB Error Out of Bag Error 

Organic-N Organic Nitrogen in mg/L 

Organic-P Organic Phosphorus in mg/L 

Ortho-P Ortho phosphorus in mg/L  

P Precipitation Depth in mm 

PBIAS Percent Bias 

PCSWMM Personal Computer Storm Water Management Model 

%IncMSE Percent Increase in Mean Squared Error 

RF Random Forest 

S Slope in percentage 

SCM Stormwater Control Measures 

SSURGO Web Soil Survey Geographic Database 

SWMM Storm Water Management Model 

TKN Total Kjeldahl Nitrogen in mg/L 

TN Total Nitrogen in mg/L 

TP Total Phosphorus in mg/L 

trees Number of Decision Trees in a Random Forest Model 

TSS Total Suspended Solids in mg/L 

USDA U.S. Department of Agriculture 

USGS U.S. Geological Survey 
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3.1. Introduction  

Urbanization and land development disrupts the hydrologic cycle, resulting in increased 

runoff peak and volume, shortened lag times, and elevated concentrations of pollutants delivered 

downstream (Kerkez et al., 2016; Sun et al., 2015). Excess nutrients (nitrogen and phosphorus) 

and sediment in urban runoff are known to impair runoff water quality as it moves downstream, 

and degrade aquatic habitats in downstream water bodies (Lintern et al., 2020). Estimating these 

pollutant loads from developed watersheds is vitally important as one of the key tools for 

reducing nonpoint source pollution and meeting water quality goals is the implementation of 

Stormwater Control Measures (SCMs). SCMs are selected and sized based on influent pollutant 

loads (Nourani et al., 2012). The Event Mean Concentration (EMC) method is commonly used 

by researchers and practitioners alike to estimate pollutant loads in urban runoff (Tuomela et al., 

2019). Although Land Use (LU) and Antecedent Dry Period (ADP) are known parameters that 

affect EMCs (Rossman, 2015), several studies have not found a strong correlation between ADP 

and pollutant loads in urban runoff, making it a relatively insensitive parameter (Gaut et al., 

2019; Gorgoglione et al., 2019; Nayeb Yazdi et al., 2021; Sun et al., 2015). On the other side, 

several studies have found other parameters such as precipitation characteristics like intensity 

and duration (Shaw et al., 2010) and surface slope (Muthusamy et al., 2018b, 2018a) to be 

effective predictive parameters. Thus, there is an open question as to which parameters have the 

greatest impact on EMCs. This study addressed this question and evaluated the relationship 

between EMCs and a host of parameters that can be classified as either climatological (i.e., 

Depth, P, Duration, D, and Intensity, I) or catchment characteristics (i.e., Slope, S, 

Imperviousness, Imp, and Area, A). Previous studies (Muthusamy et al., 2018a, 2018b; Nayeb 

Yazdi et al., 2021; Perera et al., 2021; Wang et al., 2013; Wijesiri et al., 2015) were based upon 
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limited single-site case studies or through the use of a rainfall simulation, while data for this 

study were taken from a national dataset, the National Stormwater Quality Database (NSQD) 

(Pitt et al., 2004a, 2004b) (Figure 3.1). A key advantage of this approach is that it is robust, 

allows statistical analysis, and includes data from a national database. Various water quality 

constituents are reported in the NSQD, including but not limited to Total Nitrogen (TN), Total 

Phosphorus (TP), Total Suspended Solids (TSS), and Ortho-Phosphorus (Ortho-P). Analysis of 

the NSQD dataset required acquiring missing values; this is described in Behrouz et al., (2022). 

The completed data can be accessed through the GitHub website (Shahed Behrouz, 2022).  

Machine learning algorithms have been increasingly applied in environmental research, 

including streamflow simulation (Shortridge et al., 2016), flood prediction (Mosavi et al., 2018), 

estimating sediment yield (Singh et al., 2017), and predicting fecal coliform bacteria in urban 

waterways (Vijayashanthar et al., 2018). Commonly used machine learning algorithms include 

Multilinear Regression (MLR), Artificial Neural Networks (ANN), and Random Forest (RF) 

(Fang et al., 2021). Among different machine learning algorithms, the RF approach has recently 

found favor, as RF models are less prone to overfitting and account for dependencies among 

parameters (Harrison et al., 2021; Perera et al., 2019; Wang et al., 2021). Using combinations of 

parameters and considering their interactions [i.e. I and S (Muthusamy et al., 2018b, 2018a)] can 

yield better results for predicting EMCs. RF was selected in our study due to its advantages over 

other machine learning algorithms such as its resistance to overfitting and considering 

dependencies among parameters. Harrison et al. (2021) and Wang et al. (2021) applied an RF 

approach to predict water quality in a stream. Perera et al. (2019) applied the RF approach to 

predict pollutant first flush in urban runoff. Sharafati et al. (2020) used RF to assess and identify 
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effluent water quality parameters at a wastewater treatment facility. Tirpak et al., (2022) 

optimized floating treatment wetland and retention pond design using the RF approach. 

This study developed and applied data-driven models to predict TN, TP, TSS, and Ortho-

P EMCs in urban runoff which is a current research gap as identified by Balderas Guzman et al., 

(2022); considering climatological characteristics (i.e., ADP, P, D, and I) and catchment 

characteristics (i.e., S, A, and Imp). Generalizing water quality characteristics are important to 

improve modeling predictions and reduce monitoring costs. The novelty of this study is that it is 

the first that is not limited to a single-site case study and considers ten climatological and 

catchment parameters (i.e. P, D, ADP, I, LU, Imp, Saturated Hydraulic Conductivity or Ksat, 

Available Water Capacity or AWC, S, and A) while at the same time predicting EMCs. The 

objectives of this study are to (1) determine the main drivers of EMC for TN, TP, TSS, and 

Ortho-P, and rank them in terms of their level of importance, and (2) predict TN, TP, TSS, and 

Ortho-P EMCs based on the previously identified parameters.  
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Figure 3.1. Urban runoff quality data from the National Stormwater Quality Database (NSQD), 

which hosts monitoring results from over 5,000 storm events from approximately 300 single land 

use catchments.  

3.2. Methodology 

A schematic outline of the methodology used in this study is provided in Figure 3.2. The 

method consists of (1) completing the database and further preparation (e.g., removal of 

outliers), (2) splitting the dataset into training and testing sets, (3) variable selection and 

combining variables to form unique scenarios, (4) building RF models for all scenarios using the 

training dataset, (5) evaluating the performance of RF models using the testing dataset, (6) 

investigating key variables affecting EMCs, (7) selecting RF models based on the performance 

evaluation criteria, and (8) investigating the relative importance of each variable for the selected 

RF models. 
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Figure 3.2. Schematic outline of the methodology used in this study. 

3.2.1. National Stormwater Quality Database (NSQD) 

As previously mentioned, most research studies conducted on this topic have used case 

studies. We explored urban runoff monitoring data extracted from a national dataset, the NSQD 

(Pitt et al., 2004a, 2004b) (Figure 3.1). The NSQD stores monitoring results from over 5,000 

storm events, collected from approximately 300 urban catchments, each with a single land use, 

including commercial, freeways, industrial, institutional, open space, and residential (Figure 3.1). 

Common water quality constituents included in the NSQD are TN, TP, and TSS (Pitt et al., 

2018). Exploring a national database provides sufficient data to effectively predict TN, TP, TSS, 

and Ortho-P EMCs based on various characteristics (i.e., climatological and catchment). 



 

59 

 

3.2.1.1.Database completion and variable selection 

The missing climatological characteristics, which included P, D, and ADP, and 

catchment characteristics such as S, Imp, Available Water Capacity (AWC), and Saturated 

Hydraulic Conductivity (Ksat) for approximately 300 urban catchments were completed (or 

filled) by Behrouz et al., 2022. Seasonality was not included as the preliminary results from the 

NSQD showed little effect of seasonality on TN, TP, TSS, and Ortho-P EMCs (Pitt et al., 2018). 

See Table 3.1 for descriptions, units, and data sources of selected variables in the NSQD dataset. 

AWC and Ksat were included as a quantitative representation of the dominant soil type for each 

catchment. AWC and Ksat were obtained from the A horizon texture and the physical soil 

properties listed in the Web Soil Survey Geographic Database (SSURGO). 

3.2.1.2.Data pre-processing 

EMCs were pre-processed, which included lognormal transformation and removal of 

outliers. Since EMCs can be characterized by a lognormal distribution (Pitt et al., 2004a), they 

were transformed into a logarithmic scale. The dataset was split into training and testing 

portions, which is required for using a machine learning algorithm (Tyralis et al., 2019). Outliers 

were removed in this study to ensure training and testing covered the same range (Hengl et al., 

2018). 

3.2.1.3.Scenarios 

Five scenarios, M1-M5, each considering different combinations of the ten selected 

parameters were imported into each RF model (Table 3.1). Based on the literature, ADP and LU 

were considered to be the two main parameters affecting EMCs. Thus, M1 is the base model 

which only includes ADP and LU as inputs. Other parameters were added to the M1 scenario, 

creating an additional condition to investigate, i.e., the effect of the combination of selected 
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parameters on EMCs. For example, M2 considers ADP, LU, and climatological characteristics 

(i.e., P, D, and I) or M2 ï M1 = P + D + I, thus the difference in model performance for M1 and 

M2 scenarios can indicate the effect of climatological characteristics on EMCs. 

M3 considers ADP, LU, and catchment characteristics (i.e., Imp, Ksat, AWC, S, and A). 

The difference between inputs of M1 and M3 (M3 ï M1 = Imp + Ksat + AWC + S + A) provide 

insight into how considering catchment characteristics (i.e., Imp, Ksat, AWC, S, and A) improved 

the predictions of EMCs.  

M4 considers ADP, LU, and climatological characteristics (i.e., P, D, and I) and land use 

related characteristics (i.e., Imp, Ksat, and AWC). The difference between M2 and M4 (M4 ï M2 

= Imp + Ksat + AWC) as inputs provides insight into how considering land use related 

characteristics (i.e., Imp, Ksat, and AWC) improves EMC predictions. LU affects AWC, Ksat, and 

Imp (Pitt et al., 2018, 2004a; U.S. Department of Agriculture Natural Resources Conservation 

Service, 2021). Hence, catchment characteristics were further split into two groups, land use 

related characteristics (AWC, Ksat, and Imp) and the variables that are not affected by land use 

type and are site-specific (S and A). 

M5 considers all climatological characteristics (i.e., P, D, and I) and catchment 

characteristics (i.e., Imp, Ksat, AWC, S, and A). The difference between M4 and M5 (M5 ï M4 = 

S + A) as inputs provides insight into how considering site characteristics (i.e., S, and A) 

improves EMC predictions. The difference between M3 and M5 as inputs provides insight into 

how considering climatological characteristics (i.e., P, D, and I) improves EMC predictions since 

M5 ï M3 = P + D + I.  
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3.2.2. Random Forest (RF) approach 

RF is a supervised machine learning approach based on ensemble learning. RF trains and 

constructs numerous decision trees in parallel with bootstrapped aggregation (Breiman, 2001; 

Fang et al., 2021). RF handles non-linearity between variables well (Wang et al., 2021). In an RF 

model, random samples are taken with replacement, and a random subset of features is used to 

generate each decision tree. RF can be used for classification and regression purposes (Harrison 

et al., 2021). The dependent variable is quantitative and qualitative in regression and 

classification algorithms, respectively. In this study, RF regression was used to predict TN, TP, 

TSS, and Ortho-P EMCs. A prediction in an RF model is made by averaging the results of all the 

regression decision trees (Breiman, 2001). RF models can handle both continuous and 

categorical variables as inputs. In this study, LU was a categorical variable, all other variables 

were treated as continuous. All data analyses and visualization were performed using the R 

programming language (R Core Team, 2019) and a free open-source package in R, known as 

órandomForestô (Liaw and Wiener, 2018).  

3.2.2.1.Model construction, training, testing, and evaluation criteria 

The dataset was split randomly into training (80%) and testing periods (20%) and the 

process was repeated 100 times to test five scenarios, M1 to M5, and better evaluate the 

performance of the RF models (Fang et al., 2021).  

Nash-Sutcliffe Efficiency (NSE) and Percent Bias (PBIAS) were selected as the model 

evaluation criteria to assess the performance of the RF models. NSE ranges from -Ð to 1, with 1 

being the optimal value, and positive NSE being the acceptable performance of the RF models. 

Negative NSE values indicate that using the average value of observation would yield a better 

estimate than the outcome of the constructed RF model (Moriasi et al., 2015; Nash and Sutcliffe, 
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1970). PBIAS is expressed as a percentage with the optimal value of 0. The smaller PBIAS is in 

magnitude, the more accurate the model is. Positive and negative values of PBIAS indicate 

underestimation and overestimation of data by the model (Gupta et al., 1999; Moriasi et al., 

2007). 

NSE was calculated for each RF model then the RF models with the median NSE values 

(among 100 RF models) during the testing phase were identified as the selected RF for each 

water quality constituent of interest. PBIAS was also calculated for the selected RF models for 

model evaluation.  

For each water quality constituent, median NSE values for the five scenarios were 

calculated. The difference between the median NSE values for various scenarios was recorded 

and ranked. Ranking defined which characteristics (precipitation or catchment) affected TN, TP, 

TSS, and Ortho-P EMCs more.  

As mentioned in section 3.2.1.3, there are two methods for investigating the impact of 

climatological characteristics on EMC predictions, including (1) the difference between M2 and 

M1 (M2 - M1 = P + D + I), and (2) the difference between M5 and M3 (M5 - M3 = P + D + I). 

Thus, to consider the effect of both methods, the average values of these two methods were 

reported as improvements in model performance (median NSE value). The average values 

showed how considering climatological characteristics (i.e., P, D, and I) improved EMC 

predictions. 
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Table 3.1. Description, units, and data sources of selected variables and selected parameters as inputs in each scenario to RF models 

Characteristic

s 

 Selected 

variables  

Descriptions Units  Data source 

Climatological 

 ADP Antecedent dry period days 
Closest station with hourly data from the National Climatic 

Data Center (NCDC) and the United States Geological 

Survey (USGS) 

 P Precipitation depth mm 

 D Precipitation duration min 

 I Precipitation intensity mm/min 

Catchment 

Land 

use 

related 

Imp Imperviousness % National Land use Land Cover database (NLCD) database 

AWC Available water capacity % Web Soil Survey Geographic Database (SSURGO) 

Ksat  Saturated hydraulic 

conductivity 

micro 

m/s 

Web Soil Survey Geographic Database (SSURGO) 

Site-

specific 

S Slope % Digital Elevation Models (DEMs) were downloaded from 

the U.S. Department of Agriculture (USDA): Natural 

Resources Conservation Service (NRCS): Geospatial Data 

Gateway 

A Catchment size Hectares The National Stormwater Quality Database (Pitt et al., 2018) 

  Scenario 

name 

Selected parameters as inputs 

  M1 ADP + LU 

  M2 ADP + LU + P + D + I 

  M3 ADP + LU + Imp + AWC + Ksat + S + A 

  M4 ADP + LU + P + D + I + Imp + AWC + Ksat 

  M5 ADP + LU + P + D + I + Imp + AWC + Ksat + S + A 
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3.2.2.2.Hyperparameters  

Hyperparameters in an RF model are the parameters that are not learned during the 

training process and need to be set before training. The hyperparameters are the number of 

decision trees (trees) and the number of features considered by each tree when it is split at a node 

(mtry) (Liaw and Wiener, 2018). The selected values for hyperparameters can have a significant 

influence on the performance of RF models. Hyperparameters were tuned and optimized using 

the órandomForestô package in R. Hyperparameters, trees and mtry values were tuned between 1 

- 500 and 1 ï 8, respectively. Hyperparameters tuning was performed using Out of Bag (OOB) 

errors. OOB samples are the samples that remained unselected in the process of bootstrapping 

the training set. Previous studies found that OOB samples compose about 1/3 of the training set 

(Biau and Scornet, 2016; Roguet et al., 2018). The optimized hyperparameters of the RF models 

were those with the lowest OOB errors; these were held constant during the training and testing 

periods. 

3.2.2.3.Variable importance in Random Forest (RF) 

RF has an embedded feature selection known as the variable importance metric, this 

identifies the relative importance of each variable. In this study, the relative importance of 

climatological and catchment characteristics on EMCs was identified using the variable 

importance metrics in the selected RF models. The procedure consisted of: 

1. The RF modelôs mean squared error (MSE) which is the sum of squared errors between 

observations and simulations was computed. 

2. For each variable in the RF model: 

¶ The variable was permuted. 
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¶ A new model MSE according to variable permutation was calculated. 

¶ The difference between model MSE and new model MSE was recorded as the 

percent increase in MSE or %IncMSE. 

3. The results were then stored in a list. 

4. The importance of each variable, according to the value of the increase in MSE was 

ranked. The variable with the greatest increase in MSE was defined as the most important 

variable in the RF model. 

3.3. Results 

3.3.1. Optimization  and selection of best hyperparameters 

The results from optimization of hyperparameters in RF models, mtry and trees, are 

shown in Figure 3.3. The results indicated that mtry = 2 is the optimized value for all water 

quality constituents (Figure 3.3, a-d) as OOB error is minimized, hence it was chosen as the 

optimized value. The chosen values for mtry for all water quality constituents are shown with 

star marks (Figure 3.3, a-d). For trees, when the number of trees is higher than 100, the error was 

minimized for all water quality constituents (Figure 3.3, e-h), thus, trees = 100 were selected for 

all water quality constituents in this study.  
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Figure 3.3. Tuning of hyperparameters for the number of features considered by each tree when 

each is split at a node (mtry) and the number of decision trees (trees) for TN (a and e), TP (b and 

f), TSS (c and g), and Ortho-P (d and h), respectively. Star marks show the chosen values for 

mtry for all water quality constituents. 

3.3.2. Overall performance of RF models 

The performance of the RF models in the 5 scenarios, M1-M5, as inputs for the water 

quality constituents of interest (TN, TP, TSS, and Ortho-P) are shown in Figure 3.4. The 

performance of the RF Models (NSE values) was approximately the same across water quality 

TN, TP, and TSS EMCs (Figure 3.4, a-c), but was better for Ortho-P (Figure 3.4, d). During the 

training period, median NSE values with M2, M4, and M5 as inputs, were above 0.7 for TN, TP, 

TSS, and Ortho-P, indicating near-optimal model fit (Figure 3.4.1). During the testing period, 

median NSE values with M5 as input were 0.35, 0.33, 0.30, and 0.49 for TN, TP, TSS, and 

Ortho-P, respectively (Figure 3.4.2). All RF models exhibited higher variability in testing NSE 

values (wider interquartile range) across 100 iterations compared to training NSE values 

(narrower interquartile range), see Figure 3.4.  



 

67 

 

The median NSE values with M5 as input are shown with star marks during the testing 

phase and the associated models were chosen as the selected RF models (Figure 3.4). During the 

training period, PBIAS values for the selected RF models were -0.3, 0, 0, and 0.1 for TN, TP, 

TSS, and Ortho-P, respectively. During the testing period, PBIAS values for the selected RF 

models were 3.9, -0.6, -1.3, and -2.2 for TN, TP, TSS, and Ortho-P, respectively. PBIAS values 

were < ± 4 during training and testing periods for TN, TP, TSS, and Ortho-P, indicating that the 

selected RF models did not underestimate or overestimate water quality EMCs. 

Predicted versus observed values for all water quality EMCs: TN, TP, TSS, and Ortho-P 

are plotted in Figure 3.5. Figure 3.5 shows that for all water quality EMCs, the scatter plot of 

predicted versus observed falls along 1:1 lines indicates the unbiased model predictions for 

EMCs. 
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Figure 3.4. Boxplots of Nash-Sutcliffe Efficiency (NSE) values for (1) training and (2) testing 

phases generated by Random Forest (RF) models for a) TN, b) TP, c) TSS, and d) Ortho-P. The 

selected RF models (with M5 as input) are shown with star marks which represent RF models 

with the median NSE values. The number of events for TN, TP, TSS, and Ortho-P was 3207, 

3252, 3249, and 512, respectively. The number of stations for TN, TP, TSS, and Ortho-P was 

282, 286, 285, and 48, respectively. 
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Figure 3.5. Predicted versus observed water quality EMCs for a) TN, b) TP, c) TSS, and d) 

Ortho-P during the testing phase for the selected models. Lines 1:1 are plotted to visually 

evaluate the performance of the selected RF models. 

3.3.3. Key variables affecting urban runoff quality 

Median NSE values for the five scenarios for each water quality constituent of interest 

are shown in Table 3.2. The difference between the median NSE values for various scenarios 

shows how considering climatological characteristics (i.e., P, D, and I) and/or catchment 

characteristics (i.e., Imp, Ksat, AWC, S, and A) improves the predictions of water quality EMCs. 

The median NSE values were improved from 0.01 to 0.35, 0.03 to 0.33, -0.03 to 0.30, and 0.06 

to 0.49 for TN, TP, TSS, and Ortho-P, respectively (Figure 3.4 and Table 3.2).  

The results showed that for TN, TP, TSS, and Ortho-P, the difference between median 

NSE values for M2 and M4 (M4 ï M2 = Imp + AWC + Ksat ) ranged between 0.20 - 0.32, 

respectively while the difference between median NSE values for M4 and M5 (M5 ï M4 = S + 

A) was 0.04, and for M1 and M2 (M2 ï M1 = P + D + I) and M3 and M5 (M5 ï M3 = P + D + I) 

ranged between 0.015 ï 0.06. Thus, land use related characteristics (Imp, AWC, and Ksat) affected 

water quality EMCs the most. 
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For TP, TSS, and Ortho-P, site characteristics (S, and A) were followed by land use 

characteristics in terms of affecting water quality EMCs; and precipitation characteristics were 

the least effective parameters. However, precipitation characteristics were more important 

parameters affecting TN EMCs than site characteristics (S, and A). 
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Table 3.2. Effect of variables on water quality EMCs for TN, TP, TSS, and Ortho-P. The investigated variables were precipitation 

characteristics (i.e., Precipitation Depth or P, Precipitation Duration or D, and Precipitation Intensity or I) and catchment 

characteristics (i.e., Imperviousness or Imp, Saturated Hydraulic Conductivity or Ksat, Available Water Capacity or AWC, Slope or S, 

and Catchment Size or A). 

 Water 

quality 

constituents 

Characteristics Difference between scenarios [a] Median 

NSE for 

the first 

scenario 

Median 

NSE for the 

second 

scenario 

Difference between 

median NSE values 

for first and second 

scenarios 

Rank 

TN 

Precipitation 
M2 ï M1  = P + D + I 0.01 0.11 0.10 

0.02 
Avg[b]: 0.06 2 

M5 ï M3  = P + D + I 0.33 0.35 

Catchment 
M4 ï M2  = Imp + AWC + Ksat 0.11 0.31 0.20 1 

M5 ï M4  = S + A 0.31 0.35 0.04 3 

TP 

Precipitation 
M2 ï M1  = P + D + I 0.03 0.05 0.02 

0.01 
Avg[b]: 0.015 3 

M5 ï M3  = P + D + I 0.32 0.33 

Catchment 
M4 ï M2  = Imp + AWC + Ksat 0.05 0.29 0.24 1 

M5 ï M4  = S + A 0.29 0.33 0.04 2 

TSS 

Precipitation 
M2 ï M1  = P + D + I -0.03 0.03 0.06 

0.01 
Avg[b]: 0.035 3 

M5 ï M3  = P + D + I 0.29 0.30 

Catchment 
M4 ï M2  = Imp + AWC + Ksat 0.03 0.27 0.24 1 

M5 ï M4  = S + A 0.27 0.31 0.04 2 

Ortho-P 

Precipitation 
M2 ï M1  = P + D + I 0.06 0.13 0.07 

0.00 
Avg[b]: 0.035 3 

M5 ï M3  = P + D + I 0.49 0.49 

Catchment 
M4 ï M2  = Imp + AWC + Ksat 0.13 0.45 0.32 1 

M5 ï M4  = S + A 0.45 0.49 0.04 2 
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[a] Five scenarios, M1-M5, each considering different combinations of ten selected parameters, were imported into RF models. See 

Table 3.1 for inputs for each scenario. 

[b] Avg: average, since the difference in the RF models with M1 and M2 as inputs and M3 and M5 as inputs gave insight into how 

considering climatological characteristics (i.e., P, D, and I) improves the predictions of water quality EMCs, the average values for 

differences between median NSE values for first and second scenarios were considered. 
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3.3.4. Analysis of variable importance 

Variable importance metrics reported by %IncMSE for selected RF models for predicting 

TN, TP, TSS, and Ortho-P EMCs were calculated and are shown in Figure 3.6 and Table 3.3. 

The results highlight the relative importance of climatological and catchment characteristics on 

water quality EMCs. %IncMSE for each variable was stored in Table 3.3 separately and then the 

sum of %IncMSE for climatological and catchment characteristics (land use related and site-

specific) was calculated and ranked. For each variable, %IncMSE was smaller for Ortho-P than 

other water quality constituents since there were fewer monitored events for Ortho-P than others. 

The number of events for TN, TP, TSS, and Ortho-P was 3207, 3252, 3249, and 512, 

respectively. 

%IncMSE for land use related characteristics ranged between 35 ï 42, 48 ï 49, 43 ï 51, 

and 20 ï 23 for TN, TP, TSS, and Ortho-P, respectively, and %IncMSE for S and A ranged 

between 43 ï 46, 42 ï 54, 44 ï 55, and 24 - 25 for TN, TP, TSS, and Ortho-P, respectively. 

While %IncMSE for climatological characteristics ranged between 22 ï 33, 14 ï 26, 16 ï 28, and 

6 ï 14 for TN, TP, TSS, and Ortho-P, respectively (Figure 3.6). These results indicate that 

%IncMSE for catchment characteristics was greater than that of climatological characteristics. 

Thus, catchment characteristics were more effective parameters than climatological 

characteristics for predicting EMCs in RF models (similar to the results of Chapter 2). In 

addition, for TN, TP, and TSS, %IncMSE for precipitation characteristics (P, D, and I) ranged 

between 22 ï 33, and for ADP ranged between 14 ï 22, indicating precipitation characteristics 

may be more important parameters than ADP for predicting EMCs. 

For TN, TP, TSS, and Ortho-P, the sum of %IncMSE for land use related characteristics 

(Imp, Ksat, and AWC) were 119, 146, 141, and 64, respectively, and the sum of %IncMSE for site 
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characteristics (S and A) were 89, 96, 99, and 49, for TN, TP, TSS, and Ortho-P, respectively. 

While the um of %IncMSE for climatological characteristics (i.e., ADP, P, D, and I) was 114, 

85, 92, and 41, respectively (Table 3.3). Because the sum of %IncMSE for catchment 

characteristics was higher than the climatological characteristics, catchment characteristics 

affected water quality EMCs the most. 

 

Figure 3.6. Variable importance metrics reported by %IncMSE (percent increase in mean 

squared error) for selected Random Forest (RF) models for predicting TN, TP, TSS, and Ortho-P 

EMCs. ADP: Antecedent Dry Period, P: Precipitation Depth, D: Precipitation Duration, I: 

Precipitation Intensity, Imp: Imperviousness, AWC: Available Water Capacity, Ksat: Saturated 

Hydraulic Conductivity, S: Slope, A: Catchment Size. 
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Table 3.3. Variable importance metrics reported by %IncMSE (percent increase in mean squared 

error) for selected Random Forest (RF) models for predicting water quality EMCs for TN, TP, 

TSS, and Ortho-P. ADP: Antecedent Dry Period, P: Precipitation Depth, D: Precipitation 

Duration, I: Precipitation Intensity, Imp: Imperviousness, AWC: Available Water Capacity, Ksat: 

Saturated Hydraulic Conductivity, S: Slope, A: Catchment Size. 

Water 

quality 

constituents 

Measures 

Characteristics 

Climatological  Catchment 

ADP P D I   Imp AWC K sat  S A 

TN 

%IncMSE 22 32 33 27  42 35 42  46 43 

Sum of 

%IncMSE 
114  119  89 

Rank 2  1  3 

TP 

%IncMSE 14 22 26 23  49 48 49  54 42 

Sum of 

%IncMSE 
85  146  96 

Rank 3  1  2 

TSS 

%IncMSE 16 28 25 23  43 51 47  55 44 

Sum of 

%IncMSE 
92  141  99 

Rank 3  1  2 

Ortho-P 

%IncMSE 11 6 14 10  21 23 20  25 24 

Sum of 

%IncMSE 
41  64  49 

Rank 3  1  2 

 

3.4. Discussion 

The results showed that only considering ADP and LU was insufficient to reliably predict 

EMCs, see scenario M1 in Figure 3.4 and Table 3.2. The median NSE values of scenario M1 for 

the testing phase for all water quality constituents was less than 0.1, indicating an unsatisfactory 

performance of the RF models. The median NSE value for TSS was -0.03, meaning that using 

the average value of observations was a better model than the RF model with inputs of ADP and 
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LU (Moriasi et al., 2007). Considering precipitation and catchment characteristics significantly 

improved the performance of RF models during the testing phase for all water quality 

constituents and decreased the variability of the EMC estimates. The median NSE values were 

improved 35, 11, 11, and 8 times for TN, TP, TSS, and Ortho-P, respectively (Figure 3.4 and 

Table 3.2). This important finding indicated that parameters other than LU and ADP should be 

considered when estimating EMCs, and without precipitation and catchment characteristics, the 

performance of the RF model was poor. 

The median NSE values for Ortho-P, 0.49, were higher than that of TN, TP, and TSS 

(Figure 3.4). This was because the number of stations and events for TN, TP, and TSS were 

almost 6 times greater than the number of stations and events for Ortho-P. Fang et al. (2021), 

who also worked with a large dataset, found that data-driven models often had lower 

performance than expected, with median NSE values ranged from -0.06 to 0.96 during the 

testing period (Fang et al., 2021). Generally, in a data-driven model, the performance of the 

model increases by: (1) either increasing the number of data points, or (2) reducing the 

explanatory parameters (Shirmohammadi et al., 2013). First, in our study and the study 

conducted by Fang et al. (2021), large variances in the original national dataset attributed to data 

collected from multiple studies that were conducted under different conditions. In our study, data 

were gathered from catchments with a wide of variability in precipitation, catchment, and 

anthropogenic activities. It is expected that obtaining more data from a single catchment and 

adding them to RF models will likely improve overall model performance. As this study 

obtained data from a national database, there were no additional data available to be added to the 

RF models. Second, five scenarios, M1 to M5, had different combinations of parameters and M5 
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resulted in the higher median NSE values during the testing period; hence, excluding any 

explanatory parameters did not improve the median NSE values during the testing period. 

PBIAS values for the selected RF models during training and testing periods were < ± 4 

for all water quality constituents, indicating the selected RF models did not overestimate or 

underestimate water quality EMCs. Since NSE is sensitive to high values; other criteria (PBIAS) 

were also used for evaluating the performance of the RF models.  

Moriasi et al. (2015, 2007) provided model evaluation guidelines; however, the 

recommended guidelines applied to case studies where all data were monitored from one 

watershed, while in this study, data were gathered from many stations (314 stations) across the 

U.S. Future research can focus on providing model evaluation guidelines, such as acceptable 

positive values for NSE for studies where monitored data are gathered from different case 

studies. 

The performance of RF models seemed to be impacted by the selection of data for 

training and testing since all RF models had higher variability of testing NSE values (wider 

interquartile range) across 100 iterations (Figure 3.4). Hence, it was important to repeat each RF 

model 100 times, by randomly splitting data into training and testing. 

The results of Table 3.2 were aligned with the results of Table 3.3, although two different 

approaches were taken. The former investigated key parameters affecting water quality from the 

improvement in the median NSE values by adding more variables in the RF models and the latter 

investigated the variable importance metrics in the selected RF models. Recent studies have 

indicated a strong relationship between LU and EMCs (Ding et al., 2015; Goonetilleke et al., 

2005; Wang et al., 2013; Zhou, 2019; Zivkovich and Mays, 2018). This study replicated their 
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findings and also indicated that there is a strong relationship between land use related 

characteristics (i.e., Imp, Ksat, and AWC) and TP, TN, TSS, and Ortho-P EMCs. The sum of 

%IncMSE for land use related characteristics ranked first among the catchment and 

climatological characteristics and was almost two times greater than the sum of %IncMSE for 

climatological characteristics for all EMCs (Figure 3.6 and Table 3.3). Hence, land use related 

characteristics affect EMCs more than climatological characteristics. 

Among climatological characteristics, P, D, and I seemed to have a greater influence than 

ADP on TN, TP, and TSS EMCs, since the %IncMSE for ADP was lower than P, D, and I, 

respectively (Figure 3.6 and Table 3.3). Other studies have also concluded the same finding 

(Kim et al., 2014; Nayeb Yazdi et al., 2021; Toor et al., 2017).  

Precipitation characteristics (P, D, and I) had a greater influence on TN EMCs than on 

TP, TSS, and Ortho-P EMCs, since for TN, the sum of %IncMSE for climatological 

characteristics was ranked second and higher than other site characteristics (S and A). This may 

be attributed to the dissolved form of TN in stormwater (Vaze and Chiew, 2004). The common 

source of TN is wet deposition, dissolved in droplets and deposited through precipitation 

(Badruzzaman et al., 2012). Site characteristics (i.e., S and A) seem to be more important 

parameters affecting TP, TSS, and Ortho-P EMCs than climatological characteristics, as the sum 

of %IncMSE for site characteristics (S and A) was higher than the sum of %IncMSE for 

climatological characteristics (i.e., ADP, P, D, and I) for TP, TSS, and Ortho-P (Figure 3.6 and 

Table 3.3). This may be caused by sediments originating from roads, construction sites, and 

pervious areas, and generally, phosphorus binds to soil particles (Liu et al., 2015; U.S. EPA, 

2012). 
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Observed water quality constituents for TN, TP, TSS, and Ortho-P versus selected 

variables including A, ADP, AWC, D, I, Imp, Ksat, P, and S were plotted in Figure B1 in 

Appendix B. The grey shaded areas in the sub-figures denote the 95 percentile confidence 

interval for the trend of each water quality constituent from each selected variable with wider 

width showing higher uncertainty. As shown in Figure B1, there is a nonlinear relationship 

between some of the selected variables (such as A, AWC, Imp, Ksat, P, and S) and each water 

quality constituent. For example, each water quality constituent EMCs increases by increasing A 

until it reached a plateau, then the water quality constituent EMCs dropped. This justifies using 

the RF machine learning algorithm for estimating TN, TP, and TSS EMCs as RF models can 

handle highly nonlinear relationships (Tyralis et al., 2019). Other variables (such as ADP, D, and 

I) were either decreasing or increasing factor. For instance, ADP was an increasing factor as each 

water quality constituentôs EMC increased as ADP increased. However, since D was a 

decreasing factor for each water quality constituent EMCs decreased with increasing D. I was a 

decreasing factor for TN EMCs but was an increasing factor for TP, TSS, and Ortho-P EMCs. 

A limitation of this study is the lack of data related to percent effective imperviousness, 

urban forms, and anthropogenic activities. Some studies have found percent effective 

imperviousness to be a better parameter explaining the variability in EMCs than %Imp 

(Ebrahimian et al., 2016; Epps and Hathaway, 2021). However, since in the NSQD dataset, 

percent effective imperviousness was not provided for all catchments, %Imp was considered 

instead in the analysis. In addition, EMCs had also been linked to urban forms and anthropogenic 

activities (Liu et al., 2015); however, such information could not be retrieved from the NSQD 

dataset as data have been gathered from over 300 case studies conducted under different 

conditions, i.e., different anthropogenic activities. It is expected that considering parameters such 
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as percent effective imperviousness, urban forms, and human activities would have explained the 

variability in the EMC estimates.  

3.5. Conclusions 

In this study, stormwater quality data from 314 stations across the US were gathered. 

Several new characteristics like S, AWC, and Ksat were added to the NSQD dataset. Other 

characteristics like Imp, P, D, and ADP were filled and RF machine learning was applied 

successfully to this large dataset to predict TP, TN, TSS, and Ortho-P EMCs. We recommend 

using RF instead of the PCA method for large datasets such as NSQD as RF not only shows the 

dependencies among variables but also can be used for predicting and ranking the variables 

based on their importance level. 

Several climatological and catchment characteristic variables were used as inputs for RF. 

The results indicated that the performance of RF models was significantly low, with NSE values 

less than 0.10, when only LU and ADP were included as inputs. However, adding more variables 

like precipitation (i.e., P, D, and I) and catchment characteristics (i.e., Imp, Ksat, AWC, S, and A) 

improved the performance of RF considerably. The outcomes of this study highlight the use of 

combinations of variables including climatological (i.e., ADP, P, D, and I) and catchment 

characteristics (i.e., Imp, Ksat, AWC, S, and A) for estimating EMCs. Considering precipitation 

and catchment characteristics explained the variability in TN, TP, TSS, and Ortho-P 

concentration in urban runoff from homogenous catchments. Moreover, it was shown that land 

use derived characteristics were the most important parameters affecting all EMCs. Thus, based 

on this study, it is recommended that for predicting TN, TP, TSS, and Ortho-P EMCs, land use 

related characteristics (i.e., Imp, Ksat, AWC) need to be considered. 
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ADP had little effect on the performance of RF models for estimating TN, TP, and TSS 

EMCs. Precipitation characteristics had a greater influence on TN than TP, TSS, and Ortho-P 

EMCs. However, site characteristics such as S and A seemed to be more important parameters 

affecting TP, TSS, and Ortho-P EMCs. Hence, precipitation characteristics should be given more 

weight for predicting TN EMCs than other WQ parameters. However, for predicting TP, TSS, 

and Ortho-P EMCs, site characteristics such as S and A should be given more weight than 

precipitation characteristics and ADP. 
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Abstract  

The Storm Water Management Model (SWMM) is a widely used urban watershed model. 

We compared the ability of SWMM to predict flows when independently calibrated to a dry and 

wet year, respectively, using OSTRICH-SWMM. The model developed using SWMM calibrated 

to a wet year performed better in the model assessment period. The water budgets differed 

markedly between the dry and wet years. The best fit estimates of SWMM parameters also 

differed significantly between dry and wet years. For instance, Manningôs roughness coefficient 

for overland flow was higher in a dry year, as less runoff meant less flow on already wetted 

surfaces. Some parameters, e.g., % effective imperviousness, exhibited an expanded posterior 

probability distribution, increasing uncertainty of the parameter estimate. However, other 

parameters, such as Manningôs roughness coefficient for streams were well-defined. These 

changes in parameter sets for dry and wet hydroclimatic conditions affect the hydrological 

response of an urban watershed. 



 

87 

 

4.1 Intr oduction  

The Stormwater Management Model (SWMM), an open-source computational model, is 

a widely used dynamic rainfall-runoff model for simulating urban runoff quantity and quality 

(Rossman, 2015; U.S. Environmental Protection Agency (U.S. EPA), 2021) A variety of 

stormwater control measures (SCMs) can be simulated within SWMM. SWMM can be used for 

both continuous and event-based simulations. Flow measurements are typically divided into 

calibration and assessment sets. A calibration set is used for calibrating the model by comparing 

simulation results against observed flows, running the model iteratively while changing key 

parameters until the model performance is satisfactory. An assessment set is used for evaluating 

the performance of the calibrated model in predicting flow data previously unseen by the model 

(Barco et al., 2008; Niazi et al., 2017; Rossman, 2015).  

All hydrological models have several parameters; some of them have a physical meaning, 

while others do not. Some parameters can be obtained by direct measurement of physical 

characteristics and are well defined such as watershed area, while others cannot be directly 

measured or calculated through geographic information system (GIS) such as % effective 

imperviousness (Bekele and Nicklow, 2007); these parameters are best estimated during model 

calibration. An important step in any hydrological model is the need to estimate parameters using 

observed data before using the model for any practical purposes (James, 2005). Calibrated 

SWMM models are typically used for designing storm drainage systems for flood control, 

simulating pollutant loads from urban catchments, and evaluating the effectiveness of various 

SCMs for treating stormwater pollutants and reducing flooding (Eckart et al., 2018, 2017; Huang 

et al., 2018; Rossman, 2015). SWMM is also used for projecting the effects of new conditions 
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outside of current experience (i.e., land use and climate change) on urban runoff quantity and 

quality (Alamdari et al., 2022). 

Climate change alters historical temperature and precipitation patterns (Najjar et al., 

2009). It is expected that extreme conditions, either wet or dry, will become frequent 

(International Panel on Climate Change, 2014). Several studies have assessed the effect of 

climate change on urban runoff (Alamdari et al., 2017; Giuffria et al., 2017; Hathaway et al., 

2014). Land use change may be attributed to growing urban populations, transforming lands to 

urban areas, and increasing the proportions of imperviousness. Several studies have evaluated the 

effects of land use change on urban runoff (Hovenga et al., 2016; Schilling et al., 2010). 

Alamdari et al., (2022) and Liu et al., (2016) indicated that climate and land use changes amplify 

each otherôs impacts, resulting in large changes in urban runoff. Liu et al., (2017, 2016) 

optimized the selection and placement of SCMs to mitigate the joint effect of climate and land 

use changes on urban runoff quantity and quality. However, when applying various climate and 

land use change scenarios within lumped hydrological models such as SWMM, calibrated 

parameters are typically held constant (Guzha et al., 2018), i.e., temporal changes in SWMM 

model parameters are typically ignored.  

As model predictions for hydrologic systems can be highly sensitive to various 

parameters, identifying parameter values has a direct bearing on the performance of a model 

(Gamerith et al., 2013; Song et al., 2015). Considering present hydroclimatic conditions in the 

mid-Atlantic, and results from climate projections, current conditions can reasonably be assumed 

to reflect dry conditions in the future for an order of magnitude assessment (Najjar et al., 2010). 

Calibrating a hydrological model to present hydrological conditions might fail to adequately 

simulate runoff in future hydroclimatic conditions. Oni et al., (2016) showed that runoff could be 
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underestimated by at least 35% when dry year parameterizations were used for wet conditions. In 

addition to model parameterizations, the underlying parameter distribution and selection of best-

fit probability distribution remains a challenge (Langat et al., 2019; Serinaldi et al., 2018). For 

example, Monte Carlo simulations use randomly generated parameter values from a uniform 

distribution when prior knowledge is not available for a parameter (Mishra et al., 2019). Our 

study aims to explore the underlying distribution for various model parameter sets that are 

roughly equivalent in terms of model performance. 

SWMM is a deterministic model, meaning that it does not contain random variables and 

each input and output of the model are provided as a unique value rather than a distribution 

(Bobba et al., 1996; Uusitalo et al., 2015). In a deterministic model, the same output always 

results from the same input and initial conditions. Although SWMM has been frequently used 

and widely cited, no study has focused on the effect of the selection of parameter values for 

simulating dry and wet hydroclimatic conditions. This study aims to use optimization to identify 

sets of better-performing, near-optimal parameter values for dry and wet hydroclimatic 

conditions. Urban planners, decision-makers, and policymakers identify and adopt sustainable 

watershed restoration strategies. Considering temporal changes in parameter values given 

various hydroclimatic conditions can provide insight into choosing the most suitable stormwater 

management strategy. 

The objectives of this study are to (1) evaluate the performance of models developed with 

SWMM when separately calibrated to dry and wet hydroclimatic conditions, (2) identify the 

water budget for dry and wet years, (3) assess parameter uncertainty from posterior probability 

distributions, (4) propose the best fit models for posterior distributions, (5) identify the physical 



 

90 

 

processes that govern parameter changes during dry and wet conditions, and (6) evaluate the 

impact of parameter changes on the hydrological response within a case study urban watershed. 

4.2. Methods 

4.2.1. The Stormwater Management Model (SWMM) 

SWMM was used to develop the watershed model used in this study. We set the model 

with Hortonôs infiltration method with a 5-minute simulation time step. Dynamic wave routing 

was used for flow routing.  

The six main hydrologic/hydraulic processes in SWMM include (1) external forcing 

input data components (precipitation and temperature), (2) land-surface runoff components, (3) 

subsurface groundwater components, (4) conveyance system components, (5) contaminant 

buildup and wash off, and (6) SCMs, which include retention ponds with significant storage and 

Low Impact Development (LID) practices (Niazi et al., 2017; Rossman, 2015). In this study, the 

first four processes were used for simulating water quantity. 

4.2.2. Automatic calibration tools and model evaluation criteria 

Since hydrological models such as SWMM are only representations of complex real-

world systems, they must be calibrated using observed flow data. SWMM is a physically-based 

model; however, some parameters cannot be directly measured due to measurement limitations 

and lack of knowledge in the field or laboratory; hence, they cannot be parameterized with 

absolute certainty (James, 2005). 

There are two types of model calibration: manual calibration and automatic calibration. 

Manual ñtrial-and-errorò calibration is often performed by practitioners (Shamsi and Koran, 

2017); however, it is less feasible since it (1) requires expert knowledge, (2) is laborious as there 
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are often many parameters in a SWMM model that needs to be calibrated, and (3) is subjective 

(Shahed Behrouz, 2018). Automated calibration tools have been developed to overcome the 

shortcomings of the manual calibration method by taking advantage of optimization algorithms. 

During automatic calibration, the search algorithm adjusts selected model parameters within a 

defined range to optimize an objective function that numerically expresses the difference 

between field-observations and model-simulated data (Barco et al., 2008). 

Several open-source automatic calibration tools and packages have been developed for 

calibrating SWMM models, including (1) OSTRICH-SWMM (Optimization Software Toolkit 

for Research Involving Computational Heuristics) (Behrouz et al., 2020), (2) RSWMM (R for 

SWMM) (Alamdari et al., 2017), (3) SWMMR (Leutnant et al., 2019), and SWMMCALPY (an 

automated calibration tool for SWMM written in the python language) (Tiernan, 2018).  

In this study, OSTRICH-SWMM was selected as the automatic calibration method due to 

its capability of running several SWMM models in parallel, speeding up the calibration process 

(Matott, 2017). OSTRICH-SWMM also performs single and multi-objective calibration, has 

dozens of optimization algorithms to choose from, can handle time-series of flow as 

observations, stops when a defined criterion is met, and can preserve model outputs from each 

iteration (Behrouz et al., 2020). 

The Dynamically Dimensioned Search (DDS) algorithm has been developed for complex 

watershed models such as SWMM (Tolson and Shoemaker, 2007). DDS was used for automatic 

calibration and parameters estimation in this study. DDS was selected as DDS (1) is parallelized 

within OSTRICH-SWMM, (2) quickly converges to better parameter sets, (3) does not get 

trapped in local minima, and (4) can handle a large number of parameters (Macro et al., 2019; 

Tolson and Shoemaker, 2007; Yen et al., 2016). Nash-Sutcliffe Efficiency (NSE) was selected as 
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the objective function. The simulation results are acceptable if NSE is greater than 0.5 (Moriasi 

et al., 2007, 2015). The minimum value of NSE of 0.5 was set in this study since according to 

Moriasi et al., (2007), if the NSE value is less than 0.5, the model performance is unsatisfactory. 

This guarantees that the identified parameter sets will produce model results that are satisfactory 

or better (Wani et al., 2017). SWMM runs with NSE values smaller than 0.5 were not considered 

further in the investigation of the posterior probability distribution for each parameter. 

4.2.3. Case study 

As a case study, a sub-watershed of the Difficult Run watershed was selected. Difficult 

Run is a tributary to the Potomac River, which itself is tributary to the Chesapeake Bay, Figure 

4.1a (Fairfax County, 2007). The study area consists of 22 sub-catchments with a total area of 

14.4 km2, Figure 4.1b.  

The percentage of impervious surfaces in the study area is approximately 38%. The 

current land uses (published in 2015 on Fairfax County - Open Geospatial Data website) in the 

case study sub-watershed consist of 54.5% residential, 25% open space (not forested or 

developed), 10.6% commercial, 4.6% recreation areas, 4% public space including Fairfax 

County Government Center, 1% institutional, and less than 0.5% of industrial and agricultural 

land uses (Fairfax County - Open Geospatial Data, 2021). The majority of the soils in the 

watershed (37%) are Wheaton Glenelg complex, soil hydrologic group B, and 27% of the study 

area is urban land (U.S. Department of Agriculture Natural Resources Conservation Service, 

2021). 
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Figure 4.1. Case study watershed, (a) Major watersheds in Virginia and location of the study 

area (b) Map of the study area in Fairfax County, Virginia. 

4.2.4. Input data to SWMM  

Climatological input data required for SWMM include precipitation and temperature 

data. Precipitation and temperature data were retrieved from the National Climatic Data Center 

(NCDC) (NOAA, 2020). The nearest station was the Ronald Reagan National Airport in 

Arlington County in Virginia with hourly precipitation data and daily temperature for the last 

decade (2010-2020) (Table C1 in Appendix C).  

The study area was surveyed by a field crew in the fall of 2002 as part of the Difficult 

Run Watershed Management Plan (Fairfax County, 2007) which included cross-sections of 

Difficult Run.  
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Digital Elevation Models (DEMs) were downloaded from the U.S. Department of 

Agriculture (USDA): Natural Resources Conservation Service (NRCS): Geospatial Data 

Gateway, 2020. DEMs were used to delineate the study area into 22 sub-catchments. Soil map 

data were retrieved from the Web Soil Survey Geographic Database or SSURGO (U.S. 

Department of Agriculture Natural Resources Conservation Service, 2021). Infiltration 

parameters for each sub-catchments were imported from the soil map. 

4.2.5. Sensitivity analysis 

Pre-calibration sensitivity analysis is a process of adjusting model parameters and 

calculating the percent changes in model outputs (Niazi et al., 2017). Sensitivity analysis 

assesses the relative impact of each model parameter which gives insight into identifying the 

most influential parameters affecting model outputs (Barco et al., 2008). The most common 

technique for conducting sensitivity analysis with SWMM is the one at a time sensitivity analysis 

in which each parameter is changed while other parameters are kept constant (James et al., 2002; 

Van der Sterren et al., 2014). 

Shahed Behrouz et al., (2020) provided a summary of previous sensitivity analysis using 

SWMM and found 12 parameters were commonly reported. These parameters include 

Manningôs roughness for pervious and impervious areas (N_perv and N_imp), depression storage 

for pervious and impervious areas (DS_perv and DS_imp), percent effective imperviousness 

(%Imp), percent of the impervious area without depression storage (%Z), Manningôs roughness 

for the stream (R), the hydraulic width of the overland flow (W), and infiltration parameters. 

 Hortonôs infiltration method was used in our study; hence, infiltration parameters in 

Hortonôs formula were considered in the sensitivity analysis which included maximum and 

minimum infiltration rates (MaxR and Min R), decay coefficient (D), and drying time (DT). 



 

95 

 

Since in our study, the flow gauge was in the stream and the groundwater module in SWMM was 

used for simulating groundwater flow, groundwater parameters including A1, B1, A2, and B2 

were also considered in the sensitivity analysis. A1 and B1 are the groundwater flow coefficient 

and exponent, respectively. A2 and B2 are the surface water flow coefficient and exponent, 

respectively. Selected parameters for sensitivity analysis are shown in Table 4.1. Each parameter 

was perturbed with plus and minus 10 percent and the percent change in mean total flow was 

recorded.  

Table 4.1. Selected parameters for sensitivity analysis with their uncertainty class and initial 

range. 

Parameter Description Unit  Uncertainty 

Class2 

Initial 

Range 

N_perv Manningôs n for pervious areas1 m1/3s-1 4 0 - 0.5 

N_imp Manningôs n for impervious area1 m1/3s-1 2 0 - 0.2 

DS_perv Depression storage for the pervious area cm 4 0 - 1 

DS_imp Depression storage for impervious areas cm 3 0.1 - 0.4 

%Imp % Effective imperviousness % 3 4 - 12 

%Z %Impervious area without depression 

storage 

% 2 18 - 30 

R Manningôs n for stream1 m1/3s-1 2 0.01 ï 0.04 

A1 Groundwater flow coefficient  4 0 - 1 

B1 Groundwater flow exponent  4 0 - 10 

A2 Surface water flow coefficient  4 0 - 1 

B2 Surface water flow exponent  4 0 - 10 

W Width of the overland flow m 4 300 - 1000 

MaxR Maximum infiltration rate mm/hr 4 40 - 160 

MinR Minimum infiltration rate mm/hr 4 0 - 3.5 

D Decay coefficient 1/hr 4 0 - 6 

DT Drying time days 4 0 - 0.05 
1Manningôs n are normally considered unitless, as the same values are used in SI or American 

customary systems; but the equation changes to accommodate the conversion (Manning, 1981). 
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2Uncertainty classes are defined as: Class 1, parameters can be estimated with almost total 

certainty; Class 2, parameters can be estimated with a high degree of certainty; Class 3, 

parameters cannot be measured at the field or in the laboratory; and Class 4, parameters cannot 

be measured with certainty at all. 

4.2.6. Calibration and model assessment 

Selected parameters for sensitivity analysis were used for calibration, see Table 4.1. 

James, (2005) categorized SWMM model parameters into four categories based on the 

uncertainty in estimating them. Parameters fall into classes 1 (can be estimated with almost total 

certainty), 2 (can be estimated with a high degree of certainty), 3 (cannot be measured at the field 

or in the laboratory), and 4 (cannot be measured with certainty at all). James, (2005) 

recommended 5-10, 10-25, 25-50, and 50-100% perturbation range for each of the uncertainty 

classes 1, 2, 3, and 4, respectively. The initial range of perturbation for each parameter is shown 

in Table 4.1. 

Flow time-series data were retrieved from the USGS gauging station, site number: 

01645704, located downstream of the selected watershed, see outfall location in Figure 4.1b. 

Missing flow data were excluded. Annual historical precipitation data for the years 2010 ï 2020 

are shown in Table A4.1 in Appendices. The average annual precipitation for the study area is 

111.25 cm with the standard deviation of 26.92 cm. 2012 (with 82.52 cm precipitation) and 2020 

(with 145.72 cm precipitation) were selected as dry and wet years, respectively. The annual 

precipitation for 2012 and 2020 is one standard deviation smaller and greater than the average 

annual precipitation, respectively. Annual precipitation for 2013 (with 112.42 cm precipitation) 

was near average and was used in the model assessment period to evaluate the performance of 

the models developed using SWMM. 
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The performance of the models after calibration and after model assessment periods were 

evaluated by visualizing hydrograph characteristics and quantitatively by using the NSE measure 

of goodness-of-fit (Moriasi et al., 2007). 

A 100-year design storm was used to evaluate the performance of the two calibrated 

models, one calibrated to a dry year and the other one calibrated to a wet year. The selected 

design storm was a SCS Type II event with a 100-year return period and 24 hr duration with a 

total precipitation depth of 173.5 mm (National Oceanic and Atmospheric Administration 

(NOAA), 2022) 

4.2.7. Fitting parametric distributions  

A best-fit distribution was selected using the Akaike Information Criterion (AIC) 

(Akaike, 1998) and the Bayesian Information Criterion (BIC) (Raftery, 1995) measures. AIC and 

BIC are the criteria for the model section based on the likelihood function, see equations 4.1 and 

4.2. The models with lower AIC and BIC values were selected as it implies fewer explanatory 

variables and a better fit (Langat et al., 2019). 

ὃὍὅὋȠὈ
Ƞ    

 (eq. 4.1) 

ὄὍὅ ὋȠ Ὀ  ς ὒὒ ὋȠ Ὀ  ὨὭά Ὃ  ὰέὫ ὔ   (eq. 4.2) 

where G denotes model, D denotes data, N is the sample size, and dim (G) is the number of 

parameters in the model G.  

Analysis of SWMM model parameters for dry and wet years was performed by fitting a 

parametric distribution for each parameter using the ñfitdistrplusò package (Delignette-Muller et 

al., 2021), within the R programming language (R Core Team, 2019).  
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In addition, Welch's two-sample t-test was performed to assess if there was a significant 

difference between the mean values of each parameter between the dry and wet years (Costello 

et al., 2020). The null hypothesis was the difference between the two means is zero. If the p-

value was less than 0.05, the null hypothesis was rejected, and it was concluded that there was a 

sufficient sample to suggest that there was a statistically significant difference between the 

means, or in this example, SWMM parameters. 

4.3. Results 

4.3.1. Sensitivity analysis 

Sensitivity analysis was performed by changing the value of one parameter at a time 

while others were kept constant and the percent changes in mean total flow were computed. 

Sensitivity analyses were performed for dry and wet years separately and are shown in Figure 

4.2. With respect to the dry year model, the most influential parameters were B2, B1, %Imp, 

DS_imp, and A2 while the least influential parameters were R, A1, and MinR (Figure 4.2a). B1, 

B2, and A2 are groundwater parameters, and based on the results, groundwater parameters and 

parameters related to impervious characteristics (i.e., %Imp and DS_imp) were more influential. 

With respect to the wet year model, the most influential parameters were B2, %Imp, A2, 

DS_imp, and DT while the least influential parameters were R, W, MinR, and A1 (Figure 4.2b). 
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Figure 4.2. Sensitivity analysis of the selected parameters for a) dry year and b) wet year. 

4.3.2. Overall performance of the SWMM models 

The developed model was calibrated separately to a dry year (2012) and a wet year 

(2020). Both models were validated to 2013 which had the average annual precipitation over 10 

years (from 2010 to 2020).  

Trace plots of NSE values for calibration periods, 2012 and 2020 are shown in Figures 

4.2a and 4.2b, respectively. For 2012, the model calibrated through OSTRICH-SWMM reached 

an NSE value of 0.76 after 350 iterations (Figure 4.3a); however, for 2020, an NSE value of 0.70 
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was reached after 2000 iterations (Figure 4.3b). Each of the parameter sets in the trace plots of 

the NSE represents a reasonable model of the watershed as NSE for each is greater than 0.5 

(Figure 4.3).  

OSTRICH-SWMM updated the parameter values in each iteration based on the model 

performance using parameter values from the previous iteration. Hence, in each iteration, the 

model performance improved in terms of the objective function. The trace plots reached a 

plateau after 350 iterations (Figure 4.3a) and 2000 iterations (Figure 4.3b) for models calibrated 

to 2012 and 2020, respectively. The automatic calibration stopped after the trace plots of NSE 

reached a plateau. While, the iterations could continue, but these additional calibration efforts 

after reaching a plateau could result in over-parameterization of the models which produces an 

overfitted model (Whittaker et al., 2010), making it unusable outside of the original training 

dataset. 

The NSE values for calibration and model assessment periods with various time steps are 

shown in Table 4.2. The best of the models calibrated to a dry year (2012) and a wet year (2020) 

resulted in NSE values of 0.76 and 0.70, respectively when 5-min observed, and simulated flow 

data were used. Observed, and simulated flow data with 5-min time steps were aggregated, and 

NSE values were calculated and are shown in Table 4.2. The NSE values for the model 

calibrated to 2012 improved to 0.77 and 0.87 when aggregated hourly and daily data were used, 

respectively. NSE values for the model calibrated to 2020 improved to 0.72 and 0.86 when 

aggregated hourly and daily data were used, respectively.  

For the model assessment period, the NSE values for the models calibrated to 2012 and 

2020 were 0.58 and 0.64, respectively, when 5-min observed, and simulated flow data were used. 

The NSE values for the model calibrated to 2012 improved to 0.59 and reduced to 0.50 when 
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aggregated hourly and daily data were used, respectively. NSE values for the model calibrated to 

2020 improved to 0.65 and 0.88 when aggregated hourly and daily data were used, respectively. 

The NSE values for the model calibrated to a wet year (2020) were 0.86 and 0.88 for 

calibration and model assessment periods, respectively, when daily values were used. These NSE 

values were above 0.8 which implies a very accurate calibration (Moriasi et al., 2015). The NSE 

values for the model calibrated to a dry year were 0.87 and 0.50 for calibration and model 

assessment periods, respectively when daily values were used. The NSE value for the calibration 

period was above 0.8 which implies a very good model; however, the NSE value for the model 

assessment period was 0.5 which implies a satisfactory performance of the model (Moriasi et al., 

2015).  

 

Figure 4.3. Trace plots of NSE values for SWMM models calibrated to a) 2012 (dry year) and b) 

2020 (wet year). 
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Table 4.2. NSE values for calibration and model assessment periods with 5-min, hourly, and 

daily time steps.  

 5-min hourly  daily 

Calibration     

Dry (2012) 0.76 0.77 0.87 

Wet (2020) 0.70 0.72 0.86 

Model assessment (2013)    

Dry year model 0.58 0.59 0.50 

Wet year model  0.64 0.65 0.88 

 

The hydrographs of observed and simulated flow data with 5-min time steps for 

calibration and model assessment periods are shown in Figures 4.4 and 4.5, respectively. The 

models calibrated to 2012 and 2020 are shown in Figures 4.3a and 4.3b, respectively. 2012 was a 

dry year with one maximum peak around 45 m3/s (Figure 4.4a); however, multiple peaks are 

observed for 2020 which was a wet year (Figure 4.4b). In addition, in 2020, events were more 

frequent than in 2012. 

The hydrographs of 5-min observed and simulated flow data for the model assessment 

period, 2013, are shown in Figure 4.5. The hydrographs for the calibrated dry year model are 

shown in Figure 4.5a, and the calibrated wet year model in Figure 4.5b. The dry year model 

predicted the peak flow on Oct 2013 very well. However, the overall performance of the wet 

year model was better since the NSE was greater (Table 4.2). For the model assessment phase, 

the wet year model performed better (higher NSE for the model assessment period when 

calibrated to a wet year (see Table 4.2). This is not surprising, as SWMM is a dynamic rainfall-

runoff model which originally focused on wet weather events in event-based simulations.  
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Figure 4.4. Hydrograph of 5-min observed and simulated flow for calibration periods. The 

model was calibrated to a) 2012 (dry year) and b) 2020 (wet year). 
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Figure 4.5. Hydrograph of 5-min observed and simulated flow for the model assessment period, 

2013. The model was calibrated to a) 2012 (dry year) and b) 2020 (wet year). 

Precipitation and simulated runoff water budget from the models in wet (2020) and dry 

(2012) years are summarized in Table 4.3 and simulated water budgets for dry and wet years are 

shown in Figures 4.6a and 4.6b, respectively. The total precipitation in 2012 was 82.52 cm; 

however, it was 145.72 cm in 2020. Simulated evaporation was 8.79 cm in 2020, almost twice 

what it was in 2012. Surface runoff was 63.08 cm in 2020 and almost five times greater than in 

2012, note that in SWMM, surface runoff was calculated from equation 4.3 (Rossman, 2015). 

Groundwater flow was 36.72 cm in 2012 and was 5.98 cm in 2020 (Table 4.3).  

Surface Runoff = Precipitation ï Evaporation ï Infiltration  (eq. 4.3)  
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 In a dry year, about 80% of precipitation was infiltrated (Figure 4.6a); however, in a wet 

year, about half of precipitation was infiltrated (Figure 4.6b). Further, in a dry year, surface 

runoff was 16% of total precipitation (Figure 4.6a) whereas in a dry year, 43% of total 

precipitation became surface runoff (Figure 4.6b).  

Table 4.3. Precipitation and simulated runoff water budget in dry and wet years using the 

observed flow data and simulated time series of flow from the models. 

Year  Precipitation 

(cm) 

Evaporation 

(cm) 

Infiltration 

(cm) 

Surface 

Runoff 

(cm) 

Groundwater 

Flow (cm) 

2012 Dry 82.52 4.01 (5%) 65.52 (79%) 12.99 

(16%) 

36.72 

2020 Wet 145.72 8.79 (6%) 73.85 (51%) 63.08 

(43%) 

5.98 

 

Simulated runoff water budgets in 2013 from the models calibrated to dry (2012) and wet 

(2020) years are shown in Figures 4.7a and 4.7b, respectively. The total precipitation in 2013 

was 112.42 cm. Surface runoff was 19.31 cm when the model calibrated to a dry year was used 

for 2013 while it was 50.72 cm when the model calibrated to a wet year was used for 2013. 

The model calibrated to a dry year predicted that 79% of precipitation infiltrated and 17% 

of precipitation became surface runoff. However, the model calibrated to a wet year predicted 

that 51% of precipitation infiltrated and 43% of precipitation became surface runoff. The 

difference between calibrated models to a dry and wet year showed that when SWMM was 

calibrated to a dry year (2012) and was used to predict surface runoff for a year with higher 

precipitation (2013), the surface runoff was underestimated. While using a model calibrated to a 

wet year (2020) resulted in higher surface runoff and achieved a higher NSE value (Table 4.2). 
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Figure 4.6. Simulated water budget in a) dry (2012) and b) wet (2020) years. Total precipitation 

in dry and wet years were 82.52 and 145.72 cm, respectively. 
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Figure 4.7. Simulated water budget in 2013 when calibrated to a) dry (2012) and b) wet (2020) 

years. Total precipitation in 2013 was 112.42 cm. 

4.3.3. Best-fit models for posterior distributions 

The results of the best-fit distribution model based on AIC and BIC analysis described in 

section 2.7 for various distributions are shown in Tables C2 and C3 in Appendix C, respectively. 
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For each parameter, the distribution models with the lowest AIC and BIC were selected and are 

shown in Table 4.4.  

Normal, lognormal, and Weibull distributions were selected more than other distributions 

(Table 4.4). The exponential distribution was not selected for any parameter. The selected 

distribution models were different for each parameter and interestingly, differed for the same 

parameter between dry and wet years. This suggests that parameter distributions can be different 

for dry and wet years. For the dry year, a normal distribution was selected the most, 7 times, 

followed by lognormal and Weibull distributions. For the wet year, lognormal and Weibull 

distributions were selected the most, 4 times, followed by a normal distribution (Table 4.4).  

For some parameters, the selected probability distributions differed between the dry and 

wet years (Table 4.4). For instance, R and A2 followed a lognormal distribution in a dry year 

while they followed a Weibull distribution in a wet year. W and DT followed a normal 

distribution in a dry year while they followed a Weibull distribution in a wet year. N_imp and 

MinR followed a normal distribution in a dry and wet year, respectively; however, they followed 

a lognormal distribution in a dry and wet year, respectively. %Imp and %Z followed a normal 

distribution in a dry and wet year, respectively; however, they followed a Beta distribution in a 

dry and wet year, respectively. A1 followed a Beta distribution in a wet year, while it followed a 

lognormal distribution in a dry year. N_perv and DS_perv followed a lognormal distribution in a 

wet year, but they followed a uniform and Weibull distributions in a dry year, respectively. D 

followed a Weibull distribution in a dry year, while it followed a Gamma distribution in a wet 

year.  
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Table 4.4. The selected probability distribution models for each parameter based on the Akaike 

Information Criterion (AIC) goodness-of-fit information criterion. 

Parameter Year Normal Lognormal Uniform  Gamma Weibull  Beta 

N_perv 2012   ṉ    

2020  ṉ     

N_imp 2012 ṉ      

2020  ṉ     

DS_perv 2012     ṉ  

2020  ṉ     

DS_imp 

 

2012  ṉ     

2020  ṉ     

%Imp 2012 ṉ      

2020      ṉ 

%Z 2012      ṉ 

2020 ṉ      

R 2012  ṉ     

2020     ṉ  

A1 2012  ṉ     

2020      ṉ 

B1 2012 ṉ      

2020 ṉ      

A2 2012  ṉ     

2020     ṉ  

B2 2012 ṉ      

2020 ṉ      

W 2012 ṉ      

2020     ṉ  

MaxR 2012 ṉ      

2020 ṉ      

MinR 2012  ṉ     

2020 ṉ      

D 2012     ṉ  

2020    ṉ   

DT 2012 ṉ      

2020     ṉ  
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4.4.4. Posterior distributions of SWMM model parameters for dry and wet years 

The posterior probability distribution of each parameter was analyzed based on numerous 

SWMM runs from OSTRICH-SWMM. Model runs were 350 for 2012 and 2000 for 2020. The 

number of the model runs is equal to the number of iterations in Figure 4.3. Histograms of the 

posterior distributions of SWMM model parameters are plotted in Figure 4.8. On each histogram, 

the posterior probability distributions for the dry year (2012) and wet year (2020) models are 

shown. The histograms were normalized so the area of each histogram is equal to 1. 

The posterior probability distributions generated from a wet year model (2012) are shown 

in Figure 4.8, specifically: for DS_imp (Figure 4.8d), %Z (Figure 4.8f), R (Figure 4.8g), A1 

(Figure 4.8h), MinR (Figure 4.8n), and D (Figure 4.8o). These variables were right-skewed 

which means the mass of the posterior distributions was centered at the lower bounds of the 

distribution. However, DS_perv (Figure 4.8c) was left-skewed which means the mass of the 

posterior distributions was centered at the upper bounds of the distribution. The posterior 

probability distributions for N_perv (Figure 4.8a), N_imp (Figure 4.8b), %Imp (Figure 4.8e), B1 

(Figure 4.8i), A2 (Figure 4.8j), B2 (Figure 4.8k), W (Figure 4.8l), MaxR (Figure 4.8m), and DT 

(Figure 4.8p) were centered around the middle and were not skewed. 

The posterior probability distributions generated from a wet year model (2020) are shown 

in Figure 4.8, specifically: for N_perv (Figure 4.8a), N_imp (Figure 4.8b), DS_perv (Figure 

4.8c), DS_imp (Figure 4.8d), and D (Figure 4.8o); these variables were right-skewed which 

means the mass of the posterior distributions was centered at their lower bounds. However, R 

(Figure 4.8g), A1 (Figure 4.8h), A2 (Figure 4.8j), W (Figure 4.8l), and D (Figure 4.8o) were left-

skewed which means the mass of the posterior distributions was centered at their upper bounds. 

The posterior probability distributions for %Imp (Figure 4.8e), %Z (Figure 4.8f), B1 (Figure 
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4.8i), B2 (Figure 4.8k), MaxR (Figure 4.8m), and MinR (Figure 4.8n) were centered around the 

middle and were not skewed. 

Parameter values differed between dry year (2012) and wet year (2020). N_perv (Figure 

4.8a), N_imp (Figure 4.8b), DS_perv (Figure 4.8c), and DS_imp (Figure 4.8d) were higher in 

2012 compared to 2020. %Imp (Figure 4.8e), %Z (Figure 4.8f), R (Figure 4.8g), and W (Figure 

4.8l) was higher in 2020 than in 2012. Infiltration parameters differed between 2012 and 2020, 

Max R (Figure 4.8m) and D (Figure 4.8o) were higher in 2012 while MinR (Figure 4.8n) and DT 

(Figure 4.8p) were higher in 2020. Groundwater parameters differed between 2012 and 2020, A1 

(Figure 4.8h) and A2 (Figure 4.8j) were higher in 2020 while B1 (Figure 4.8i) and B2 (Figure 

4.8k) were higher in 2012. A1 was greater than A2 and B1 was greater than B2 in each SWMM 

model run according to the SWMM manual (Rossman, 2015). In addition, the results of Welch's 

two-sample t-test for all parameters returned the p-value of less than 0.05. Hence, the null 

hypothesis was rejected in favor of the alternative hypothesis which implied there was a 

statistically significant difference between the means of parameters for dry and wet years. 

4.4.5. Comparison of SWMM models response to design storm events 

Models calibrated to a dry and wet year were used to simulate flow for the 100-year 

design storm (Figure 4.9). The calibrated model for a wet year resulted in a higher peak than the 

calibrated model to a dry year while the calibrated model to a dry year had higher flow in the 

receding limb.
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Figure 4.8. Posterior distributions of SWMM model parameters including a) N_perv, b) N_imp, 

c) DS_perv, d) DS_imp, e) %Imp, f) %Z, g) R, h) A1, i) B1, j) A2, k) B2, l) W, m) MaxR, n) 

MinR, o) D, and p) DT for a dry (2012) and wet (2020) years. 
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Figure 4.9. Comparison of simulated flow by the calibrated SWMM models to a dry and wet 

year during the 100-year design storms. 

4.5. Discussion 

Moriasi et al., 2015 proposed guidelines for model calibration and validation; however, 

the smallest temporal scale in this study was daily. NSE improved when averaged hourly or daily 

flow data was used for calculating NSE (Table 4.2). Considering that in our and similar studies, 

the time step is smaller than daily, there is a need for developing new criteria for various time 

scales smaller than daily such as 5-min and hourly. This is particularly important as urban runoff 

is flashy (Nayeb Yazdi et al., 2019) and averaging over a larger time step might dampen the 

value of peak flows, which is of concern for some stakeholders.  

Infiltration was greater in 2020 compared to 2012 which means in 2020 (Table 4.3), 

groundwater systems were recharging, consistent with a study conducted by Oni et al., 2016. 

SWMM has a groundwater component which was used in this study to simulate groundwater 

flow. Groundwater flow out of the watershed was 36.72 cm in 2012 and was 5.98 cm in 2020, 
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implying the recharge of groundwater in a wet year, 2020, and the discharge in a dry year, 2012. 

Groundwater level data was retrieved from a well located 8 km in the northwestern side of the 

study watershed shows an overall decline in groundwater level in 2012 (Figure C1a in Appendix 

C) and an overall rise in groundwater level in 2020 (Figure C1b in Appendix C), consistent with 

model results. A key takeaway from this study is the importance of incorporating groundwater 

flow modeling in SWMM applications.  

SWMM run times varied between iterations based on the groundwater sub-model 

parameters, simulation run times doubled in some iterations. Hence, the parallel processing 

capability of OSTRICH-SWMM was essential and resulted in lower overall simulation run 

times.  

Although it is often believed that environmental parameters follow a lognormal 

distribution (Andersson, 2021), the posterior histograms and the selected probability distributions 

based on AIC and BIC values obtained in this study revealed that some parameters might follow 

other distributions such as normal, Weibull, Beta, or Gamma. B1, B2, and MaxR followed a 

normal distribution for dry and wet years while DS_imp followed a lognormal distribution in dry 

and wet years (Table 4.4).  

The shape of the posterior probability distributions shows the degree of parameter 

uncertainty (Touhami et al., 2013; Yu et al., 2022). Flat distributions show more parameter 

uncertainty indicating the estimation of these parameters is poor while sharp distributions with 

narrower width show less parameter uncertainty and more confidence in parameter estimation. 

The optimal calibrated parameter values are derived from the peak distributions from the 

histograms (Hassanzadeh et al., 2019; Jin et al., 2010). 
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Some parameters [i.e., N_imp, %Z, and R (Figure 4.8b, f, g)] are better defined and the 

width of posterior distributions covers only a relatively narrow range compared to the initial 

range (see initial ranges in Table 4.1). The sharp peaks and narrower ranges indicate that the 

observed flow data include enough information to approximate these parameters resulting in less 

uncertainty, whereas the other parameters [i.e., DS_imp and %Imp (Figure 4.8d, e)] show 

considerably larger ranges indicating more uncertainty in parameter estimation. N_imp, %Z, and 

R fall within uncertainty class 2 according to James (2005) and were estimated with a high 

degree of uncertainty in our study (Figure 4.8b, f, g). James (2003) put groundwater parameters 

fall within class 4 which states parameters cannot be measured or estimated with any certainty. 

Our study shows A1 was estimated with high certainty for 2020 and less certainty for 2012 

(Figure 4.8h). B1 was not estimated with high certainty for 2012 and 2020 (Figure 4.8i). A2 was 

estimated with more certainty in 2012 than 2020 (Figure 4.8j) and B2 was estimated with less 

certainty as peaks are observed in the histograms of posterior distributions (Figure 4.8k). Less 

uncertainty was observed in 2020 than in 2012 (Figure 4.8l). James (2003) put infiltration 

parameters within uncertainty class 4. In this study, MaxR, MinR, and DT (Figure 4.8m, n, p) 

were estimated with high certainty; however, D (Figure 4.8o) was estimated with more 

uncertainty. The histograms of posterior distributions suggest that uncertainty classes for 

SWMM model parameters may differ statistically between dry and wet years. Results of Welch's 

two-sample t-test showed the mean of each parameter significantly differed between dry and wet 

years. 

In a dry year, intermittent precipitation occurred frequently, while in a wet year, more 

consistent or stable precipitation was observed (Fang and Pomeroy, 2008; McNamara et al., 

2005). Previous studies (Bracken et al., 2013; Ocampo et al., 2006; Oni et al., 2016; Peralta-
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Tapia et al., 2015) observed faster flows and rapid response to precipitation events as the soil 

pores filled up with water, generating surface runoff faster. The same response was observed in 

this study when calibrated SWMM models were used for simulating flow for a 100-year design 

storm (Figure 4.9). 

Estimation of SWMM model parameters differed when calibrated separately for dry and 

wet years. Several studies (Ahl et al., 2008; Li et al., 2012; Porretta-Brandyk et al., 2011) have 

also shown that temporal changes or variability in the watershed condition affected model 

performance, suggesting optimal parameter values likely differ between a dry and wet year.  

A dry year causes drought-like conditions, changing the annual water budget 

substantially, as was seen in Figure 4-6. As explained by Dai, 2011; Mishra and Singh, (2010), 

during dry years, less runoff is produced which reduces hydrologic connectivity within each 

catchment (%Imp) and increases Manningôs roughness for surfaces, N_perv and N_imp. In this 

study, it was observed that %Imp was higher for 2020 (Figure 4.8e). DS_perv and DS_imp were 

higher in 2012 (Figure 4.8c, d) as in a wet year, precipitation occurs more frequently leaving less 

depression storage for the latter events. W was higher in 2020 than in 2012 (Figure 4.8l) since 

due to the greater precipitation amount in 2020, the width of overland flow was greater. R was 

larger in 2020 than 2012 (Figure 4.8g) as flow depth in the stream was higher in 2020 causing 

runoff to be more in contact with the stream banks which increases friction. Max R and D were 

higher in 2012 (Figure 4.8m, o) while MinR and DT (Figure 4.8n, p) were higher in 2020. In a 

dry year, there are more soil pores available for water infiltration and soil pore spaces are usually 

not close to saturation under dry conditions. Hence, MaxR was higher in a dry year (Figure 

4.8m). D was lower in 2020 as the rate decreases with increasing soil water content (Gao et al., 

2018). DT was less in 2012 (Figure 4.8p) as it takes little time for the soil to completely dry. 
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MinR was greater in a wet year (Figure 4.8n) as the water was more susceptible to being filled up 

than in a dry year. A1 and A2 were higher in 2020 (Figure 4.8h, j) while B1 and B2 (Figure 4.8i, 

k) were higher in 2012. Since B1 and B2 are the exponents in the groundwater equation, their 

values affect groundwater flow more than A1 and A2. Higher B1 and B2 values in 2012 caused 

more water to flow out of the study area than in 2020. 

The differed optimal parameter values for 2012 and 2020 suggest that although the 

processes and mechanisms driving hydrologic processes in dry and wet years are similar, their 

magnitude differs greatly, consistent with the study by Oni et al., 2016. 

4.6. Conclusions 

In this study, OSTRICH-SWMM was used for automatic calibration of a case study 

urban watershed, Difficult Run in Fairfax, Virginia, U.S. OSTRICH-SWMM successfully 

calibrated the SWMM model separately for a dry and wet year. Using automatic calibration tools 

such as OSTRICH-SWMM facilitates generating various model parameter sets that are equally 

good in terms of model performance. Various parameter sets assist in evaluating the uncertainty 

in SWMM model parameter estimation. 

The robust assessment conducted in this study showed that the hydrologic behavior of 

SWMM was different between dry and wet hydroclimatic conditions. This study highlights that 

precipitation patterns affect the selection of optimal parameter values. The differed optimal 

parameter values for dry and wet years suggest that although the processes and mechanisms 

driving hydrologic processes within SWMM were the same, when simulating flow for different 

hydroclimatic conditions, their magnitude differs. Simulated runoff quantity in SWMM goes 

through three main components within SWMM including (1) land surfaces, (2) groundwater, and 

(3) the conveyance system. Our study concluded that parameters under (1) land surface 
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components (N_perv, N_imp, DS_perv, DS_imp, %Imp, %Z, W, MaxR, MinR, D, and DT), (2) 

groundwater components (A1, B1, A2, and B2), and (3) conveyance system component (R) were 

separated in dry and wet years due to differences in precipitation patterns. The parameter 

changes during dry and wet conditions affect the hydrological response of the watershed. 

The methodology developed in this study can be expanded in future studies to the 

implementation of SCMs, including both storage and LID practices in SWMM. Various SCM 

parameter sets that result in comparable costs and treatment of urban runoff could be used to 

evaluate the uncertainty in estimating SCM parameters within SWMM. 

 The results of this study can assist urban watershed planners in selecting the most 

appropriate model to use for prediction purposes or when there are fewer flow data available for 

model calibration. 
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Abstract  

Urbanization alters land cover by increases in impervious areas, resulting in large 

increases in runoff, sediment, and nutrients loadings. The quality of stormwater is related to land 

use and is highly variable. Today, stormwater is characterized mainly by watershed models using 

little, if any, actual field monitoring data. The simple event mean concentration (EMC) wash-off 

approach by land use is a common practice used by practitioners for estimating loads. However, 

it assumes concentration is constant across events from a particular land use. Build-up/wash-off 

equations were developed to account for variation of concentrations between events; however, 

they have several parameters that are difficult to estimate. This study conducted a monitoring 

and modeling study and assessed the role of land use on stormwater quantity and quality and 

optimized and investigated the build-up/wash-off parameters for multiple urban land uses for 

nutrients and sediment. Stormwater from commercial, freeways, high density residential, 

industrial, and medium density residential sites was sampled using automatic samplers during 

storm events and water quality was characterized for a variety of storm events over a year. 

Stormwater samples were analyzed for total nitrogen (TN), total phosphorous (TP), and total 
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suspended solids (TSS). The results showed that medium density residential land use had the 

highest median TN and TP EMCs and commercial had the highest median TSS EMCs. Water 

quality parameters (or build-up/wash-off parameters) exhibited significant variations between the 

land uses confirming that land use affects stormwater quality. The median particle sizes for all 

land uses were less than 150 µm which showed the most common particle size in stormwater 

was fine particles (classified as very fine sands and smaller grain sizes) which needs to be 

considered by stakeholders in treatment of stormwater.  

5.1 Introduction  

Urban development and the associated increase in imperviousness causes large increases 

in runoff, negatively impacting the quality, geomorphology, and aquatic habitat of receiving 

streams. Collectively, these impacts are known as the ñurban stream syndromeò (Askarizadeh et 

al., 2015; Booth et al., 2016; Hatt et al., 2004; Luo et al., 2018; Martins et al., 2017; Nelson and 

Booth, 2002; Nelson et al., 2009). Consistent characteristics of urban stream syndrome include a 

flashy hydrograph, elevated nutrients and sediment loads, altered channel morphology, and 

reduced biotic diversity dominated by a few tolerant species (Askarizadeh et al., 2015; Hopkins 

et al., 2017; Walsh et al., 2005). 

Hydraulic/hydrologic/water quality (H/H/WQ) models are essential and needed for 

predicting stormwater quantity and quality in urban areas and to understand its impacts (Tuomela 

et al., 2019). H/H/WQ models are used for the prediction, analysis, and management of 

stormwater quantity and quality as monitoring is time-consuming and costly for both field 

collection and required laboratory analyses (Maniquiz-Redillas et al., 2013).  

Among H/H/WQ models, the Stormwater Management Model (SWMM) developed by 

the U.S. Environmental Protection Agency (U.S. EPA) is the most widely used H/H/WQ model 
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in urban areas (Niazi et al., 2017). SWMM predicts the fate and transport of nutrients and 

sediment in urban catchments by (i) using the event mean concentration (EMC) wash-off 

approach, which assumes concentration is constant over the storm for each land use, or (ii) using 

a build-up/wash-off relationship in which concentration is a function of antecedent dry period 

(ADP) and runoff rate (Rossman, 2015). 

The simple EMC wash-off modeling approach by land use is a common practice used by 

practitioners for estimating loads (Tuomela et al., 2019). The shortcoming of the EMC wash-off 

modeling approach is that it assumes regardless of the monitored events, nutrients and sediment 

concentrations are constant. However, climatological and catchment characteristics affected 

monitored stormwater quality EMCs for particular urban land use from a national database 

(Behrouz et al., 2022b).  

The Build-up/wash-off modeling approach is more robust than the simple EMC wash-off 

modeling approach as it considers variations of nutrients and sediment concentrations between 

events. McLeod et al., (2006) showed both hydrology and land use are important factors 

affecting stormwater quality in urban areas. The shortcoming of the developed build-up/wash-off 

equations is that they include build-up wash-off parameters that are difficult to measure and 

challenging to estimate, possibly making them good candidates for calibration (Gorgoglione et 

al., 2019; Tuomela et al., 2019).  

The objectives of this study were to (1) assess the role of land use on generated 

stormwater quantity and quality, (2) investigate and fit build-up/wash-off parameters for multiple 

urban land uses for nutrients and sediment (3) assess variations in nutrients and sediment EMCs 

across various urban land uses, and (4) assess the applicability of using build-up/wash-off 

relationships for estimating nutrients and sediment concentrations for various land uses. 
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To achieve this goal, a one-year monitoring program was conducted on selected 

subcatchments that are homogenous with respect to land use. Flows were measured and flow-

weighted composite samples were collected through programmable, automatic samplers. Land 

uses included commercial, freeways, high density residential, industrial, and medium density 

residential. SWMM models were developed and calibrated for each homogenous catchment to 

match measured runoff. Stormwater samples were collected from a number of events from each 

land use and SWMM models were calibrated to stormwater quality. We attempted to follow the 

procedures taken by previous studies, (Pitt et al., 2018; Smullen et al., 1999) with respect to data 

collection, storage, analysis, and management, so comparisons can be made. 

5.2. Methods 

5.2.1. Field measurements and sampling sites 

This research was conducted within and adjacent to the City of Fredericksburg, an urban 

area in Northeastern Virginia which is tributary to the Rappahannock River and thence, the 

Chesapeake Bay. The City of Fredericksburg operates a Phase II municipal separate storm sewer 

system (MS4) program authorized under General Permit No. VAR040058 issued December 9, 

2002 (through the Virginia Pollutant Discharge Elimination System (VPDES). Fredericksburg is 

a relatively compact, urbanized area that straddles the Piedmont and Coastal Plain physiographic 

provinces. The nearest National Climatic Data Center (NCDC) National Oceanic and 

Atmospheric Administration (NOAA) weather station (station name: Piedmont research station, 

VA; station ID: USC00446712) shows historical (1971-2021) average annual rainfall and 

temperature of 1113 mm and 13.3° C. for Fredericksburg, VA (NOAA, 2020). 

We monitored stormwater responses from 5 hydrologically isolated catchments, each 

dominated by a specific type of urban land use including (1) commercial, (2) freeways, (3) high 
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density residential, (4) industrial, and (5) medium density residential land uses (Figure 5.2). The 

catchments were delineated in ArcGIS Pro 2.8.2 using the 1 m Digital Elevation Models (DEMs) 

provided by the City of Fredericksburg. All stations are located in the Piedmont physiographic 

province. 

Each of the monitoring stations was equipped with: (1) an auto-sampler (model 6712; 

ISCO, Lincoln, Nebraska) to collect flow-weighted composite stormwater samples; (2) either a 

Palmer Bowlus flume for measuring discharges with a bubbler flowmeter (model 730 Teledyne 

ISCO, Lincoln, Nebraska) or an area velocity sensor directly mounted to the pipe (model 750; 

Teledyne ISCO, Lincoln, Nebraska); and (3) a rain gauge (model 674; Teledyne ISCO, Lincoln, 

Nebraska). Details on the type of equipment used are given in Table 5.1. The events with 

missing rain or flow data were disregarded from analysis. 

Hydrologic responses were characterized by monitoring water depth at the outlet of each 

catchment. Palmer-Bowlus flume discharge tables with head values in feet were used for 

converting recorded water depths to discharge at commercial, high density residential, and 

medium density residential sites (Teledyne ISCO, 2017). At the freeways and industrial sites, 

where area velocity sensors were installed, discharge was calculated from the area velocity 

equation (Teledyne ISCO, 2017).  

Event mean concentrations (EMCs) were used to characterize water quality constituents 

concentrations during a storm event. The EMC is a flow-weighted concentration and is 

calculated from equation 5.1: 

 Ὁὓὅ
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  (eq. 5.1) 



 

129 

 

where M is the mass of pollutants (mg); V is the total volume of runoff (L); Qi is the runoff 

quantity within each time interval (L/sec); Ci is the pollutant concentration within each time 

interval (mg/L); Vi is the volume of runoff within each time interval (L), and ȹt is the time 

interval of the incremental sample (sec). EMCs were calculated for storm events where more 

than 70% of the hydrograph was covered by the sampling program.  
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Figure 5.1. Maps showing a) location of the City of Fredericksburg, VA and b) land use map 

and selected monitoring locations of the five study catchments (commercial, freeways, high 

density residential, industrial, and medium density residential) in the City of Fredericksburg, VA. 
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Figure 5.2. Boundaries of the five study catchments superimposed by aerial imagery for a) 

commercial (with the area of 0.65 ha and imperviousness of 63%), b) freeways (with the area of 

0.06 ha and imperviousness of 100%), c) high density residential (with the area of 1.01 ha and 

imperviousness of 77.2%), d) industrial (with the area of 3.78 ha and imperviousness of 35%), 

and e) medium density residential (with the area of 3.04 ha and imperviousness of 48%).  

Table 5.1. Summary of instrumentation and equipment for field monitoring 

Station Auto-

sampler 

Rain gauge Palmer 

Bowlus flume 

Bubbler 

flowmeter 

Area 

velocity 

sensor 

Commercial ISCO 6712 ISCO 674 24ò Palmer-

Bowlus flume 

ISCO 730 - 

Freeways ISCO 6712 ISCO 674 - - ISCO 750 

High density residential ISCO 6712 ISCO 674 12ò Palmer-

Bowlus flume 

ISCO 730 - 

Industrial ISCO 6712 ISCO 674 - - ISCO 750 

Medium density 

residential 

ISCO 6712 ISCO 674 30ò Palmer-

Bowlus flume 

ISCO 730 - 
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5.2.2. Runoff sample collection and water quality analysis 

Auto-samplers were programmed to start sampling at the predetermined rates required for 

analysis. There were two parameters for enabling auto-samplers: (1) rainfall depth greater than 

2.54 mm in 30 minutes, to ensure a storm event was occurring; and (2) increasing water level at 

the outlets, to ensure a measurable amount of runoff was flowing through the conveyance 

system. When these thresholds were met, the data logger prompted the auto-samplers to start 

taking flow-averaged composite samples in a 15-L polyethylene bottle. The analysis sample was 

gently shaken to be uniformly mixed and then subdivided into the analysis containers. The 15-L 

bottles were rinsed with specific soap that was free of solvents and phosphate and then washed 

and rinsed with deionized (DI) water. To provide a quality control check, blank samples were 

collected and run through the same process as normal samples. 1-L backup samples were also 

collected from each storm event.  

Water samples were tested according to standard methods for the following 3 parameters: 

total nitrogen (TN, USEPA 353.2), total phosphorus (TP, APHA 4500P.E), and total suspended 

solids (TSS). Storm samples were transported to the laboratory as soon as possible after 

collection to preserve the sample and meet maximum holding times. The sample holding time is 

the allowable length of time between sample collection and laboratory manipulation. Sample 

hold times are unique for each analyte (Table D1 in Appendix D). Since laboratory analyses 

could not be accomplished within the applicable hold times for TN and TP, the respective 

samples were preserved through freezing at the Hampton Roads Agricultural Research and 

Extension Center (HRAREC) laboratory, Virginia Beach, VA. The frozen composite samples 

were subsequently shipped to the Virginia Tech Biological Systems Engineering water quality 

laboratory for analysis. 
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An assessment of the particle size distribution in water was conducted using a laser 

scattering particle size distribution analyzer (PSDA) (LA-950, Horiba, Kyoto, Japan) at the 

HRAREC laboratory. First, subsamples were spun to ensure a homogeneous mixture, and the 

middle layer of water (10ï15 mL) was siphoned out to, then the particle size distribution of 

samples was estimated using the Horiba LA-950 analyzer. Particles divided into 4 categories 

including clays (0.02-4 µm), silts (4-63 µm), fine sands (63-92 µm), and fine-medium sand (92-

125 µm) (Alberto et al., 2016). 

5.2.3. Development of SWMM models 

In this study, SWMM was set up to simulate runoff and flow routing for the five 

catchments (Figure 5.2). The required input data for developing a SWMM model include 

precipitation, temperature, soils, hydraulic infrastructure, land use, and topography data. A 

dynamic wave routing scheme was used for flow routing (Rossman, 2015). 

Precipitation data were imported to each model from the installed rain gages at each 

station. Temperature data were retrieved from the nearest NOAA station, station name: Corbin, 

VA; station ID: USC00442009, (within 15 km of Fredericksburg, VA) with recent temperature 

data from the National Climatic Data Center (NCDC) (NOAA, 2020). Evaporation rates were 

simulated in SWMM based on the measured daily maximum and minimum air temperature. 

DEMs were downloaded from the Virginia Geographic Information Network (VGIN), 

2021. DEMs were used to delineate the catchments and extract rim elevations. Soil map data 

were retrieved from the Web Soil Survey Geographic Database or SSURGO (U.S. Department 

of Agriculture Natural Resources Conservation Service, 2021). Infiltration parameters for each 

sub-catchments were imported from the soil map. The Green-Ampt method was used to simulate 

infi ltration. The soil in the Fredericksburg is mostly loamy sand based on the A horizon texture 
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from the SSURGO database. Hence the soil was given the infiltration parameters of suction head 

58 mm, saturated hydraulic conductivity 78 mm/h, and initial soil moisture deficit of 0.32. 

5.2.4. Hydrologic calibration  

In this study, OSTRICH-SWMM which is an open-source automatic calibration tool was 

selected for calibrating the developed SWMM models. OSTRICH-SWMM can run several 

SWMM models in parallel, perform single and multi-objective calibration problems, and handle 

time-series of flow as observations (Behrouz et al., 2020; Matott, 2017). The Dynamically 

Dimensioned Search (DDS) algorithm was used for automatic calibration and parameters 

estimation in this study. DDS was selected as DDS (1) is parallelized within OSTRICH-SWMM, 

(2) quickly converges to better parameter sets, (3) does not get trapped in local minima, and (4) 

can handle a large number of parameters (Macro et al., 2019; Tolson and Shoemaker, 2007; Yen 

et al., 2016).  

Behrouz et al., (2020) provided a literature review of the commonly reported calibrated 

parameters using SWMM and found the most commonly reported parameters were Manningôs 

roughness for pervious and impervious areas, depression storage for pervious and impervious 

areas, percent effective imperviousness, percent of the impervious area without depression 

storage, Manningôs roughness for the stream, the hydraulic width of the overland flow, and 

infiltration parameters. As in this study, the Green-Ampt method was used to simulate 

infiltration, suction head, conductivity, and initial deficit were considered in the calibration 

process. 

Nash-Sutcliffe Efficiency (NSE) and Percent Bias (PBIAS) were used to evaluate the 

performance of the developed SWMM models. The model was considered sufficiently calibrated 

if NSE was greater than 0.5 and PBIAS was within ±30% (Moriasi et al., 2015, 2007). The flow 
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data was divided into calibration and assessment periods. Then, SWMM models were evaluated 

for calibration and assessment periods by visualizing hydrograph characteristics and 

quantitatively by using the NSE and PBIAS goodness-of-fit measures (Moriasi et al., 2007). 

5.2.5. Water quality calibration  

Butcher, (2003) derived the relationship between empirical EMCs and build-up/wash-off 

parameters used in the Hydrologic Simulation Program - FORTRAN (HSPF) model. HSPF 

models estimate water quality constituents load by two parameters, build-up rate (ACCUM) and 

an asymptotic limit on available water quality constituents load per unit area (SQOLIM) 

(Bicknell et al., 1996). The two parameters are linked with a first-order removal rate (REMDSP) 

in equation 5.2. 

ὙὉὓὈὛὖ  (eq. 5.2) 

where REMDSP defines how long it takes for the water quality constituents to reach a specified 

percentage of maximum build-up in a given time.  

Water quality constituent build-up occurs during the dry period and wash-off occurs 

during wet periods. The rate of water quality constituent build-up during dry periods is derived 

from equation 5.3. 

ὃὅὅὟὓὙὉὓὈὛὖὔὸ (eq. 5.3) 

where N(t) is the accumulated load at time t in kg. 

EMC is the flow weighted average; it is derived from equation 5.4. 

Ὁὓὅ ὑ  (eq. 5.4) 
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where W is the mass load per area in kg/ha, Q is runoff depth in mm, and K is the unit conversion 

relating EMCs in mg/L to SQOLIMs in kg/acres. The relationship between EMC and the HSPF 

parameters are derived from equation 5.5. 

ὛὗὕὒὍὓ %-#
 

Ȣ  
  (eq. 5.5) 

where Qkt is runoff depth (mm), t is the time since the previous storm in days, A is a parameter 

defined from equation 5.6. 

ὃ
Ȣ

  (eq. 5.6) 

where WSQOP is runoff depth for the impervious surface. 

Build-up/wash-off equations in HSPF are provided in equations 5.7 and 5.8, respectively. 

ὄὸ ὄ ÅØÐὙὉὓὈὛὖὸ ὛὗὕὒὍὓ ρ ÅØÐὙὉὓὈὛὖὸ  (eq. 5.7) 

where B(t) is the build-up at time t in kg/ha, ὄ is the build-up at time 0 in kg/ha. 

ὡ ὸ ρ ÅØÐὃ ὗ ὄ ÅØÐὙὉὓὈὛὖὸ ὛὗὕὒὍὓρ

ÅØÐὙὉὓὈὛὖὸ   (eq. 5.8) 

where W(t) is water quality constituent wash-off at time t in kg/ha.  

There are several methods within SWMM to simulate build-up/wash-off processes. 

Power, exponential, and saturation functions are available for water quality constituent build-up 

simulation. Exponential function, rating curve method, and EMC approach are available for 

water quality constituent wash-off simulation (Rossman, 2015). Since exponential functions 

were mostly used in the literature for build-up/wash-off processes (Gorgoglione et al., 2019), 
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exponential functions were chosen and discussed hereunder. Build-up/wash-off equations in 

SWMM are as equations 5.9 and 5.10, respectively.  

ὦὸ ὄ  ρ ÅØÐὑ ὸ  (eq. 5.9) 

where b(t) is the build-up at time t in kg/ha, t is the time intervals in days, ὄ  is maximum 

build-up in kg/ha, and ὑ  is the constant build-up rate in kg/ha/days. 

ύὸ ά π ρ ÅØÐὑ ή ὸ  (eq. 5.10) 

where w(t) is the washed-off load at time t in kg, ά π is the initial mass of water quality 

constituent on the surface at time 0, ὑ  is the constant wash-off coefficient in 1/mm, q is the 

runoff rate over the catchment area in mm/hr, t is the time interval in days. 

Thus, the relationship between the build-up/wash-off parameters of the HSPF and 

SWMM models become as equations 5.11-5.13. 

SQOLIM (in HSPF) = ὄ  (in SWMM) (eq. 5.11) 

REMDSP (in HSPF) = ὑ  (in SWMM) (eq. 5.12) 

A (in HSPF) = ὑ  (in SWMM) (eq. 5.13) 

Hence, by substituting equations 5.11-5.13 in equation 5.5, the relationship between 

SWMM build-up/wash-off parameters and empirical EMCs can be derived as equation 5.14. 

ὄ  %-#
 

Ȣ  
  (eq. 5.14) 

Equation 5.14 can be written as equation 5.15. 

Ὁὓὅ ὄ
Ȣ  

 
  (eq. 5.15) 
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Build-up/wash-off parameters in SWMM which are ὄ , ὑ , and ὑ  (Table 5.2), were 

perturbed within their ranges to minimize the differences between observed and simulated 

EMCs. ὑ  was perturbed between (0, 1) (Tu and Smith, 2018), and ὑ  was perturbed between 

(0, 0.2) (Butcher, 2003). Among ὄ , ὑ , and ὑ , ὄ  is the most sensitive parameter in the 

build-up/wash-off equation (Gorgoglione et al., 2019) and varies significantly between studies. 

Tu and Smith, 2018 provided a literature review of the ranges reported for ὄ , these ranges 

were adjusted to match conditions. Hence, the calibration ranges for ὄ  were set as (0, 1.0) for 

TN, (0, 0.15) for TP, and (0, 500) for TSS. 

The goodness of fit measures such as coefficient of determination (R2) and PBIAS were 

used to evaluate the model performance based on the observed and calibrated EMCs for each 

water quality constituent such as TN, TP, and TSS. ὄ , ὑ , and ὑ  were determined through 

an optimization, for each land use such that the observed and calibrated EMCs were closely 

matched. At a monthly time-step, a water quality model is sufficiently satisfactory if R2 is greater 

than 0.3 for TN and 0.4 for TP and TSS, and PBIAS should be within ±30% for TN, TP, and 

TSS, based upon general guidelines developed by Moriasi et al. (2015, 2007).  

Parameter optimizations were performed using the Differential Evolution algorithm 

within the R package DEoptim (Ardia et al., 2021; Mullen et al., 2011; R Core Team, 2019). The 

available water quality data (up to January 1, 2022) were used in the calibration and the water 

quality data (after January 1, 2022) will be used to evaluate the performance of the calibrated 

models. 
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Table 5.2. Build-up/wash-off parameters in SWMM used for water quality calibration with the 

chosen values for each water quality constituent (TN, TP, and TSS) at each land use 

 Water 

quality 

constituent 

║□╪● 
(kg/ha) 

╚║ (1/days) ╚╦ (1/mm) 

Commercial TN 0.91 0.002 0.10 

TP 0.12 0.005 0.05 

TSS 73.8 0.01 0.12 

Freeways TN 0.19 0.50 0.14 

TP 0.007 0.71 0.19 

TSS 5.05 0.50 0.20 

High density residential TN 0.59 0.01 0.07 

TP 0.04 0.44 0.02 

TSS 31.27 0.16 0.01 

Industrial TN 0.6 0.08 0.04 

TP 0.05 0.08 0.20 

TSS 20.26 0.09 0.20 

Medium density residential TN 0.07 0.60 0.16 

TP 0.05 0.44 0.03 

TSS 25.72 0.64 0.01 

 

5.2.6. Statistical analysis of EMCs between land uses 

Statistical tests were performed to assess whether there is a statistically significant 

difference in water quality constituents between five land uses. First, the Shapiro-Wilk normality 

test was applied to assess the normality with the null hypothesis of EMC data follows a normal 

distribution. If the null hypothesis was rejected at a significance level of Ŭ = 0.05, then the data 

were log-transformed, and the Shapiro-Wilk test was applied to check for normality of the 

transformed dataset. Analysis of variance (ANOVA) was applied if the raw data or the log-

transformed data followed a normal distribution since this is an assumption of the ANOVA test. 

The ANOVA test determined whether the EMC means for two or more land uses were 

significantly different (Van Hecke, 2012). The null hypothesis was that the EMC means for the 

five land uses were equal, whereas the alternative hypothesis was that not all means are equal 
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(Armstrong et al., 2002). Since ANOVA test results do not determine which groups (land uses) 

are different from other groups and only indicate that at least one group (land use) differs from 

the others, Tukey's HSD method was applied to distinguish which EMC means were 

significantly different from each other (Abdi and Williams, 2010). 

5.3. Results 

5.3.1. Comparison of EMCs between land uses 

The distribution of the EMCs for the 3 water quality constituents obtained from five 

sampling locations is shown as a box plot in Figure 5.3. The box plots show the minimum, 1st 

quartile, median, 3rd quartile, and maximum values. The minimum, median, and maximum of 

each EMC from each land use are also shown in Table 5.3. Numbers next to the box plots of 

EMCs indicate the median values of EMCs. The box plots indicated that the median TN EMCs 

were the highest for medium density residential followed by commercial and freeways. High 

density residential had the lowest median for TN EMCs. The median TP EMCs were the highest 

for medium density residential followed by commercial. Freeways had the lowest median for TP 

EMCs. Commercial had the highest median TSS EMCs, and freeways had the lowest TSS EMCs 

compared to other land uses. 

The results of the Shapiro-Wilk normality test returned a p-value less than the 

significance level (0.05) for TN, TP, and TSS EMCs indicating that data did not follow a normal 

distribution. However, after the data were log-transformed, the Shapiro-Wilk normality test 

returned a p-value of greater than 0.05 for all EMCs; hence, EMCs were presumed to follow a 

log-normal distribution.  

The results of the ANOVA tests for TSS, TN, and TP are summarized in Table D2 in 

Appendix D. With respect to TN, the results showed that the p-value was greater than the 
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significance level (0.05), thus there was no significant difference between the water quality 

EMCs for the land uses for TN and the mean TN EMC is the same for all land uses (Table D2). 

The p-value for TP and TSS was less than 0.05, thus the null hypothesis was rejected, and it is 

concluded that not all land uses had the same EMC for each water quality constituent of interest. 

Hence, Tukeyôs HSD test was applied for TP and TSS EMCs to assess how each land use affects 

TP and TSS EMCs. The results indicated that EMCs were significantly different by land uses 

(Table 5.4).  

Results of Tukeyôs HSD test for TP showed that commercial and industrial land uses 

share a letter (ab) and freeways and high density residential land uses share a letter (b) indicating 

that 1) commercial and industrial are not significantly different, 2) likewise for freeways and 

high density residential, but 3) there were statistically significant differences between the means 

of commercial and industrial with the freeways and high density residential (Table 5.4). Results 

for TSS showed that commercial and industrial are the only land uses that did not share a letter 

with other land uses indicating they had a significantly different mean than other land uses. 

However, freeways, high density residential, and medium density residential land uses shared a 

letter (b) which states that there were no statistically significant differences between the means of 

these three land uses (Table 5.4).
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Figure 5.3. Box plots comparing EMCs between land uses during the monitoring program for a) TN, b) TP, and c) TSS. Numbers 

next to individual plots in parentheses indicate the median values. 
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Table 5.3. Reported TN, TP, and TSS EMCs in the NSQD and stations in the NSQD that were in the Piedmont physiographic 

province compared to the results of our study. 

Land use TN (mg/l) TP (mg/l) TSS (mg/l) 

Commercial  NSQD 0.218 ï 18.1a (2.08) 0.008 ï 6.3 (0.2) 1 ï 2385 (52) 

NSQD stations within the Piedmont physiographic 

province 

1.13 ï 2.18 (1.69) 0.03 ï 3.35 (0.17) 2 ï 629 (29.8) 

Our study 0.48 ï 3.00 (1.56) 0.06 ï 0.47 (0.14) 14.1 ï 524.0 

(125.5) 

Freeways NSQD 0.696 ï 6.1 (1.58) 0.02 ï 7.191 (0.26) 1 ï 4800 (75) 

NSQD stations within the Piedmont physiographic 

province 

N/Ab 0.07 ï 0.23 (0.15) N/Ab 

Our study 0.29 ï 3.70 (1.50) 0.02 ï 0.16 (0.05) 10.7 ï 218.0 (20.7) 

Industrial NSQD 0.195 ï 15.2 (1.71) 0.02 ï 10.8 (0.23) 1 ï 2490 (72.5) 

NSQD stations within the Piedmont physiographic 

province 

1.63 ï 4.42 (2.31) 0.02 ï 1.9 (0.19) 3.35 ï 586 (44.62) 

Our study 0.69 ï 3.15 (1.44) 0.04 ï 0.63 (0.13) 5.0 ï 286.8 (46.6) 

Residential NSQD 0.204 ï 22.77 (2.95) 0.01 ï 21.2 (0.3) 0.11 ï 4168 (57) 

NSQD stations within the Piedmont physiographic 

province 

0.64 ï 3.38 (2.19) 0.02 ï 19.9 (0.26) 1 ï 4168 (35) 

Our study High density 0.55 ï 3.17 (1.29) 0.04 ï 0.55 (0.13) 2.0 ï 89.9 (48.7) 

Medium density 0.70 ï 3.32 (1.71) 0.13 ï 0.78 (0.21) 8.0 ï 140.1 (43.7) 
a Numbers in parentheses show the median. 

b No data reported. 
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Table 5.4. Results of the Tukey's HSD test for a) TN, b) TP, and c) TSS. Land uses followed by 

the same letter within each column are not statistically significant different (p < 0.05) in terms of 

the means of their EMCs. For instance, medium density residential is the only land use with a 

different letter (a) for TP, which indicates that it had a significantly different mean than other 

land uses. 

 TN TP TSS 

Commercial a *(1.61) ab (0.19) a (155.5) 

Freeways a (1.47) b (0.08) b (58.1) 

High density residential a (1.43) b (0.15) b (46.1) 

Industrial a (1.58) ab (0.19) ab (88.2) 

Medium density residential a (1.70) a (0.29) b (50.0) 
* Numbers in parentheses show the mean values of EMCs. 

5.3.2. Hydrologic calibration results 

The SWMM models for each catchment (related to each land use) were calibrated and 

assessed using flow data at the catchment outlets. Goodness-of-fit was assessed by statistical 

analysis and by plotting the observed versus simulated flows for each station as shown in Figure 

D1 in Appendix D. Results indicate that NSE was higher than 0.6 and PBIAS was lower than 

30% for commercial, freeways, industrial, and medium density residential, indicating there is a 

good agreement between the simulated and observed values for each land use, and SWMM 

simulated stormwater from land uses reasonably well. NSE was higher than 0.5 at high density 

residential indicating a satisfactory model fit. PBIAS was less than 30% in the assessment 

period; however, in the calibration period, PBIAS was lower than 30%. This may stem from the 

malfunctioning sensor at high density residential site, during which, observed flow data were 

estimated using the Rational method. 



 

145 

 

5.3.3. Water quality calibration results 

The chosen values for ὄ , ὑ , and ὑ  as the results of optimizations are shown in 

Table 5.2. Goodness-of-fit was assessed by statistical analysis and by plotting the observed 

versus simulated EMCs at each station. Water quality calibration results for freeways are shown 

in Figure 5.4 and other land uses are shown in Figure D2 in Appendix D. Results indicated that 

R2 was higher than 0.5 and PBIAS was less than 10% for TN, TP, and TSS, indicating perfect 

model fits at freeways (Figure 5.4, a-c). PBIAS was less than 10% for TN, TP, and TSS at 

commercial, high density residential, industrial, and medium density residential land uses 

indicating near-best model fits (Figure D2). However, R2 varied significantly between land uses 

and water quality constituents (Figure D2). At commercial and industrial land uses, R2 for TN, 

TP, and TSS were approximately over 0.50 and PBIAS was less than 30% indicating near-best 

model fits (Figure D2, a and c). At the industrial site, only three events are shown since for these 

three events, more than 70% of the hydrograph was y sampled (Figure D2, c). At high density 

residential, R2 was higher than 0.3 for TN and 0.4 for TP indicating satisfactory model fits; 

however, for TP, R2 was less than 0.4 (Figure D2, b). At medium density residential, R2 was 

higher than 0.5 for TN indicating near-best model fit but was less than 0.4 for TP and TSS. 

 

Figure 5.4. Comparison among predicted versus observed water quality EMCs including a) TN, 

b) TP, and c) TSS at freeways  
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5.3.4. Particle size distribution results 

The particle sizes were different for the land uses (Figure D3 in Appendix D). The 

boxplots shows that the mean particle sizes for commercial, freeways, and medium density 

residential land uses were visually greater than the particle sizes for high density residential and 

industrial. Freeways had the highest median D10 followed by medium density residential and 

commercial. Medium density residential had the highest median D50 followed by freeways and 

commercial. Commercial had the highest median D90 followed by medium density residential 

and freeways. 

5.4. Discussion 

The comparison of median EMCs from our study to the EMCs of the National 

Stormwater Quality Database or NSQD (Pitt et al., 2004) (Table 5.3) showed that for all land 

uses, TN, TP, and TSS EMCs were less than the EMCs from the NSQD except for TSS EMCs 

from commercial land use. This indicates that overall stormwater from urban catchments may 

have reduced concentrations of nutrients and sediment vs. previous assumptions and study 

reports. This could be because of the implementation of the Clean Air Act (Manuel, 2014) and a 

relatively new Virginia state law (Chesapeake Bay Program, 2013), which requires a d reduction 

in TN and TP in stormwater from developed sites in Virginia. TN and TP EMCs from our study 

were also less than the TN and TP EMCs from stations in the Piedmont physiographic province. 

The number of stations within Piedmont physiographic province were 15, 1, 18, and 36 for 

commercial, freeways, industrial, and residential land uses. 

The median TN and TP EMCs were also compared to the aquatic toxicity thresholds from 

the U.S. Environmental Protection Agency (USEPA), 2021. For nutrients, the rivers and streams 

thresholds from the Ecoregional Nutrient Criteria were used which were 0.01- 0.08 mg/L for TP 
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and 0.12- 2.18 mg/L for TN (Balderas Guzman et al., 2022). The median TN EMCs from all land 

uses were less than the threshold of 2.18 mg/L. The median TP EMCs from only the freeways 

was less than the threshold of 0.08 mg/L. The median TP EMCs from all other land uses were 

higher than the threshold. 

The optimized values of ὄ  had wider range of variations compared to ὑ , and ὑ . 

Gorgoglione et al., (2019) found that among sediment build-up/wash-off parameters in SWMM, 

ὄ  was the most sensitive parameter. This is because according to equation 5.14, there is a 

direct effect of EMC with ὄ . The median TSS EMCs were generally one order of magnitude 

higher than TN EMCs and TN EMCs were one order of magnitude higher than TP EMCs for the 

same land use (Figure 5.3). Hence, the ὄ  values for TSS were one order of magnitude higher 

than TN and ὄ  values for TN were one order of magnitude higher than TP (Table 5.2). This 

is consistent with the observed magnitudes of median EMCs for TSS, TN, and TP. 

Boxplots of particle size distributions shows D50 was less than 150 µm for all land uses 

(Figure D3). Miguntanna et al., (2013) and Nayeb Yazdi et al., (2021) showed that the most 

common particle size in stormwater is fine particles (classified as very fine sands and smaller 

grain sizes). Hence, the implemented stormwater control measures (SCMs) should focus on this 

size range by providing filtration and settlement.  

The EMC wash-off approach assumes each land use can be characterized with a single 

EMC value across all events for each water quality constituent. However, our results showed that 

the observed EMCs varied significantly across events (Figure 5.3 and Table 5.3). Previous 

studies also showed that each event has specific rain characteristic that affected EMCs (Behrouz 

et al., 2022b; Liu et al., 2015; Muthusamy et al., 2018). Using the build-up/wash-off relationship 

allows for accounting variations between events for estimating water quality EMCs from urban 
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catchments. Wijesiri et al., (2016) modified the build-up/wash-off relationship by adding the 

fraction of particles less than 150 µm in the equation for urban residential roads. Future research 

could investigate how the build-up/wash-off relationship should be modified for other land uses 

such as commercial, freeways, industrial, and residential sites. 

Heavy metals are primarily associated with fine suspended particles, particularly those 

less than 63 µm (Balderas Guzman et al., 2022). Even though we did not monitor heavy metals, 

it could be possible that the monitored stormwater in our study had heavy metals. Future research 

could also be conducted in the City of Fredericksburg, VA to determine the presence of heavy 

metals in runoff. 

As more water quality data will become available from the selected catchments (from 

January 1, 2022, until April 1, 2022), they will be imported to the equation 5.14. The updated 

build-up/wash-off parameters will be imported into the calibrated SWMM models which could 

then be used to estimate the total mass load in (kg/yr./ha) from the selected catchments based on 

which SCMs are designed.  

Previously, OSTRICH-SWMM was used for automatic calibrations of watershed scale 

models (Behrouz et al., 2022a, 2020; Macro et al., 2019; Torres et al., 2022). Our study showed 

that OSTRICH-SWMM can also be used for automatic calibration of catchment scale models.  

5.5. Conclusions 

This study examined and analyzed the water quality characteristics of stormwater 

constituents including TN, TP, and TSS from five land uses (i.e., commercial, freeways, high 

density residential, industrial, and medium density residential). The median TN, TP, and TSS 

EMCs from all land uses followed a log normal distribution and were less than the median EMCs 
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from a national database demonstrating that current stormwater at the five monitored locations is 

cleaner than the previously reported national average. If stormwater control measures will be 

implemented at the monitored sites, their designs should be based on the monitored EMCs. 

Results of statistical analysis showed that there were no statistically significant differences 

between the means of TN EMCs from all land uses. However, there was statistically significant 

difference between the mean of TP EMCs from the medium density residential and other land 

uses, probably due to the amount of fertilizers added to green spaces at the medium density 

residential site. There were no statistically significant differences between the means of TP 

EMCs from commercial and industrial. Also, no statistically significant differences were 

observed between the means of TP EMCs from freeways and high density residential. 

Commercial and industrial had significantly different means of TSS EMCs than other land uses. 

Asphalt erosion and construction and industrial activities could have contributed to the originated 

sediments at these two sites.  

Automatic calibration results showed that SWMM model was able to simulate 

stormwater quantity from contributing homogenous catchments reasonably well. The build-

up/wash-off relationship was successfully applied to simulate stormwater quality. However, the 

build-up/wash-off relationship may need to be modified by adding other parameters such as 

particle size distribution. This study monitored five types of land uses for a one-year period. 

Future studies are expected to monitor more land uses for a longer time period to further refine 

the results of this study. Moreover, other water quality constituents such as heavy metals may 

need to be monitored as well. 
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Chapter 6. Conclusions and Future Research Needs 

6.1 Key findings 

This research was focused on improving predictions of stormwater quantity and quality 

through applying modeling and data analysis techniques from national to catchment scales.  

First, in Chapter 2, BNSL was applied to a national stormwater quality database and the 

effect of climatological and catchment characteristics on stormwater quality EMCs was 

investigated. Land use was found to be the most important factor affecting stormwater quality 

EMCs. Precipitation depth and duration affected TN, TP, and TSS. Slope affected TSS and 

Ortho-P; however, TN was not affected by slope. Climatological characteristics affected 

dissolved nitrogen and phosphorus. The results also indicate that each stormwater quality 

constituent is different in terms of potential sources and transport processes depending on the 

land use. For instance, climatological characteristics had different effects on stormwater quality 

EMCs depending on the dominant land use, so, at commercial sites, climatological 

characteristics affected TN more compared to residential sites. In addition, potential sources of 

variability in nutrients and sediment concentrations in stormwater from selected land uses were 

determined. Atmospheric deposition from fossil fuel burning and emissions were assumed to be 

the major sources of TN at freeways and industrial sites, while chemical fertilizers were 

presumed to be the main source of TN at residential and commercial sites (Behrouz et al., 2021, 

2022d). 

In chapter 3, RF was applied to a national database to predict TN, TP, TSS, and Ortho-P 

EMCs and the variables were ranked based on the variable importance metric within RF. The 

results showed that model performance was low when only land use and ADP were imported to 

RF models as inputs. Including precipitation and catchment characteristics significantly 
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improved the performance of the RF models developed for predicting TN, TP, TSS, and Ortho-P 

EMCs. Similar to chapter 2, land use was found to be the most important factor affecting 

stormwater quality EMCs. Precipitation characteristics were found to the more effective on TN 

than TP, TSS, and Ortho-P EMCs. However, site characteristics such as slope and catchment size 

seemed to be more important parameters affecting TP, TSS, and Ortho-P EMCs than TN EMCs. 

Hence, precipitation characteristics should be given more weight for predicting TN EMCs than 

TP, TSS, and Ortho-P EMCs. But site characteristics such as slope and catchment size should be 

given more weight than precipitation characteristics and ADP for predicting TP, TSS, and Ortho-

P EMCs (Behrouz et al., 2022b, 2022c).  

In chapter 4, OSTRICH-SWMM, an automatic calibration tool for SWMM, was applied 

to a case study urban watershed in Fairfax, VA. The ability of SWMM to predict stormwater 

quantity was assessed by independently calibrating to a dry and wet year. The model developed 

using SWMM calibrated to a wet year performed better in the model assessment period. The 

results also showed that the water budgets significantly differed between the dry and wet years. 

SWMM model parameter sets that were equally good in terms of model performance were 

generated by using OSTRICH-SWMM which assisted in evaluating the uncertainty in SWMM 

model parameter estimation. Some parameters, e.g., % effective imperviousness, exhibited an 

expanded posterior probability distribution, increasing uncertainty of the parameter estimate. 

However, other parameters, such as Manningôs roughness coefficient for streams were well-

defined, exhibited narrower posterior probability distribution. Further, the optimal values of 

SWMM parameters differed significantly between dry and wet years suggesting that although the 

processes and mechanisms driving hydrologic processes in dry and wet years are similar, their 

magnitude differs greatly (Behrouz et al., 2022a).  
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In chapter 5, a monitoring and modeling study was conducted for assessing the role of 

land use on stormwater quantity and quality and optimizing the build-up/wash-off parameters for 

multiple urban land uses for TN, TP, and TSS. Stormwater was sampled from five homogenous 

(with respect to land use) from commercial, freeways, high density residential, industrial, and 

medium density residential sites using automatic samplers during storm events. Stormwater 

quality was characterized for a variety of storm events over the course of a year. The median TN, 

TP, and TSS EMCs from all land uses were less than the median EMCs from a national database 

suggesting that current stormwater might be cleaner than the previously reported and utilized 

national average values, possibly due to changes in practices since the time sampling was 

conducted for the national dataset. The results showed that medium density residential land use 

had the highest median TN and TP EMCs and commercial had the highest median TSS EMCs. 

Build-up/wash-off parameters exhibited significant variability between the land uses, confirming 

that land use affects stormwater quality. This finding was consistent with the results of chapters 2 

and 3. The median particle sizes for all land uses were less than 150 µm which showed the most 

common particle size in stormwater was fine particles (classified as very fine sands and smaller 

grain sizes) which needs to be considered by stakeholders in treatment of stormwater as many 

water quality constituents are associated with fine suspended particles, particularly those less 

than 63 µm.  

Collectively, these studies take an important step towards understanding stormwater 

quantity and quality from urban catchments. Nonetheless, future work is needed to improve our 

overall understanding of modeling, monitoring, and analysis of stormwater from urban 

watersheds. 
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6.2 Suggestions for future research 

The research findings presented here provide evidence that can be useful for better 

understanding stormwater quantity and quality from urban watersheds. However, suggestions are 

provided to aid future studies in effective modeling and monitoring:  

1. EMCs have also been linked to urban forms and anthropogenic activities (Liu et al., 

2015). Future research on case studies could focus on how anthropogenic activities and 

urban forms affect stormwater quality EMCs. Monitoring runoff from various catchments 

with different anthropogenic activities can explain variability in nutrients and sediment 

EMCs across different catchments with the same land use. In addition, some studies have 

found percent effective imperviousness to be a better parameter explaining the variability 

in EMCs than %Imp (Ebrahimian et al., 2016; Epps and Hathaway, 2021). However, 

since in the NSQD dataset, percent effective imperviousness was not provided for all 

catchments, %Imp was used. Information on urban forms and anthropogenic activities 

could not be retrieved from the NSQD dataset as data have been gathered from over 300 

case studies conducted under different conditions, i.e., different anthropogenic activities. 

It is expected that considering parameters such as percent effective imperviousness, urban 

forms, and human activities would have explained the variability in the EMC estimates.  

2. Moriasi et al. (2015, 2007) provided model evaluation guidelines; however, the 

recommended guidelines applied to case studies where all data were monitored from one 

watershed, while in Chapter 3, data were gathered from many stations (314 stations) 

across the U.S. Future research could also focus on providing model evaluation 

guidelines, such as acceptable positive values for NSE for studies where monitored data 

are gathered from different case studies. 
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3. The methodology developed in Chapter 4 could be expanded in future studies to the 

implementation of SCMs, including both storage and LID practices in SWMM. Various 

SCM parameter sets that result in comparable costs and treatment of urban runoff could 

be used to evaluate the uncertainty in estimating SCM parameters within SWMM. In 

addition, the OSTRICH-SWMM tool can be expanded to also perform calibration for 

water quality using optimization with SWMM. 

4. Wijesiri et al., (2016) modified the build-up/wash-off relationship for particulate solids 

by adding the fraction of particles less than 150 µm in the equation for urban residential 

roads. Future research could investigate how the build-up/wash-off relationship should be 

modified for other land uses such as commercial, freeways, industrial, and residential 

sites. Each stormwater quality constituent is different in terms of potential sources and 

transport processes regarding stormwater which means the modified build-up wash-off 

equations would be different for each stormwater quality constituent. 

5. Future studies are needed to monitor a greater number of sites with the same land uses for 

a longer time periods to further refine the results of chapter 5 (i.e. monitor stormwater 

quantity and quality from several residential sites in the City of Fredericksburg, VA). 

Moreover, future research could also monitor other constituents not included in this 

study, such as heavy metals, in the City of Fredericksburg, VA.  
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Appendices 

Appendix A 

Table 5 BN scores for optimal BN structures 

Stormwater quality 

constituents 

Figure number Class 1 

(>650) 

Class 2 

(400< 

<650) 

Class 

3 

(<400) 

BN 

score 

TSS Figure 2.2a ṉ   -121,454 

TN Figure 2.2b ṉ   -109,598 

Ortho-P Figure 2.2c  ṉ  -20,599 

TP Figure 2.2d ṉ   -104,178 

TN Commercial Figure 2.3, Commercial ṉ   -22,987 

Freeways Figure 2.3, Freeways   ṉ -4,536 

Industrial Figure 2.3, Industrial  ṉ  -14,884 

Institutional Figure 2.3, Institutional   ṉ -6,912 

Open Space Figure 2.3, Open Space   ṉ -4,070 

Residential Figure 2.3, Residential ṉ   -46,706 

TP Commercial Figure 2.4, Commercial ṉ   -22,739 

Freeways Figure 2.4, Freeways   ṉ -4,621 

Industrial Figure 2.4, Industrial  ṉ  -12,690 

Institutional Figure 2.4, Institutional   ṉ -7,377 

Open Space Figure 2.4, Open Space   ṉ -3,916 

Residential Figure 2.4, Residential ṉ   -43,468 

Ortho Commercial Figure A7, Commercial   ṉ -4,568 

Freeways Figure A7, Freeways   ṉ -3,629 

Industrial Figure A7, Industrial   ṉ -2,073 

Institutional Figure A7, Institutional   ṉ -1,382 

Open Space Figure A7, Open Space   ṉ -1,123 

Residential Figure A7, Residential   ṉ -4,694 

TSS Commercial Figure 2.5, Commercial ṉ   -28,393 

Freeways Figure 2.5, Freeways   ṉ -4,543 

Industrial Figure 2.5, Industrial  ṉ  -5,314 

Institutional Figure 2.5, Institutional   ṉ -5,314 

Open Space Figure 2.5, Open Space   ṉ -4,557 

Residential Figure 2.5, Residential ṉ   -53,088 



 

161 

 

Stormwater quality 

constituents 

Figure number Class 1 

(>650) 

Class 2 

(400< 

<650) 

Class 

3 

(<400) 

BN 

score 

TN Rain zone 1 Figure 2.6a   ṉ -5,789 

Rain zone 2 Figure 2.6b ṉ   -33,149 

Rain zone 3 Figure 2.6c ṉ   -10,273 

TP & 

TSS 

Rain zone 1 Figure 2.6d   ṉ -6,952 

Rain zone 2 Figure 2.6e ṉ   -39,306 

Rain zone 3 Figure 2.6f ṉ   -12,390 

 

Table 6 Results of a) ANOVA and b) Tukeyôs HSD test between three classes 

a) ANOVA 

test 

Degree of 

freedom 

Sum of 

squares 

Mean square F-value P-value (>F) 

Between groups 2 1.556 * 1010 7.780 * 109 14.06 4.25*10-5 *  

Within groups 31 1.716 * 1010 5.535 * 109   

Total 33 3.272 * 1010    

b) Tukeyôs HSD test Classes P-value 

 1 and 2 0.03* 

 1 and 3 0.00003* 

 2 and 3 0.78 

*p-value is less than 0.05, indicating a significant difference between the two classes. 

  



 

162 

 

Table 7 The number of stations for various physiographic regions and land use including 

commercial, freeways, industrial, institutional, open space, and residential for stormwater quality 

constituents of interest.  

 TN 

Physiographic Regions Commercial Freeways Industrial Institutional Open 

Space 

Residential 

Appalachian Highlands 13 2 16 1 3 36 

Atlantic Plain 18 1 18 3 6 43 

Interior Plains 20 4 13 3 3 32 

Intermontane Plateaus 2 0 5 0 1 3 

Pacific Mountains 4 14 4 1 1 10 

Rocky Mountain System 0 0 0 0 1 0 

 TP 

Physiographic Regions Commercial Freeways Industrial Institutional Open 

Space 

Residential 

Appalachian Highlands 15 2 15 1 3 38 

Atlantic Plain 18 1 18 3 6 43 

Interior Plains 20 4 13 3 3 32 

Intermontane Plateaus 2 0 5 0 1 3 

Pacific Mountains 4 15 4 1 1 10 

Rocky Mountain System 0 0 0 0 1 0 

 TSS 

Physiographic Regions Commercial Freeways Industrial Institutional Open 

Space 

Residential 

Appalachian Highlands 15 2 12 1 4 41 

Atlantic Plain 20 1 20 2 6 43 

Interior Plains 20 4 13 3 3 32 

Intermontane Plateaus 2 0 5 0 1 3 

Pacific Mountains 4 10 4 1 1 10 

Rocky Mountain System 0 0 0 0 1 0 

 Ortho-P 

Physiographic Regions Commercial Freeways Industrial Institutional Open 

Space 

Residential 

Appalachian Highlands 5 2 2 0 1 9 

Atlantic Plain 2 1 2 1 1 2 

Interior Plains 2 4 2 1 0 0 

Intermontane Plateaus 0 0 0 0 0 0 

Pacific Mountains 1 8 1 0 0 1 

Rocky Mountain System 0 0 0 0 1 0 
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Figure 5A typical catchment for each homogenous land use including: commercial, freeways, industrial, institutional, open space, and 

residential. The median catchment size for commercial, freeways, industrial, institutional, open space, and residential sites are 37, 2, 

35, 18, 74, and 50 hectares, respectively. 
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Figure 6 Approximate geographic boundaries for NRCS rainfall distributions. 
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Figure 7 Boxplots showing climatological characteristics including a) D, b) ADP, and c) P for various rain zones. The number of 

events in Rain Zone 1, Rain Zone 2, and Rain Zone 3 is 458, 2431, and 718, respectively. The median values are shown in 

parentheses. Median precipitation intensity in mm/min for rain zones 1, 2, and 3 are 0.037, 0.039, and 0.054, respectively.
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Figure 8 Boxplots showing BN scores for optimal BN structures in each class. Class 1 are BNs with number of storm events greater 

than 650, class 2 are BNs with number of storm events between 400 and 650, and class 3 are BNs with number of storm events 

smaller than 400.



 

167 

 

 

Figure 9 Boxplots showing variations in concentrations of a) TP, b) Ortho-P, and c) TSS between land uses including commercial, 

freeways, industrial, institutional, open space, and residential.  
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Figure 10. Boxplots showing site characteristics including a) AWC, b) Ksat, c) Imp, d) A, and e) S for various land uses including 

commercial, freeways, industrial, institutional, open space, and residential. The number of stations for commercial, freeways, 

industrial, institutional, open space, and residential is 62, 28, 59, 9, 17, and 139, respectively.  
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Figure 11 Optimal BN structures for TP, Ortho-P, and TSS for six land use including commercial, freeways, industrial, institutional, 

open space, and residential. Directed arcs represent causality relationships and undirected arcs represent correlations between 

variables. Stormwater quality constituents and selected variables are shown with gray and white color circles, respectively. P: 

precipitation depth, D: precipitation duration, ADP: antecedent dry period, S: Slope, Imp: percent imperviousness, A: catchment size, 

AWC: available water capacity, Ksat: saturated hydraulic conductivity.
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Figure 12 Boxplots showing variations in concentrations of a) TN, b) TP, and c) TSS between rain zones. The median values are 

shown in parentheses. 
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Figure 13 Boxplots showing variations in concentrations of a) NO2-N/NO3-N, b) TKN, and c) TN between land uses including 

commercial, freeways, industrial, institutional, open space, and residential. 




























