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Abstract

Urbanization alters land cover by increases in impendoeas, resulting in large
increases in runoff, sediment, and nutrient loadings downstiBEa@se changesuseflooding,
eutrophication, and harmful algal blooms. Stormwater control measures (SCMs) are used to
address these concerns and are designed baseflow loads. Thus, estimating nutrient and
sediment loads from developed watersheds is vitally important for méleéingpacts of
urbanization Today, stormwategventsarecharacterized mainly by watershed models using
little, if any, actual fieldmonitoring dataThe simple event mean concentrati&C) washoff
approach by land use is a common practice used by practitioners for estimating loads. Pollutants
accumulate on surfaces during dry periods, makikig a function of antecedent dry period
(ADP). An EMCrresults from wasioff of accumulated pollutants from catchment surfaces
during runoff eventsHowever, it assumes concentration is constant across events from a
particular land use and several studies fblittie to no correlation between constituent
concentrations in stormwater aA®P. Build-up/washoff equations were developed to account
for variation of concentrations between events; howekierequiredparameters are difficult to
estimate. This stydapplied machine learning approaches with a national datiasef with
monitoring and modeling studies at watershed scales to improve predictions of stormwater
guantity and qualityFirst, 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 wignily affectstormwater
guality. Second, we developed and applied Random Forest (RF);@ridatamethod, to predict
nutrients and sedime&MCsin urban runoff. Third, we applietie Storm Water Management
Model (SWMM),awidely used urban watersheddel, 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 assesedrole of land use on stormwater quantity and quadigptimize

and investigate the buHdp/washoff parameters for multiple urban land uses for nutrients and
sediment. The results presented in this dissertation can help stakeholderplambars, and

SCM designers improve estimates of nutrients and sediment loads and thus mcheve

effective treatment of stormwatdretterattain water quality goals, and protect downstream

waterbodies.
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General Audience Abstract

Urban developmenesults in increaseddardscapes (impervious surfaceghjch
increagsrunoff and subsequent pollution fronutriens and sediment carried off land surfaces.
This negatively impagthe health of receiving streams, lakes, rivers, and estuAnesiety of
management practicese available foreducing these impacts. Practice siziedased orthe
water quantity and quality it will receiv@hus, estimatinghe quantity ohutriens and sediment
from developedireass crucialto meetwater quality goalsHowever, designs of stormwater
management practices typically use historical data based on land use; rather than conducting new

monitoring studies to determine actual pollution bad

Event mean concentratioENC) is a commomethodusedto estimaé washoff of
pollutants from the landPollutants accumulate on surfaces during dry periods, m&@a
function of antecedent dry perigdDP) which is the time betweestormevents An EMC
results from wasloff of accumulated pollutants froorban areaduringa stormevent
However,EMC assumegpollutantconcentration is constant acr@syy stormevent from a
particular land useSeveral studies found little to no correlatibetweemutrients and sediment
concentrations in stormwater aA®P. Build-up/washoff equations were developed to account
for variability of concentrations betweatormevents; howevethere areseveral parameters

that are difficult to estimat&his study applied machine learning approaches to a national



stormwater quality dataset and condugctezhitoring and modeling stigbk at progressively

smaller scaleto improve the predictions of stormwater quantity and quality.

First, we obtainedtsrmwater quality data from the National Stormwater Quality
Database (NSQD), which is the largest data repositoitg ofpein the U.S, and usedayesian
Network Structure Learner (BNSLA machine learning method,dscover which
climatological or cechment characteristics most significantly affect stormwater qu&égond,
we developed and applied Random Forest (RF), also a machine learning method, to predict
nutrients and sedimeBMCsin stormwater. Third, we applied tis#¢orm Water Management
Model (SWMM), which is the most widely used rainfall/runoff model, to an urban area and
assessethebest fit estimates of SWMM parameteéising dry and wet years. Last, we
conducted a monitoring and modeling stadymaller scaleand assessed the rolelafd use on
stormwater quantity and quality aedtimateduild-up/washoff parameters for multiple urban
land uses for nutrients and sedimesing optimizationThe results presented in this dissertation
can helpstakeholdersurban planners, and storrater practicelesigners improve estimates of
the quantity ohutrients and sedimeit stormwater, achievmoreeffective treatment of
stormwaterattainwater qualityimprovemengoals, angrotectthe health of receiving streams

anddownstream watdrodies
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Chapter 1.  Introduction

Urbanization isassociated witthe spatial reistribution ofdispersegopulatiors into
clusters; and the development of structures and transportation corridors to serve that population
(Paul and Meyer, 2001YJrban development generates impervisugaces for parking, streets,
and buildings, resulting in decreased infiltration, increased runoff peak and volume, eroding
stream beds and banks, and increasing the transpmtiatfants downstrearfYazdi et al.,
2021) Of particular concern is the increased transport of nutrients and sedivherft cause

eutrophication and harmful algal blooms downstréBehrouz et al., 2020; Lintern et al., 2020)

In urban environments, stormwater control measures or SCMs are being implemented to
improve wagr 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 arméducing runoff volume to restore natural hydrology, a
holistic set of practices known as low impact development (LIP)r i nce Geor geods
1999) or green infrastructure (GIl) when viewed on a Citywide gtaleand Jensen, 2018)ID
led to a new group 3CMs (e.g., bioretention, greemofs, etc.) that use multiple processes
including infiltration, planhutrientuptake, and evapotranspiration to mitigdeimpacts of
urban developmerftiu et al., 2016) Estimates of inaming loads frondirectly contributing

urban watersheds determine the size and cdstafSCMs(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. ERAdet

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 (NRB$.C., 1977)The NURP study
consisted of monitoring runoff quality from small, homogenous (with respect to land use)
catchmentgSmullen et al., 1999; U.S. EPA, 1983he NURP study monitored approximately
2,300 statiorstorm events for 81 urban subcatchments in 28 communities throughout the U.S.
Since the completion of NURP, sal other stormwater monitoring efforts have been

conducted across the U.S. The United States Geological Survey (USGS) monitored
approximately 1,100 statiestorm events from 98 urban subcatchments in 20 communities from
the early througlhe mid-1980s. Additionally, approximately 800 statistorm 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 a@zes a larger exterdf the U.S A later study, the

National Stormwater Quality Database (NS@Bixt et al., 2018, 2004jeveloped under the

direction of Dr. Robert Pitt of thUniversity 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 giathin the U.S., as

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

Stormwater quality is highly variabieith regards to nutrients and sediment
concentrationgTuomelaet al., 2019)Previous research on case studies have found that
stormwater quality depends upon factors such as Land UsgAtttp and Reddy, 2013;

Goonetilleke et al., 2005; Pai and Saraswat, 2Qdr@kipiation intensities, duration, and volume



(Brezonik and Stadelmann, 2002pcioeconomic facto8orris et al., 2016)and external

sources upwind that affect aerial deposii{Pacyna, 2008)

The statistical analysis tfhe NSQD showed that LU was the most important factor
affecting stormwater qualitgs stormwater quality differences likely stem from anthropogenic
activities unique to each L{Liu et al., 2015)For instance, excessive fertdizuse in green
spaces of residential and park land uses may result in higher phosphorus in stof¥azaliest
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 sourvespigous in

stormwatel(Lee et al., 2016; Muller et al., 2020)

Besides LU, the statistical analysis of NSQD data showed stormwater quality also varied
based on the six main geographieions(dividing theU.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 precipitati@ctenetics. Case
studies(Behera et al., 2006; Muthusamy et al., 2(8Baw et al., 201®lso 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) developedeby. .. EPA is the
most commonly used watershed model applied to urban @iees et al., 2017; Rossman,
2015;U.S. EPA, 2021)SWMM is used for flooding analys{Ma et al., 2022)water quality
predictiongGorgoglione et al., 2019¢valuating e impacts of urbanizatiqfyazdi et al.,

2021), and assessing the effectiveness of SCMamdari and Samp)e019; Nayeb Yazdi et



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 LUmredipitation characteristics.
However, there is a lack of information on using data from a national scale and including
precipitation and catchment characteristics tdftherinvestigate the most influential
parameters affecting stormwater quality #Adpredict stormwater quality based on the most
influential parameters. Furthmaore 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 simulatingd y and wet hydroclimatic conditions and
parameters for multiple urban land usés given locatioffor nutrients and sedimenthe main
contributions of this research ahe analysis ofstormwater quality from aational perspective
which thenguideda monitoring and modeling program of stormwater quantity and quality at
catchment scasgo verify findings. This dissertation is organized to address the following main

goals and objectives.

Great Lakes




Figure 1.1. NSQD datacategorized bgix maingeographicalocations, adopted froifPitt et al.,

2018)

1.1. Goals and Objectives
The goal of this research is to impegwedictions of stormwater quantity and quality
through applying modelingnonitoring,and data analysis techniques from national to catchment

scales. To accomplish thg®al, the following primary objectivasereexplored:

1. Investigae the relevant sources and factors affecting event mean concentr&i@s) (
of nutrients and sediment in stormwater through using a national database and a machine
learning approach.

2. Predct nutrients and sedimeBMCsin stormwater through using a national database and
a machine learning approach.

3. Improve stormwater quantity predictions during wet and dry yeatiseatatchment scale
through using SWMM and an automatic calibration tool.

4. Critically assesghe role of land use astormwater quality, and estimatimgtrients and

sediment buileup/washoff parameters from specific land uses.

1.2. Dissertation Organization

This dissertation is composed of six chapt€tsapter ldiscusses stormwater quantity
and quantity concerns in urban areas in Qlsapters 2 are allocated tthe aforementioned
objectives of this research. All these four chaptess)([@ave been published are intended to
besubmitted for publication in pereviewed journals. The author of this dissertation was the
lead author on all four manuscripts. Chapter 6 contains the overall conslofktbis research

and summarizes research needs
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Abstract

Urbanizationincreases runofgediment, and nutrient loadindewnstreamcausing
flooding, eutrophicationand harmful algal bloom&tormwatercontrol measures (SCMs) are
used to address thesencernsaandaredesigned based anflow loads Thus estimating nutrient
and sediment loads is important for meeting restoration objecBadisitants accumulate on
surfaces during dry periogsmakingEvent Mean ConcentratioEKIC) a function of antecesht
dry period(ADP). An EMC results from wasloff of accumulated pollutants frooatchment
surface during runoff eventslowever, several studiésundlittle to nocorrelation between
constituentoncentrationi stormwaterandADP. The objective of this study is t@rify this
finding anddiscoverwhich climatological or catchment characteristmsstsignificanty affect
stormwatequality. Stormwaterquality datavereobtained from the National Stormwater

Quality Database (NSQDWhich is the largedatarepositoryof stormwateiquality datan the


https://doi.org/10.1016/j.scitotenv.2022.154368

U.S. Bayesian Network Structure Learner (BN8lasused tcassesshe relationshipbetween
catchment characteristicsjmhtological information, angtormwaterquality for selectedand
uses. Given the optimal BN structure, it was determined which parameitestaffect
stormwater qualitfeMCs The results demonstrateatboth catchment and rain characteristics
affected stormwater qualigMCs. Among catchment characteristiles)d use I(U) was the
most important factoand catchment size was the le&ecipitation depthR) and duration[D)
affected TotaPhosphoru¢TP), Total Nitrogen (TN), and Total Suspended Solids (TSS). This
indicated that it is likely tha® andD had a greater influence on stormwater quatityrethan
ADP. P, D, andADP affected the dissolved constituents of TN (i.e..NMNO3-N) ard TP (i.e.
Ortho-P). Compared to other factors (iRrandD), the effect oADP on TSS was negligible.
Stormwater qualitfeMCs related to nitrogen were not affecteddagchmenslope(S)

However, TSS and OrthB were influenced b$
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2.1. Introduction

Urbanrunoff qualityhaslong beenassociated withkand usgLU) [e.g.commercial
freewaysandresidentidl (Arora and Reddy, 2013; Pai and Saraswat, 201®an development
generatesmpervious surfaces for parking, streets, and buildiregultingin decreased
infiltration, increasedunoff peak and volume, eroding stream beds and banks, and increasing the
transport of pollutants downstregidayeb Yazdi et al., 2019Df particular concern is the
increased transport aftrogen,phosphorusand sedimentvhich causesutrophication and
harmful algal bloom# sensitive receiving water bodi@Behrouz et al., 2020; Lintern et al.,
2020) Water quality differences likely stem from activities unique to éactl usgLiu et al.,

2015).

A key element of managing urban stormwater quadithe use of stormwater control
measure$SCMSs) also known as structural best management practices (BWirsilesigrof
SCMsis based onnflow pollutant loadgAskarizadeh et al., 2015; Lintern et al., 2020)e
simpleEMC washoff approach by land use/hich assumes concentration is constant over the
storm for each land usis,a common practice used by practitioners for estimating pollutant loads
(Perera et al., 2021a)he EMC washoff approachs favored over instantaneous concentrations
due to two reasons: (1) instantang@oncentrations are highly variable in time wikMCis an
eventbasedcharacteristic in terms of stormwater qua(ierera et al., 2021a@gnd (2)EMC s

oftenthemainparameter used for designingriousSCMs(Liu et al., 2015)

Pollutants accumulabn surfaces during dry perigdaakingEMC a function of
antecedent dry perigdhDP). An EMC results fromthewashoff of accumulategbollutants from

the land surface during runoff eveliiéayeb Yazdi et al., 2021)
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Several studies have found little to no correlation betvi#M@s for eachrespective land
useandADP, bringing into question theffect of ADP on stormwater qualit£MCs (Gaut et al.,
2019; Gorgoglione et al., 2019; Nayeb Yazdi et al., 2021; Sun et al.,. 20 &6ldition,ADP did
not exhibitaclose correlation with othelimatologicalcharacteristics such @secipitation
depth(P) and duratior(D); thus,it is oftentreatedasanindependenvariable(Alias et al., 2014)
Shaw et al.(2010)found precipitationcharacteristictike intensityandD significantly affect
stormwatequality, but not ADP. Muthusamy et al2018b, 2018ajlemonstratedorroborating
evidencehrough laboratory experimerttsatstormwateiquality was related texternal drivers
such agrecipitationintensity and surface slofg), and recommendecbnsideringhemfor
estimation of water qualitfAlias et al., 2014)Behera et al., (2008howed thaEMCscan be

analytically expressed as a function of the precipitation characteristics.

Previous studies have been limited to case studies or rainfall simul@fiotiaisamy et
al., 20Ba, 2018b; Nayeb Yazdi et al., 2021; Shaw et al., 2010; Wang et al., 2bl8)data for
this studyutilized the National Stormwater Quality Database (NSt et al., 2004a, 2004b)
(Figure2.1) which is the largest repository of its type in the Bploringresults froma
national databasenproves the method @ireviousstudies making the results more general
Composite samples were collected during storm events and were analyzed for various water
guality constituents including Total Suspended Solids (TSS), PbtadphorugTP), Soluble
Phosphorus, Total Kjeldahl Nitrogen (TKN), Nitrate (NR), Nitrite (NO>-N), and Total
Nitrogen (TN). A key assumption governing the NSQD was that the runoff from each land use
canbe characterized by a sin@C. Preliminary statistical analysan data from theNSQD
has been performed Ritt et al., 2004asingclustering and principal component analysis

(PCA) to identifythe effect ofparametersn EMCs Pitt et al. (200%indicated that the results of
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the PCA analysis should be considered preliminargnisa limited number ofvariables such
asP, catchment size ok, andpercent imperiousness lonp wereassessedCA results

indicated strong relationships betwdeand TN and THEMCs Pitt et al. (2018, 2004)Iso

found significant differenes between stormwater qualEjvCs of various land uses by using the
nonparametric KruskaWallis oneway ANOVA, analysis of varianc®itt et al. 2004)

indicated that the missing information, particulaztchmentharacteristics, limits the ability to
fully explore the relationship betweémnp, S, and other parameters affectistgrmwaterOur
studycompletes the missing information in th&lSQD dataset and investigatghich

parameters, climatological characteristasd/orcatchmentharacteristics, are affectimgich

targetedstormwater qualitfeMC for aparticular urbamand use.

To identify relationships betweestormwateirelatedvariables, a dtadriven approach
that implemerd machine learning algorithms neededWang et al., 2019Bayesian networks
(BNs) are a widely used machine learning method tlaaproven to bea powerfultool for
complex problems in various disciplines such as medicine, system reliability, and environmental
assessmerfteu and Bui, 2016)hence, it was selectéar this study Moreover, BN<an be
employed to direct expert knowledgeNd®SD inputs and set model dependencies among
random variablefHung and Hobbs, 2019; Perera et al., 2021b; Sambito et al., 2018; Scutari,
2010) This is achieved btheuse ofDirected Acyclic Graphs (DAGSs) which a set of random
variables makes up the nodes of the network and arcs represent direct influence between nodes
and parent nodeBayesian Network Structure Learner (BNSL) algorithwisich arenow freely
available(Marco and Ness, 2020; Scutari, 20&63a possible, widely aptablemethod to
structureandoptimizeBNs to identifythe importance oflimatological and catchment

characteristiceon stormwateiquality within eachurban land use
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Datadrivenapproachebave alsobeen appliedor estimationin environmental research
areassuch agredictingsediment yieldSingh et al., 2017¥ecal indicator bacteria
(Vijayashanthar et al., 201,8)ollutant fird flush in stormwate(Perera et al., 2019and effluent
water quality parameters fromastewatetreatnent(Sharafati et al., 2020These studies
estimate water quality based on tlefinedmain driversinvestigating stormwater quality data at
the catchment scale for various climatic conditions and BNSL algorithms will determine which
parameters have the greatest effect on stormwater gaiGs. The optimal BN structure for
each land use determinepttie most prevalent forms of nutrients, and (ii) potential sources of

nutrients and sediment.

The objectives of this study are to 1) investighteeffect ofclimatologicaland
catchment characteristics sadiment and nutrient®ncentrationn stormwater from
homogenousirbanland uss, 2) determine potential sources of nutrients and sediment in
stomwaterfrom selecedland uss, and 3)assesshe most prevaleriborms of nitrogen and
phosphorugn stormwaterby land useOur main tools fothe pursuit of these objectives are the

NSQD and BNSL.
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Figure 2.1. Location of stornwaterquality monitoring stations withimainphysiographic

regionsof 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 (NS@®it et al., 2004)s currently the
most definitive and comprehensive source of stormwater quiigin the U.S. The NSQD
reportsEMCs for various stormwater quality constituents, climatologicalcatchment
characteristics, and providsik land use classes, including commercial, freeways, industrial,
institutional, open space, and residential. The location of the monitoring sfationthe NQSD
with respect tdhe physiographic region is shown in Figltd and a typical catchment for each
homogenous land use is shown in Figliiein Appendix A As of 2021, stormwater quality has
been characterized and archived for over 5,000 stwents from approximately 300
homogenous (with respect to land use) urban catchr(feititet al., 2004)The NSQD study

usedthe 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 storntE8Emias

calculated as:

0006 — = (eq.2.1)

whereM is the mass of pollutants (mgy;is the total volume of runoff (L)Qi is the runoff
guantity within each time interval (L/SJ is the pollutant concentration within each time
interval (mg/L);Vi is the volume of runoff withirach time interval (L )andgis the time
interval of the incremental sample (s€)e NSQDEMCsare widely used in the U.S. to

estimate pollutant loadings from specific land uses.

The 308 stations of theSQD utilized hereinhave monitored deast one of the
constituents of interesivhichinclude TN, TP, and TSSTN is thetotal concentration ofTKN
(Total Kjeldahl Nitrogen)consisting of organic nitrogen (OrgaNg and ammonia (NkIN)
(Carter and Gregorich, 200 PlusNO3z-N andNO>-N. TPis the sum 0b r tphosphorus
(Ortho-P) andorganicphosphorugOrganicP) (U.S. EPA, 2012)A homogeneoutand use
classificationhereinis definedaswhen ovei85%of a catchment areafiom oneland useThis
stepwasperformedo filter outsites withmixed land usewhich are presenh the NSQD Each
storm event in the NSQD includel or a portion of theatchmentandclimatological
characteristicsCatchmentharacteristics includ®, Imp, andLU. Climatologicalcharacteristics
includeprecipitationstart and end dateme, (P), andcalculatedADP. When theNSQD
paraneterset wasncomplete, a extensive effortvasundertakerio supplementhe missing
information.The completed datased hereavere made accessible through @ieHub website

(Shahed Behrouz, 2022)
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MissingNSQD climatologicalcharacteristicsverefilled by matching the closest station
(within 20 km)with hourly dateon the sampling periodlom theNational Climatic Data Center
(NCDC) (NOAA, 2020)and the United States Geological Surgg@$GS, 2020flatabases
NSQD reports whether only the fit3t of the storm event were sampled or thenplete event.

D was recorded as 240 min for the former #reldifference between precipitation start and end
date/time for the latteADP was based on the nearest rainfall station. The resolatiche
recorded rain in the rain gaugeas.254 mm per h. The minimum rainfall deptbf 0.508 mm

per 2h was considereds the thresholdrhen determinindA\DP.

Catchments for each statigreredefinedusing the automated delineation tool within
PCSWMM (Personal Computer Storm Water Management Madtyvare(Computational
Hydrologic International, Toronto, Canad®CSWMM, 2020)which integra¢s geographic
information system (GIS) data with the Storm Water Management Model (SVvadiet) that
thedelineateddrainage arematched the araa the NSQD. Digital Elevation Models (DEMSs)
were downloaded from tHg.S. Department oAgriculture (USDA): Natural Resources
Conservation Service (NRCS): Geospatial Data Gateway, (Z0B@)averagslope for each
catchment was calculated from the DEMs associated with each catchment. Suéreata
obtained from th&Veb Soil Survey Geogphic Database (SSURGQ).S. Department of
Agriculture Natural Resources Conservation Service, 2@2Hilable Water CapacitfAWC)
and Saturated Hydraulic Conductivi¥sa) were included as a quantitative repreagan ofthe
predominansoil type for each catchme®WCandKsa: were obtained from physical soll
propertiesandvalues calculated usirggweighted average based on #reathateach soil type
covers.Impfor each catchment was derived usingNla¢ional Landuse Landcover Database

(NLCD), 2006 For an example of how locally collected and NQSD data can be usedwsterm
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from six homogenous catchmemiasmonitored in Virginia Beach, VANayeb 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 charad€Fistic
same procedure for extractipgecipitationandcatchmentharacteristics was appliedgix
homogeneous catchments in Virginia Beach, Y&sulting in adtal of 314 homogenous
catchmentsThe variables of interest from the monitored datalbadaded: climatological and
catchment characteristid3, D, ADP, S Imp, A, LU, soil characteristics includir§WCandKsay,
and water qualitfEMCsare shown immable2.1. LU was a categorical variable. All other

variables were treated hsingnumericalcontinuous.

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 distributiamver a sef 0 hod Fed
of random variables where each nodpresenta variable in X. Nodes are connected with arcs
and go from a parent node to a child node.€. &, ® being the parent node and being
the child nodeThe arcs represent the conditional dependencies between independent variables
and dependent vables. If a variable has parerddesthen its conditional probability
distribution is in the form o 0 ®1 "Qg) @d Q avbeteas if the random variable does not
have a parent node, the conditional probability distribution becomes P(gar@iven the
structure of a BN model, the full joidistributionof all variablescan be formulated gScutari,

2010)
0 & Foy Fesgd B RO ol Q&0 (eq.2.2)

The full joint distribution, P hd Mg s a product of conditional densities where

each node is assumed to be independent of itslascendants given information on its parent
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nodes.The conditional independence relations between variables in a BN aretedrned

using constrainbased apmachegBeretta 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 tes$ispt.stable algorithnvas
selected irthis studysincein previous studieg hasproven to be efficienivhen appliedo high
dimensional datase(&ao and Cui, 2015; Le et al., 201B)oreover, t is computationally
feasible, can handle thousands of variables, and allows for expert knowledg€wlputbo
and Maathuis, 2014The pc.stable algorithm starts with a fully connected graphteradively
removes all insignificant directed arcased on pairwise independence tests among any pair of
variablegBeretta et al., 2018; Tsagris, 2018xpert knowledge inputsereapplied to the
pc.stable algorithm itheform of afii b | a ¢ khehiasklistgprohibits arcs between variab
thathaveno physica basis(e.g. relationshifppetweernprecipitationdepth and percent
imperviousness In addition, abootstrap technigueasused toconductresampling from the

databasgboosing confidence in the resitig optimal BN structure

Pairwiseconditionalindependence tests among any pair of variatge performed
using thet-testforP e ar s o n 6 s (Marap land &léss 20R0Phe results of the Pearson
correlation determined the relationships between the vasibpleroducinga pvalue(Beretta et
al., 2018; Tsagris, 2019yhe null hypothesis was that all parameters are correlatiu p-
valuefrom theconditionalindependence test between two variakles greater tharhe Type |
error r at dhe outl hyothegiswvds refeded which meattsedirectedarc between
the two variablesvas removedindicating thdikely independeneof the twovariables If thep-
valuewss | ess than U = 0.05, t he wdskepeiodicatidgthey ¢ be't

werelikely dependen(Tsagris, 2019)The arc length in any BN structure is arbitrary and does
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not have pysical meaningGiven the optimal BN structure, it was determined which parameters
affeced stormwateiquality EMCs the most, and which the leabhe variables that define
climatologicaland catchment characteristwan then becomiaputs to aH/H/WQ (Hydraulic/
Hydrologic/ Water Quality)nodel such as SWMNRossman, 2015)n addition,BN scores for
eachof theoptimal BN structures were calculated usBayesian Information Criterion (BIC)

see eqation2.3. BIC consists of dog-likelihood term ¢ 0 0"0NO , and a regularization term

Q"Q4E0 0 € @ , based on a model G and data D.

8 "'08@O ch OO0 QQE0 aé W (eq.2.3)

where G denotes model, D denotes data, N is the numbtarofevents, 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 preferr@leretta et al., 2018pecause dim (G) depends on the
number of parent noddor each nodand represents model complexity. Moreoelding arcs
to G increases model complexity. Hence, the regularizationfeefonssimpler BN models. It
should be noted that the likelihood term is weighted by the number of events. As the number of
storm eventincreass, both the regularization term and likelihood terms increase; however, the
likelihood term increases faster ththe reyularization term causing the BIC measure to be

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

ANOVA and T WHanesy Significant DifferencéHSD) test were conducted to assess
the effect othenumber of storm events on BN scor@8.BN analy®s were performed in the R
programming languagdk Core Team, 2019)sing a free operource packagein®,bnl ear n 6

(Marco and Ness, 2020)
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2.2.3. Classifications

Datawerecategorized by six land usgsommercial, freeways, industrial, institutional,
open space, and residentiafjdthree main rain zondfain Zones 1, 2, and 8y established by
NRCS rainfall distributionsThe median catchment size for commercial, freeways, industrial,
institutional,open space, and residential sites are 37, 2, 35, 18, 74, &adrBBpectively.
Categorizing by land use was done to assess how climatologicehimhehentharacteristics
affectstormwatequality EMCs for each land us€ategorizing by three rain zones was done to
assess how unique climatological characteristics in each rairttatiaéfect stormwateiquality
EMCs (U.S. EPA, 1983; U.S. Soil Conservation Service, 1986rach rain zone has unique
characteristics in terms & D, andADP (Bochis and Pitt, 2009 Approximate geographic
boundaries for NRCS rainfall distributions (Type |, 1A, Il, and IIl) are shown in FigQrm
AppendixA (U.S. Soil @Wnservation Service, 198@ain Zone 1, which merges Types | and IA
in FigureA2, represents a Pacific maritime climate with wet winters and dry summers. Rain
Zone 3, Type lll in Figuré\2, represents the Gulf of Mexico and Atlantic coastal areas where
tropical storms are common. Rain Zone 2, Type Il in Figierepresents the rest of the U.S.
(U.S. Soil Conservation Service, 198@)ere storms are shorter and more intense than Rain

Zone 1 and longer and less intense than Rain Zone 3 (A@ireAppendix A).
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Table 2.1. Descriptions and units of selected variables

Category

Selected variables

Descriptions and units

. . P Precipitation Depth in mm
Climatological o S
characteristics D Precipitation Duration in min

ADP Antecedent Dry Period in days
S Percent Slope
A Catchment Size in Hectares
LU Dominant Land Use
Catchment .
. Imp Percent Imperviousness
characteristics - —
Soil AWC Available Water Capacity in percentag
characteristics Ksat Saturated Hyo_lraullc Conductivity in
micro m/s
TN Total Nitrogen in mg/L
TKN Total KjeldahINitrogen in mg/L
Stormwater NO2-N/NO3-N Nitrite/Nitrite in mg/L
quality EMCs TP Total Phosphorush mg/L
Ortho-P Or t ghasphorusn mg/L
TSS Total Suspended Solids in mg/L
2.3. Results

The results are presented in three paijtgcusion ofall the datado optimizethe BN

structure b) datacategoriationby sixland uss, and c) data categorization by three rain zones as

established bthe NRCS rainfall distributionsDifferent LU types hadraryingnumbes of

events for each targeted stormwater quality constitihiscoregshown in TabléA1 in

Appendix for each optimal BN structugemonstratethatthe optimal BN structuresere

robustwhen the number aftormeventswas> 650 (class 1) good wherbetween 400 and 650

(class 2), and poor with < 400ldss 3) Hence three colorawithin a stoplight color schemezd

(on top) yellow (in the middle) andgreen (on bottom) along with an X mariere used to

represent each class, respectivBlgxplots ofBN scores for each optimal BMructureare

shown in Figured4 in Appendix A The pvalue from ANOVAwas4.52x 10°, which ismuch

23



l ess than 0.05; hence, TukA2in AppendiRSResuttseofs t
Tukeyds HSthatBNeswres faclass are significantly different than BN scores for

classes 2 and 3.

2.3.1. Optimal Bayesian network structures for nutrients and sediment

The gtimal BN structure$or nitrogenforms phosphorusorms and TSSare shown in
Figure2.2. The results indicate thaatchmenandrain characteristicboth affeced stormwater
qguality EMCs, whichincluded TN, TKN, NO>-N/NOz-N, TP, OrtheP, and TSSFigure2.2a
2.2d). P andD werefound to berelated(Figure2.2a-2.2d). Among catchmentharacteristicd, U
was the most important facttinataffecied stormwateiquality EMCs including TN, TKN, NO»-
N/NOs-N, TP, OrtheP, and TSSas it is directly connected stormwateiquality EMCs (Figure

2.2a2.2d).

LU affecedImp and soil characteristics includiddNVCandKsat (See Figure2.2a,2.2b,
and2.2d). Sincethe number of events in Figue2c is low(547 events)AWC, Ka, andimp are
not connectedThegreaterthenumber of storm events included in the analybis,more robust
theassessment of thhesultssinceeachstormevent contribute to the BN scoreTableA2)
(Beretta et al., 2018Prtho-P, TP, andNO>-N/NO3-N were influenced byADP. Compared to
other factorgi.e. P andD), theeffect of ADP on TSSwas negligible TSSwas influenced byS
(Figure2.2g). Ortho-P, adissolved form ophosphoruswas alsoinfluenced byS (Figure2.2c).

The ratio of OrtheP toTP was small (Figurd5 in Appendix A).

Stormwater qualitfeMCs related to nitrogen were not affected ¥, D, andADP
affectedthe dissolvedconstituent®f TN (i.e. NG-N/NOs-N) and TP (i.e. Orthé). P andD
affected TP, TN, and TS3DP had more effect on TP than on TN. TN, TKN, andNGNOz-

N were interconnected. There is rsgnificantrelationship between catchment size (A) and
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stormwaer quality constituents (i.e. TN, TP, and TSS) (see Fgfuga,2.2b, 2.2c, and2.2d).
There aralirected arcs fron? andD to TSS in Figure.2a. It is expected that there should be
directed arcs fror® andD to TSS in Figure.2c as well. However, since the number of storm
events in Figur@.2c is lower than the number of storm events in Fi@2a, the BN model fails
to connecP andD to TSS The BN score for the optimal BN structure in FigRi2a is lower

than the BN score for the optimal BN structure in Figu2e (TableA?2).

I_ a
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Figure 2.2. Optimal BN structurgfor a) TSS; b) TN, TKN, antiO>-N/NOz-N; c) TP, OrtheP,

and TSS; and d) T®irected arcgillustrated as arrowskepresent causality relationships and
undirected arcé.e. lines)represent correlations between variab®&esrmwater quality
constituents and selected variables are shown with gray and white color circles, resp@ctively.
precipitation depth, D: precipitation duration, ADP: antecedent dry period, S: Slope, Imp:
percent imperviousness, Acatchmensize, LU: dominant land use, AWC: available water

capacity, Ka¢ saturatedhydraulicconductivity.

2.3.2. Optimal Bayesian network structures for nutrients and sediment categorized by
land use
Optimal BN structures for nutrients and sediment categorized by variougdesware
shown in Figure®.3-2.6; see TabléA3 in Appendix Afor the number of stationsithin each

geographiaegionandLU for stormwatequality constituents of interest.

3.2.1.1Nitrogen

Freewayshad the highestmp followed byindustrial> commerciab institutional>
residential> openspace(FigureA6 in Appendix A. Freewaysandindustrialweremore
developedcommercialandinstitutionalwere less developed, amésidentialandopenspaces
were least develope@®ptimal BN structures fastormwateiquality EMCs related taitrogen
show thaffor the mosteveloped land us€Bigure2.3, freewaysandindustria), climatological
characteristicsnay bemore important thanatchmentharacteristicsAt theleast developed
sites such agesidentialandopen spacecatchmentharacteristicsveremore important than
climatologicalcharacteristicgFigure 2.3, open spacandresidentid). For sites with
development falling between the most and least developed land uses, socinesciaklnd

institutional TN, TKN, andNO,-N/NOs-N were affected bybothcatchmentand rain
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characteristicgFigure2.3, commercialandinstitutiona). ADP affected TKN at residentialand

commerciakites(Figure2.3, commercialndresidential.

Commercial Freeways : Industrial

@

&)
H495 events °

Open Space Residential

G@
()
v )

Figure 2.3. Optimal BN structures for TN, TKN, and N®OI/NOs-N for each land use including
commercial freewaysjndustrial,institutional,openspace, andesidential Directed arcs
represent causality relationships and undirected arcs repoesegiations between variables.
Stormwater quality constituendsd selected variablese shown with gragnd whitecolor
circles respectivelyP: precipitation depth, D: precipitation duration, ADP: antecedent dry
period, S: Slope, Imp: percent impemsmess, A: catchment size, AWC: available water

capacity, Kat saturatedhydraulicconductivity.
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3.2.1.1Phosphorus

Optimal BN structures fastormwateiquality EMCs related tghosphorushow that for
the mostdeveloped land usgise., freewaysndindustria] catchmentharacteristics were more
important than climatological characteristics; note that there are no directed ar€s Boand
ADPto TP (Figure2 4, freewaysandindustria). At commerciakites, bottcatchmentand
precipitation characteristiagere importan{Figure2.4, commercial. At residentialareas
catchmentandclimatological characteristicsvere importaniFigure2.4, residentid). In optimal
BN structures fornstitutionalsites(Figure2 .4, institutiona), directed arcare presenfrom
catchmentharacteristicssandA to TP. For optimal BN structures fanpenspacesites(Figure

2.4, open spade nothing is connected to TP

Commercial Freeways Industrial

0 00 |g o2
°e ® e@ 7

l _ e 5484 events °

Institutional

@ Open Space @ Residential

Figure 2.4. Optimal BN structurefor TP for eachHand usancludingcommercialfreeways,

industrial,institutional,openspace, andesidential Directed arcs represent causality
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relationships and undirected arcs represemntelations between variablé&tormwater quality

constituents and selected variables are shown with gray and white color circles, resp@ctively.

precipitation depth, D: precipitation duration, ADP: antecedent dry period, S: Slope, Imp:
percent imperviousness, Batchmensize, AWC:available water capacity,sk saturated

hydraulicconductivity.

Therewere fewerata available for Orth® compared to othetormwaterquality
EMCs, such as TN, TP, and T§BigureA7 in Appendix A. Optimal BN structures fddrtho-P
are shown in Figurd7. At commercialfreeways andresidentiakites, more than 100 events

were available, these are shown in Figite commercial freeways andresidential

In the mostdeveloped land ussuch agreewaysclimatological characteristicsvere the
most effective factors on OrtH® concentration@-igureA7, freeway$. Fortheleast developed

land uss, such agesidential catchmentharacteristicsvere more importanfFigureA?7,

residential. For sites with development falling betweenstend least developed land uses, such

ascommercial bothcatchmentaind precipitation characteristics were important (Figufe

commercial.

3.2.1.1Sediment

Optimal BN structures for TSS shdhat,regardless ofand usecatchment
characteristicsvere the most important factwaffecting TSS concentratioiiBigure2.5). Shad
highervariability at freewaysinstitutional residential andopen spacsites which resuledin a
greateininfluence on TS$oncentrationt stornwater(Figure2.5, freeway, institutional open

space andresidential.
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Forthe optimal BN structure faypen spacéFigure2.5, open spadeSis expected to be
connected to TSSince soil erosioincreases osteep slopedlowever, sincédewerdata are
available foropen spacethe expected connection is not seen in the optimal BN struétiure.

open spacandinstitutiona) precipitation characteristiogere also important

Commercial @ Freeways Industrial

O @
@@’@

H 499 events @

Residential

©
o

Figure 2.5. Optimal BN structurefor TSS for eacliand usancludingcommercialfreeways,

industrial,institutional,openspace, andesidential Directed arcs represent causality
relationships and undirected arcs represent correlations between vaSatesvater quality
constituents and selected variables are shown with gray and white color circles, respectively.
precipitation depth, D: precipitation duration, ADP: antecedent dry period, S: Slope, Imp:
percent imperviousness, Batchmensize, AWC: available water capacitysdKsaturated

hydraulicconductivity.
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2.3.3. Optimal Bayesian network structures for nutrients and sediment categorized by
NRCS rainfall distributions
A Pacific maritime climat¢RainZonel) has the least intense storms compardgain
Zones 2 and Bee Figuré\3) (U.S. Soil Conservation Service, 1986ptimal BN structures
for stormwateiquality EMCs werecategorized bjNRCSrainfall distributions(U.S. Soill

Conservation Service, 19883 shown irFigure2.6.

The pecipitation effectvas stronger irRain Zone3, representing th&ulf of Mexico
and Atlantic coastal areas where tropical stoanescommoncompared tdRain Zones 1 and 2
for TN, TKN, andNO>-N/NOs-N. P andD affecieddissolved forms of TN (Figures 2.6a,2.6b,
and2.6¢c). ADP effectwas stronger irRain Zone® and 3 compared Rain Zonel for TN,
TKN, andNO>-N/NO3-N (Figures 2.6a, 2.6b, and2.6c). TN, TKN, andNO2-N/NOsz-N are inter-
connectedn all Rain Zones(Figures 2.6a, 2.6b, and2.6¢). P, D, andADP were more effectiven
influencingTSS inRain Zone3 compared t&kain Zones 1 and gFigures 2.6d, 2.6e, and2.6f),
asshown by thealirected arcs frorR, D, andADPto TSS ADP affeced TP in RainZones 1 and
2 (Figures 2.6d and2.6e). TP is correlated with TSS Rain Zons 2 and 3 indicating that
phosphorusvas attached to particlggigures 2.6e and2.6f). 346 storm events are included in
Rain Zonel, (Figure2.6d), which is lower than the number of storm events includéthin
Zones 2 and BFigures 2.6e and2.6f). The optimal BN model foRain Zonel is less robust
compared to optimal BN modelsRain Zone® and 3astheBN score is higher (Tablal).
Variations in concentrations of TN, TP, and TSS between rain zones are shown irAlBigure

Appendix A
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Rain zone 1 @ Rain zone 2 IE Rain zone 3

Rain zone 1 @ Rain zone 2 e Rain zone 3

Figure 2.6. Optimal BNstructuresarecategorized byjNRCSrainfall distributionsfor TN, TKN,
andNO>-N/NOs-N (a, b, and cand TP and TSS (d, e, and Directed arcs represent causality
relationships and undirected arcs represent correlations between vaSairesvater quality
constituents and selected variables are shown with gray and white color circles, respectively.

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

2.4.1. Influence of climatological and catchment characteistics onstormwater quality

Both catchmentind rain characteristics affected stormwater qualMiCs, which
included TN, TKN, NG-N/NOs-N, TP, OrtheP, and TSS (Figur2.2a2.2d) (Liu et al., 2013)P
andD were related (Figurg.2a2.2d) which is consistent with Intensityubation Frequency
(IDF) curves where there tends to be m@mgith greateD (Courty et al., 2019; Egodawatta et

al., 2007).

Amongcatchmentharacteristicd.U was the most important factor that affected
stormwater qualitfeMCs including TN, TKN, N@-N/NOs-N, TP, OrtheP, and TSS as it is
directly connected to stormwater qualiiCs (Figure2.2a2.2d) (Pitt et al., 2004a).U
affectedAWC, ka, andimp, (Web Soil Survey Geographic Database (SSURGE2® Figurs
2.2a,2.2b, and2.2d). Since the number of events in FigRi2Zc is low (547 eventsAWC, Kas,
andimp are not connected. The greater the number of storm events included in the analysis, the
more robust the results since each storm event contributkd BN score (Tablé 1) (Beretta et

al., 2018)

Among catchment characteristiésis the least important fact@affectingall stormwater
guality EMCssinceit was not connected to aBMCs(Figure2.2a2.2d). Larger catchments
havea greatepossibility of having nutrient and sediment souneesilting in higher loads
(higher value in the numerator ofwagion2.1), they also produce higher runéffigher value
volumes,n the denominator afquation2.1). Higher values ithe numerator and denominator

of equation2.1 may offsef makingA arelativelyinsensitive parametéor EMCs

Ortho-P, a dissolved form gdhosphoruswas influenced b$ (Figure2.2c). This is

assumed to be attributedhimher water velocityhtat canerode soil particlefom areas with
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higher slopegYang and Toor, 20175ince the ratio of OrthB toTP was small (Figuré\5), TP
was not influencedybS (Figure2.2d). Ortho-P, TP, and N@N/NOs-N were influenced byADP
(Figure2.2b-2.2d). Compared to other factors (iRandD), the effect ofADP on TSS was
negligible(Figure2.2a) This is attributed to the fact that events with high@ndD had higher
kinetic energythat carmobilize particles. TSS affected the particulate form of TP (Fig2e
(Miguntanna et al., 2013; Vaze and Chiew, 2084prmwater qualitfeMCs related to nitrogen
were not affected b8 (Figure2.2b), sincenearlyall TN in stornwaterwasin thedissolvedform

(Vaze and Chiew, 2004)

P andD affected TP, TN, and TSS. This indicated that it is likely EhahdD had a
greater influence on stormwater quality theDP (Figures 2.2a,2.2b, and2.2d) (Kim et al.,
2014; Nayeb Yazdi et al., 2021; Toor et al., 20RDP had more effect on TP than on TN
(Figures 2.2b and2.2d). This implies that, in stanwater 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 NQ-N/NOs-N are interconnectedFigure2.2b). The primary mechanism
of nitrogen transformation in the subsurface is through nitrification under aerobic conditions
(NHs-N conversion to N@N), denitrification undeanaerobiconditions (NGQ-N conversion to
nitrogen gas) reactions, mineralization (OrgaNito inorganic N, andplant 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 mobke particle§Egodawatta et al., 2007; Métadier and BertrEnajewski, 2012;

U.S. Soil Conservation Service, 1986; Vaze @hikw, 2004) hence, the precipitation effect
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was stronger in Rain Zone 3 compared to Rain Zones 1 and 2 for TN, TKNYMNO3-N, and
TSS (Figure2.6). TN, TKN, and NG-N/NOs-N were interconnected in all Rain Zones through
nitrification-denitrification reactions, mineralization, and plant uptake (Fe@.6a,2.6b, and

2.6¢) (Badruzzaman et al., 2012h Rain Zone 3, storms occur more frequently, which reduced
the effect ofADP on TP compared to Rain Zones 1 an@dee Figure2.6d and2.6e, and 2.3).
Intense storms have higher kinetic energy, which resulted in an incrgasgthorusissociated
with sediment{Vaze and Chiew, 2004t is expected that TP should be correlated with TSS in
Rain Zone 1 (Figur@.6, d), as storms are typically more intense and are thus able to move

phosphorusissociated with particles.

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

The quality of stormwateris highly variable in the context of sources and loads, even
within the same land use (see Figuiés A9, andA10in Appendix A. Recent studies have also
indicated a strong relationship betweadhand stormwater qualitgMCs (Ding et al., 2015;
Goonetilleke et al., 2005; Wang et al., 2013; Zhou, 2019;Zivk and Mays, 2018As the
degree of anthropogenic activities varied by, so does the degree of management and(care
et al., 2015)Variation in he quality of stormvaterstems from a range of factors suctitees
variable nature of anthropogenic activities, climagadal, and catchment characteristithis
sectionis focused ornvestigating the potential sources of nutrients and sediment in stormwater

from six selected land uses.

3.2.1.1Nitrogen
At freewaysandindustrialsites, climatological characteristics may be more important
thancatchmentharacteristicgFigure2.3, freewaysandindustria). This could be attributed to

atmospheric deposition from fossil fuel burning and emissafreewaysandindustrialsites
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(Guo et al., 2021)ADP affected NG-N/NOs-N atindustrialsites (Figure2.3, industria). Yang
and Toor, (2017)ound atmospheric deposition to be a major source cFNWNIO3-N in street

stormwater.

At residentialandopen spacg catchmentharacteristics were more imgant than
climatological characteristics (Figu2e3, open spacandresidentidl. This may be attributed to
the fact thatatchmentharacteristics affected the degree of TN amount and retéR@uh and
Meyer, 2008) At residentiakites,Imp was the single most effective factor, mainly because in
the NSQD databasegsidentials not categorized into common classes (i.e, lowdium, and
high-density sites), causing higher variability in the repohtegfor residentiakites. Each
category requires different maintenarfces et al., 2015) Green space iresidentiakites is a
function ofImp. Nutrient leaching as Né&N from the use ofchemical fertilizes (Cape et al.,
2011)depends on soil, plant, and fertilizer types; over/under fertilizatiahpaarwaterindGuo
et al., 2021; Liu et al., 2@). Openspacewas the least developed land use. It is presumed that
organic matter from plants and animaiasthe main source of TN to stomater, which resulted

in OrganieN being the most prevalent form of Thiu et al., 2015; Taylor et al., 2005)

At commercialandinstitutionalsites,catchmentind rain characteristics affected TN,
TKN, and NQ-N/NOs-N (Figure2.3, commercialandinstitutiona). Thus, the main sources of
TN atcommercialndinstitutionalsites wereassumed to batmospheric deposition and

fertilizers(Badruzzaman et al., 2012; Burant et al., 2018; Yang and Toof).201

ADP affected TKN aresidentiandcommerciakites (Figure.3, commercialand
residentid). Some fertilizers applied t@sidentiandcommerciakites contained organic matter

which may move with aerosols and deposit to the surface through dry deposition (in the form of
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OrganicN) (Burant et al., 2018; Cape et al., 2011; Ham and Tamiya, 2B@mjculate TN was

assumed to bpredominantly in the form of Organi (Taylor et al., 2005)

ADP was connected to TN in FiguBe2b (3217 eventshecausé@DP was connected to
TN at commercia{754 events)industrial(495 events)open spacgl27 events)and residential
(1403 eventsgites which included 86% of the events monitored for TN (Figlecommercial,
industrial, open space, and residentiBlandD wereconnected to TN in Figur22b becaus®
andD affected TN at all sites except open spabeh included 96% of events in Figl2e3. S
was not connected to TN in Figui2&b because only 36% of events showed the connection
betweerSand TN which included commerci@i54 events)institutional(275 events)and open

spacg127 events)Figure2.3, commercial, industrial, and open space

3.2.1.1Phosphorus

Climatological characteristic®, D, andADP did notaffect TP athighly developed land
usesj.e. freeways andhdustrial sitesThis can be attributed to the fact that soils are important
in phosphoruslynamics and for more developed sitegsoil is more disrupted and rocksay
bemore exposed to weatheri{id.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
atfreeway andindustrialsites(Lee et al., 2016; Muller et al., 202®)igh vehicle trafficis

presumed to bene of the majosourcef TP atcommerciakites(Burant et al., 2018)

Phosphoru¢eaching from soil depends on the type and amoupho$phorusertilizer
applied to the green spacesedidential site¢Czemiel Berndtsson, 2010)tmospheric
deposition washemain factoraffecing phosphoruslynamics atesidential sgs This may have
resulted from dry deposition of fertilizers from surrounding green spacesid¢ntialareas

brought to adjacent sites by wifBadruzzaman et al., 201ZFertilizers derived from phosphate
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rock had a significant influence orPTin stormvaterfrom fertilized lawngLee et al., 2016)
Sincephosphoruss stored in soils because of pastifieation practiceqi.e., legacy
phosphorug phosphorugan be mobilized by soil erosigStoner and Arrington2017) This is
problematic, especially when previously agricultural land is cleared for urban di@awthand
Meyer, 2008) Thus, due to sources and dynamicptudsphorust residentiakites, both

precipitation and catchment characteristitfected TP.

At institutionalsites, it is expected that precipitation characteristics should also be
connected to TP since fertilizers are typically applied to green spacssitationalsites and
lawns and green spaces are the most significant sourceqAfyP et al., 2010)At open space
sites, it is expected that precipitation aadchmentharacteristics should be connected to TP.
Plant residues and animal manure and livestock were assumed to be commes colircat
open spacsites(Muller et al., 2020; U.S. EPA, 201Zincefewerdatawereavailable for these
two land usegnstitutionalandopen spacsites, the expected connections are not seen in the

optimal BN structures.

ADP was connected to TP in Figu2ed (3321 events) becaus&DP was connected to
TP at residential (146 events) sites which include% of the events monitored folP{Figure
24, residential)Swas not connected toPlin Figure2.2d because onl23% of events showed
the connection betweekDP and TN which includedhdustrial(484 events)andinstitutional

(270 events) Figure2 4, industrial andnstitutional

3.2.1.10rtho-phosphorus
Ortho-P is an inorganiconstituent off P, likely originated from labilphosphorusvhich
is attributed taecently appliedertilizer, dissolution/desorption gfhosphorugrom erodible soil

particles or mineralization fron organic materials (leaves, grass clippi®®gng and Toor,
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2017) OrthoP is present in dissolved form, hence it was not associated with particles (see
FigureA7) (Hopkins et al., 2017 Catchmentharacteristics were more importantegidential
sites This may be the result &rtilization, erosion of soil particleand mineralization of
organic matter sucas leaves and grass clippingsestidentiakites, resulting in generation and

accumulation of Organi® onresidentiakites and transport to stowater(Toor et al., 2017)

3.2.1.1Sediment

Sediment, characterized by TSS, is the largestpoamt source pollutant load in
stormwater(FigureA5) (R. E. Pitt et al., 2004aLatchmentharacteristics were the most
important factors affecting TSS concentrations at all land uses (R@)reas they originate
from roads, construction sites, and pervious areas within an cabement(Liu et al., 2015)
Construction activities loosen soil, causing erosion which produces greater quantities of particles

(Nelson and Booth, 2002)

At freewayssites, asphalt erosion and road sanding in winter were the likely sources of
TSS(Nelson and Booth, 2002%0il and asphalt erosion, construction activities, and washing of
impervious surfaces and cars were the likely sourt&S8 atresidentiakites(Toor et al.,

2017)

Precipitation chaacteristics were also importantaien spacandinstitutionalsites as
highrintensity precipitation events can remove and mobilize relatively coarser particles due to the
creation of high turbulence in overland flow (Fig@rB, institutionalandopen spce

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

At industrialsites,ADP was among the more effective factgressiblystemming from

atmospheric deposition and industrial activities (Figuseindustria) (Aryal et al., 2010; Kim
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et al., 2014 Industrial activities produce more solids in starater, particularly fine particles, in
comparison to other anthropogenic activifjes! et al., 2015) Fine particles are easier to be
mobilized and transported during dry ddiee et al., 2016)Later, during storm events, fine
particles on impervicgiareas are mobilized by the kinetic energy of raindrops and the turbulence

created by overland flo@Vijesiri et al., 2015)

ADP was not connected to TSS in Fig@i2a (3259 events) becaua®P was only
connected to TSS at industrial (499 events) sites which included 15% of the events monitored for
TSS (Figure2 5, industrial).Swas connected to TSS in Figta because 55% of events
showed the connection betwe®and TSS which included fremays (137 events), institutional

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

2.4.3. Future research need

This study indicated that BNSL could model relationships between stormwater quality
EMCs and climatological, and catchment characterislibe @Qeneral fornof Figure2.2a2.2d is
Figure2.7). P, D, andLU were found to affect aEMCsincluding TN, TP, and TSS. Besides

D, andLU, Saffected TSS andDP affected TN and TP.

Theresults indicated that when the number of evertsabove 650 in the BNSL, the
results were more robust (lower BN scaaayl were less reliable (higher BN score) when the
number of events asless than 400This indicateghe need for increasedonitoring and

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

Soil characteristicsuch asAWCare a function ofmp (see Figur.7). The optimal BN
structures for freeways in Figurgs$-2.5 fail toidentify theseconnections because there are

fewerstorm events monitored for freeways. However, for industrial and residentialrsipas,
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connected t&AWC(Figures2.3-2.5, Industrial and Residential}.is expected that adding more

monitoring events for freeways in the BNSlowd show the connection betwebnp andAWC

Apart from the BN approach introduced in this paper, the analytical probabilistic
approach is another type of method for quantifytimgcorrelation between various parameters
(Behera et al., 2006; Wang and Guo, 20T8g analytical probabilistic approacltoald be
applied to the NSQD dataset, and the results can be compared to thid/strestyver BNSL
fails to determine which correlations are more robust. Fuas®arclshould investigate which

characteristics, climatological catchmenthave a greatesffect on stormwater qualitEMCs

Sensitivity analysiperformed in conjunctiowith 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 parametesuch as climatological and catchment characterisiiEd/C.

Future research on case studies can also investigate how anthropogenic activities affect
stormwater qualitfeMCs Monitoring runoff from catchments with different anthropogenic
activities such asgariations in themount and type of fertilizespplied to green spacea
residential sitesnumber of vehicles active on industrial sitesmber of vehicles passing at a
freewaycan explain variability in nutrients and sedimEMCsacross different catchments with

the same land use.

41



Figure 2.7. Synthesis figure iforming 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: precipitation depth, D: prgmtation duration, ADP: antecedent dry

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

available water capacity,sk saturatedhydraulicconductivity.

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 processesgardingstormwater The optimal BN structures for each stormwa&i&tC
determind that amongatchmentharacteristicd,U was the most important factor affecting
stormwater qualitfMCs, including TN, TP, Orthé, and TSS. Climatological characteristics
such a$?, D,andADP had different effects on stormwater quakiCs depending on LU, i.e.,
atcommerciakites,P, D,and ADP affected TN more compared tesidentiakites.In addition,
potential sources of variability in nutrients and sediment concentrations in stormwater from
selected land uses were determjnad, atmospheric deposition from fossil fuel burning and
emissiors wereassumed tde the major sources of TNfatewaysandindustrialsites while
chemical fertilizers were presumed to be the main source of T@$identiandcommercial
sites The extension of knowledge discussed in this manusalsptiemonstrates that for some
stormwater quality constituents (i.e. particulate nitrogen, particptaisphorusand sediment)

other factors®, D, andS) exert agreaterinfluence on stormwater quality th&bP.

Estimation of nutrient and sediment loads is important as SCMs are designed based on
incoming loads. Over or undestimation of stormwater quality could misguide treatment design
and result in ineffective treatmeor high cost of construction and maintenance, and potentially,
fail to meet stormwater quality goals. The outcomes of this sthdwthatthe quality of storm
runoff is highly variable which stems from a range of factors such as variable nature of
antlropogenic activities, climatological, and catchment characteristics. Hence, using the
conventional approach solely on land use AB® for stormwater quality modeling and
prediction is questionable, as it does not provide insight into the processesnggtmimwater
guality and the role played by influential factors, including precipitation and catchment

characteristics. This studpuides the stormwater qualitymodelers tancorporatehe most
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influential factors for estimating nutrient and sediment $oadm specific land use farbetter
water quality modelReliableand accuratevater quality models result thedesign of effective

SCMs for treating stormwater and protecting waterbodies.

References for Chapter 2

Alias, N., Liu, A., Egodawatta, P., Goonetilleke, A., 2014. Sectional analysis of the pollutant
washoff process based on runoff hydrograph. J. Environ. Manage. 188963
https://doi.org/10.1016/j.jenvman.2013.12.034

Arora, A.S., Reddy, A.S., 2013. Multivariate analysis for assessing the quality of stormwater
from different Urban surfaces of the Patiala dtynjab (India). Urban Water J. 10, 422
433. https://doi.org/10.1080/1573062X.2012.739629

Aryal, R., Vigneswaran, S., Kandasamy, J., Naidu, R., 2010. Urban stormwater quality and
treatment. Korean J. Chem. Eng. 27, 138%9. https://doi.org/10.1007/s118040-0387%
0

Askarizadeh, A., Rippy, M.A., Fletcher, T.D., Feldman, D.L., Peng, J., Bowler, P., Mehring,
A.S., Winfrey, B.K., Vrugt, J.A., Aghakouchak, A., Jiang, S.C., Sanders, B.F., Levin, L.A.,
Taylor, S., Grant, S.B., 2015. From Rain Tanks to Catchméstsof LowImpact
Development To Address Hydrologic Symptoms of the Urban Stream Syndrome. Environ.
Sci. Technol. 49, 112641280. https://doi.org/10.1021/acs.est.5b01635

Badruzzaman, M., Pinzon, J., Oppenheimer, J., Jacangelo, J.G., 2012. Souragésnt$ nut
impacting surface waters in Florida: A review. J. Environ. Manage. 109280
https://doi.org/10.1016/j.jenvman.2012.04.040

Behera, P.K., Adams, B.J., Li, J.Y., 2006. Runoff Quality Analysis of Urban Catchments with
Analytical Probabilistic Modelsl. Water Resour. Plan. Manag. 1321 4.
https://doi.org/10.1061/(asce)0#9396(2006)132:1(4)

Behrouz, M.S., Zhu, Z., Matott, L.S., Rabideau, A.J., Shahed Behrouz, M., Zhu, Z., Matott, L.S.,
Rabideau, A.J., 2020. A new tool for automatic calibratiomefStorm Water Management
Model (SWMM). J. Hydrol. 581. https://doi.org/10.1016/j.jhydrol.2019.124436

Beretta, S., Castelli, M., Goncalves, I., Henriques, R., Ramazzotti, D., 2018. Learning the
structure of Bayesian networks: A quantitative assessmein¢ efffect of different
algorithmic schemes. Complexity 2018. https://doi.org/10.1155/2018/1591878

Bochis, C., Pitt, R.E., 2009. Land use and runoff uncertainty. Proc. World Environ. Water
Resour. Congr. 2009World Environ. Water Resour. Congr. 2009 GivdRs 342, 1314
1324. https://doi.org/10.1061/41036(342)130

Burant, A., Selbig, W., Furlong, E.T., Higgins, C.P., 2018. Trace organic contaminants in urban
runoff: Associations with urban langse. Environ. Pollut. 242, 2063077.
https://doi.org/10.10164nvpol.2018.06.066

44



Cape, J.N., Cornell, S.E., Jickells, T.D., Nemitz, E., 2011. Organic nitrogen in the atmaesphere
Where does it come from? A review of sources and methods. Atmos. Res. 42, 30
https://doi.org/10.1016/j.atmosres.2011.07.009

Carter, M.R., Gregorich, E.G., 2007. Soil Sampling and Methods of Analysis, Second Edi. ed.
https://doi.org/10.1201/9781420005271.ch22

Colombo, D., Maathuis, M.H., 2014. Ordedependent causal structure ldag 15, 3921
3962.

Courty, L.G., Wilby, R.L., Hillier, J.K., Slater, L.J., 2019. Intensiyratiorfrequency curves at
the global scale. Environ. Res. Lett. 14. https://doi.org/10.1088/2328/ab370a

Czemiel Berndtsson, J., 2010. Green roof performewards management of runoff water
guantity and quality: A review. Ecol. Eng. 36, 3360.
https://doi.org/10.1016/j.ecoleng.2009.12.014

Ding, J., Jiang, Y., Fu, L., Liu, Q., Peng, Q., Kang, M., 2015. Impacts of land use on surface
water quality in a subbpical river basin: A case study of the dongjiang river basin,
Southeastern China. Water (Switzerland) 7, 44245. https://doi.org/10.3390/w7084427

Egodawatta, P., Thomas, E., Goonetilleke, A., 2007. Mathematical interpretation of pollutant
washoff from urban road surfaces using simulated rainfall. Water Res. 41i, 302b
https://doi.org/10.1016/j.watres.2007.03.037

Gao, B., Cui, Y., 2015. Learning directed acyclic graphical structures with genetical genomics
data. Bioinformatics 31, 3953960. httpg/doi.org/10.1093/bioinformatics/btv513

Gaut, J., Chua, L.H., Irvine, K.N., Le, S.H., 2019. Modelling the washoff of pollutants in various
forms from an urban catchment. J. Environ. Manage. 246 3824
https://doi.org/10.1016/j.jenvman.2019.05.118

Gooneitlleke, A., Thomas, E., Ginn, S., Gilbert, D., 2005. Understanding the role of land use in
urban stormwater quality management. J. Environ. Manage. 74231
https://doi.org/10.1016/j.jenvman.2004.08.006

Gorgoglione, A., Bombardelli, F.A., Pitton, B.J.Qki, L.R., Haver, D.L., Young, T.M., 2019.
Uncertainty in the parameterization of sediment bupdand wastoff processes in the
simulation of sediment transport in urban areas. Environ. Model. Softw. 111,870
https://doi.org/10.1016/j.envsoft.2008.022

Guo, J., Zuo, P., Yang, L., Pan, Y., Wang, L., 2021. Quantitative identification gdaion
sources of nitrate in urban channels based on dersstelisamplings and nitrate isotope
composition. Chemosphere 263. https://doi.org/10.1016/j.chemespb20.128219

Ham, Y.S., Tamiya, S., 2007. Contribution of dissolved organic nitrogen deposition to total
dissolved nitrogen deposition under intensive agricultural activities. Water. Air. Soil Pollut.
178, 513. https://doi.org/10.1007/s112406-9109y

Hopkins, K.G., Loperfido, J. V., Craig, L.S., Noe, G.B., Hogan, D.M., 2017. Comparison of
sediment and nutrient export and runoff characteristics from watersheds with centralized
versus distributed stormwater maeagent. J. Environ. Manage. 203, 2368.

45



https://doi.org/10.1016/j.jenvman.2017.07.067

Hung, F., Hobbs, B.F., 2019. How can learrinygdoing improve decisions in stormwater
management -Basedl opBnaizatersmodehfor planning urban green
infrastiucture investments. Environ. Model. Softw. 113 B2
https://doi.org/10.1016/j.envsoft.2018.12.005

Kim, S.W., Park, J.S., Kim, D., Oh, J.M., 2014. Runoff characteristics epoon pollutants
caused by different land uses and a spatial overlay anelyglispatial distribution of
industrial cluster: A case study of the Lake Sihwa watershed. Environ. Earth Sci.i71, 483
496. https://doi.org/10.1007/s126633-29337

Le, T.D., Liu, L., Tsykin, A., Goodall, G.J., Liu, B., Sun, B.Y., Li, J., 2013. Inferring
microRNA-mRNA causal regulatory relationships from expression data. Bioinformatics 29,
765 771. https://doi.org/10.1093/bioinformatics/btt048

Lee, D.H., Kim, J.H., Mendoza, J.A., Lee, C.H., Kang, J.H., 2016. Characterization and source
identification of pllutants in runoff from a mixed land use watershed using ordination
analyses. Environ. Sci. Pollut. Res. 23, 9G/0. https://doi.org/10.1007/s113866-
6155x

Leu, S. Sen, Bui, Q.N., 2016. Leak Prediction Model for Water Distribution Networks Created
Using a Bayesian Network Learning Approach. Water Resour. Manag. 30,2889
https://doi.org/10.1007/s1126916-13168

Lintern, A., McPhillips, L., Winfrey, B., Duncan, J., Grady, C., 2020. Best Management
Practices for Diffuse Nutrient Pollution: Wick&ioblems Across Urban and Agricultural
Watersheds. Environ. Sci. Technol. 54, 91%D74. https://doi.org/10.1021/acs.est.9b07511

Liu, A., Egodawatta, P., Guan, Y., Goonetilleke, A., 2013. Influence of rainfall and catchment
characteristics on urban stormter quality. Sci. Total Environ. 444, 255%2.
https://doi.org/10.1016/j.scitotenv.2012.11.053

Liu, A., Goonetilleke, A., Egodawatta, P., 2015. Role of Rainfall and Catchment Characteristics
on Urban Stormwater Quality. Springer.

Liu, J., Shen, Z., Cheh,, 2018. Assessing how spatial variations of land use pattern affect
water gquality across a typical urbanized watershed in Beijing, China. Landsc. Urban Plan.
176, 51 63. https://doi.org/10.1016/|.landurbplan.2018.04.006

A

Marco, A., Ness, R., 2020. Package bnl ear n . 0

Métadier, M., BertrandKrajewski, J.L., 2012. The use of lotgrm online turbidity
measurements for the calculation of urban stormwater pollutant concentrations, loads,
pollutographs and intravent fluxes. Water Res. 46, 688856.
https:/doi.org/10.1016/j.watres.2011.12.030

Miguntanna, N.P., Liu, A., Egodawatta, P., Goonetilleke, A., 2013. Characterising nutrients
washoff for effective urban stormwater treatment design. J. Environ. Manage. 187,.61
https://doi.org/10.1016/j.jenvman.2B.02.027

Miiller, A., Osterlund, H., Marsalek, J., Viklander, M., 2020. The pollution conveyed by urban

46



runoff: A review of sources. Sci. Total Environ. 709.
https://doi.org/10.1016/j.scitotenv.2019.136125

Murphy, K.P., 2001. The Bayes Net Toolbox katlab. Comput. Sci. Stat. 33, 1024034.

Muthusamy, M., Tait, S., Schellart, A., Beg, M.N.A., Carvalho, R.F., de Lima, J.L.M.P., 2018a.
Improving understanding of the underlying physical process of sedimertoffestim
urban road surfaces. J. Hydrol.753826 433. https://doi.org/10.1016/j.jhydrol.2017.11.047

Muthusamy, M., Wani, O., Schellart, A., Tait, S., 2018b. Accounting for variation in rainfall
intensity and surface slope in wasth model calibration and prediction within the Bayesian
framework.Water Res. 143, 56569. https://doi.org/10.1016/j.watres.2018.06.022

National Landuse Landcover Database (NLCD) [WWW Document], 2006. URL
https://www.usgs.gov/centers/eros/science/natiarad-coverdatabase?¢t
science_center_objects=0#gtience_centeobjects (accessed 1.12.21).

Nayeb Yazdi, M., Ketabchy, M., Sample, D.J., Scott, D., Liao, H., 2019. An evaluation of HSPF
and SWMM for simulating streamflow regimes in an urban watershed. Environ. Model.
Softw. 118, 211225. https://doi.org/10.1016/j.en\is@019.05.008

Nayeb Yazdi, M., Sample, D.J., Scott, D., Wang, X., Ketabchy, M., 2021. The effects of land use
characteristics on urban stormwater quality and watershed pollutant loads. Sci. Total
Environ. 773, 145358. https://doi.org/10.1016/j.scitote@®12145358

Nelson, E.J., Booth, D.B., 2002. Sediment sources in an urbanizing, mixeaskmatershed.
J. Hydrol. 264, 5168. https://doi.org/doi:10.1016/S002594(02)0005%8

NOAA, 2020. National Climatic Data Center (NCDC). National Oceanic and Atreasph
Administration [WWW Document]. URL https://www.ncdc.noaa.gov/ (accessed 11.1.20).

Pai, N., Saraswat, D., 2013. Impact of land use and land cover categorical uncertainty on SWAT
hydrological modeling. Trans. Am. Soc. Agric. Biol. Eng. 56, 138B7.
https://doi.org/10.1177/016001760202500202

Paul, M.J., Meyer, J.L., 2008. Streams in the urban landscape. Urban Ecol. An Int. Perspect.
Interact. Between Humans Nat. 32, PR31. https://doi.org/10.1007/948387-73412
5 12

PCSWMM Version 7.3.3095. CHI, 2020
Perera, T., McGree, J., Egodawatta, P., Jinadasa, K.B.S.N., Goonetilleke, A., 2021a. Catchment
based estimation of pollutant event mean concentration (EMC) and implications for first

flush assessment. J. Environ. Manage. 279, 111737.
https://doi.org/10.216/}.jenvman.2020.111737

Perera, T., McGree, J., Egodawatta, P., Jinadasa, K.B.S.N., Goonetilleke, A., 2021b. A Bayesian
approach to model the trends and variability in urban stormwater quality associated with
catchment and hydrologic parameters. Wates. R87, 117076.
https://doi.org/10.1016/j.watres.2021.117076

Perera, T., McGree, J., Egodawatta, P., Jinadasa, K.B.S.N., Goonetilleke, A., 2019. Taxonomy of

47



influential factors for predicting pollutant first flush in urban stormwater runoff. Water Res.
166. https://doi.org/10.1016/j.watres.2019.115075

Pitt, R.E., Maestre, A., Clary, J., 2018. The national stormwater quality database (NSQD, version
4.02) 1 65.

Pitt, R.E., Maestre, A., Morquecho, R., 2004a. The National Stormwater Quality Database
(NSQD, Verson 1.1). 1st Annu. Stormwater Manag. Res. Symp. Pra@5L3

Pitt, R.E., Maestre, A., Morquecho, R., Brown, T., Schueler, T., Cappiella, K., Sturm, P., Swann,
C., 2004b. Findings from the National Stormwater Quality Database (NSQD), in: World
Water and Ewironmental Resources Congress, ASCE, Reston, VA.idf. 1

R Core Team, 2019. R: A Language and Environment for Statistical Computing. R Foundation
for Statistical Computing, Vienna, Austria URL. https://wwwpRject. org/.

Rossman, L.A., 2015. Storm\VWat Management Model User 6s Manua
States Environ. Prot. Agency 353.

Sambito, M., Cristo, C. Di, Freni, G., Leopardi, A., Quintiliani, C., 2018-d@ralitioning
approach to Bayesian Decision Network for water quality sensors positianinigan
drainage systems 3, 1841B850. https://doi.org/https://doi.org/10.29007/bcnz

Scutari, M., 2010. Learning Bayesian networks with the bnlearn R Package. J. Stat. Sofiw. 35, 1
22. https://doi.org/10.18637/jss.v035.i03

Shahed Behrouz, M., 2022. Corefdd NSQD [WWW Document]. GitHub. URL
https://github.com/MinaShahedBehrouz/Complet2QD

Sharafati, A., Asadollah, S.B.H.S., Hosseinzadeh, M., 2020. The potential of new ensemble
machine learning models for effluent quality parameters prediction anedelatertainty.
Process Saf. Environ. Prot. 140j 88. https://doi.org/10.1016/j.psep.2020.04.045

Shaw, S.B., Stedinger, J.R., Walter, M.T., 2010. Evaluating Urban Pollutant Buildup@ffash
Models Using a madison, wisconsin catchment. J. Environ. EBg1983 203.
https://doi.org/10.1061/(ASCE)EE.194870.0000142

Singh, H.V., Thompson, A.M., Gharabaghi, B., 2017. Event Runoff and SedifreddtNeural
Network Models for Assessment and Design of Management Practices for Small
Agricultural Watersheds. 8lydrol. Eng. 22, 04016056.
https://doi.org/10.1061/(asce)he.198384.0001457

Stoner, E.W., Arrington, D.A., 2017. Nutrient inputs from an urbanized landscape may drive
water quality degradation. Sustain. Water Qual. Eddli09136 150.
https://doi.org/1L016/j.swaqe.2017.11.001

Sun, S., Barraud, S., Castebrunet, H., Aubin, J.B., Marmonier, P., 2015tdrangtormwater
guantity and quality analysis using continuous measurements in a French urban catchment.
Water Res. 85, 43242. https://doi.org/10.101j6rvatres.2015.08.054

Taylor, G.D., Fletcher, T.D., Wong, T.H.F., Breen, P.F., Duncan, H.P., 2005. Nitrogen
composition in urban runoffimplications for stormwater management. Water Res. 39,

48



1982 1989. https://doi.org/10.1016/j.watres.2005.03.022

Toor, G.S.Occhipinti, M.L., Yang, Y.Y., Majcherek, T., Haver, D., Oki, L., 2017. Managing
urban runoff in residential neighborhoods: Nitrogen and phosphorus in lawn irrigation
driven runoff. PLoS One 12§ 17. https://doi.org/10.1371/journal.pone.0179151

Tsagris, M, 2019. Bayesian Network Learning with the PC Algorithm: An Improved and
Correct Variation. Appl. Artif. Intell. 33, 1G11.23.
https://doi.org/10.1080/08839514.2018.1526760

U.S. Department of Agriculture (USDA): Natural Resources Conservation Service (NRCS)
Geospatial Data Gateway, 2020. Digital Elevation Models [WWW Document]. URL
https://datagateway.nrcs.usda.gov/ (accessed 10.1.20).

U.S. Department of Agriculture Natural Resources Conservation Service, 2021. Web Soil Survey
Geographic Database (SSURG®@J\WW Document].

U.S. EPA, 2012. Water: Monitoring & Assessment [WWW Document]. URL
https://archive.epa.gov/water/archive/web/html/ivms56.html (accessed 12.7.20).

U.S. EPA, 1983. Results of the nationwide urban runoff program, vol. I. Final Report. United
Staes Environ. Prot. Agency.

U.S. Soil Conservation Service, now N.R.C.S., 1986. Urban Hydrology for Small Watersheds
(Tr-55 Rev. ). U.S. Dep. Agric. Tech. Release No. 55.

United States Geological Survey (USGS), 2020. National Water Information System: Web
Interface [WWW Document]. URL https://waterdata.usgs.gov/nwis/rt (accessed 11.1.20).

Vaze, J., Chiew, F.H.S., 2004. Nutrient Loads Associated with Different Sediment Sizes in
Urban Stormwater and Surface Pollutants. J. Environ. Eng. 1303381
https://da.org/10.1061/(asce)0738372(2004)130:4(391)

Vijayashanthar, V., Qiao, J., Zhu, Z., Entwistle, P., Yu, G., 2018. Modeling Fecal Indicator
Bacteria in Urban Waterways Using Artificial Neural Networks. J. Environ. Eng. (United
States) 144,19. https://doiorg/10.1061/(ASCE)EE.1943370.0001377

Wang, J., Guo, Y., 2019. Stochastic analysis of storm water quality control detention ponds. J.
Hydrol. 571, 578584. https://doi.org/10.1016/j.jhydrol.2019.02.001

Wang, R., Zhang, X., Li, M.H., 2019. Predicting biergion pollutant removal efficiency with
design features: A dati#riven approach. J. Environ. Manage. 242,i40Q3.
https://doi.org/10.1016/].jenvman.2019.04.064

Wang, S., He, Q., Ai, H., Wang, Z., Zhang, Q., 2013. Pollutant concentrations and pollution
loads in stormwater runoff from different land uses in Chongqging. J. Environ. Sci. (China)
25, 502 510. https://doi.org/10.1016/S100¥42(11)61032

Wijesiri, B., Egodawatta, P., McGree, J., Goonetilleke, A., 2015. Influence of pollutarduipuild
on variallity in wash-off from urban road surfaces. Sci. Total Environ. 528, 344 350.
https://doi.org/10.1016/j.scitotenv.2015.04.093

Yang, Y.Y., Toor, G.S., 2017. Sources and mechanisms of nitrate and orthophosphate transport

49



in urban stormwater runoff fronesidential catchments. Water Res. 112,184.
https://doi.org/10.1016/j.watres.2017.01.039

Zhou, L., 2019. Correlations of Stormwater Ru
Value by Land Use at the Parcel Level in a Small Sized American\éier 11, 117.
https://doi.org/https://doi.org/10.3390/w11112369

Zivkovich, B.R., Mays, D.C., 2018. Predicting nonpoint stormwater runoff quality from land use.
PL0S One 13,i117. https://doi.org/10.1371/journal.pone.0196782

50



Chapter 3.  Using Random Forest, a Mchine Learning Approach to Predict Nitrogen,

Phosphorus, and Sediment Event Mean Concentrations in Urban Runoff

Mina Shahed Behrouz, Mohammad Nayeb Yazdi, David J. Sample

Submitted: January 2022
To: Journal of Environmental Management

Status: InReview

Abstract

Estimating pollutantoads 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). S@fdselected and sized based on
influent pollutant loads. A common method used to estimate pollutant loads in urban runoff is
the Event Mean ConcentratioBNIC) method. In this study, we develop and apply -ahizen
models using Random Forest (RF), a miae learning approach, to predict Total Nitrogen (TN),
Total Phosphorus (TP), Total Suspended Solids (TSS), and-Bhibgphorus (Orth®) EMCs
in urban runoff. The parameters considered in this study were climatological characteristics (i.e.,
AntecedenDry Period orADP, Precipitation Depth d?, Duration oD, and Intensity of) and
catchment characteristics including land-uslated parameters including Imperviousnésg,
Saturated Hydraulic Conductivity 8&a, and Available Water Capacity 8MC), and site
specific parameters including Slof#) (and Catchment Sizé), 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 -uskated characteristics (i.émp, Ksa, andAWQ were
the most effective variables for predictinglBMCs For TP, TSS, and OrtH®, sitespecific
characteristics§andA) had a greater effect than climatological characteristicsARP, P, D,
andl). However, for TN, climatological characteristics had a greater effect thaspsitdic
characteristicsandA). In addition, forTN, TP, and TSS, precipitation charattécs @, D,

andl) were found to be more effective parameters for estim&iigGsthanADP.

This study highlights the most influential parameters affedvigswhich can be used
by stakeholders and SCMs designers to improve estimates of nutrienedandragEMCs The
selection and design of the highest performing SCMs rasesdtssential in achieving effective

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

A
ADP
ANN
AWC
D
DEMs
EMC
GIS

I
IDF
Imp
Ksat
LU
MLR
MSE
mtry

NCDC
NHz-N
NH4-N
NLCD
NOs-N
NO2-N
NRCS
NSQD
OOB Error
OrganiecN
OrganicP
OrthoP

P

PBIAS
PCSWMM
%INncMSE
RF

S

SCM
SSURGO
SWMM
TKN

TN

TP

trees

TSS
USDA
USGS

Catchment Size iHlectares

Antecedent Dry Period in days

Artificial NeuralNetwork

Available Water Capacity in percentage
Precipitation Duration in min

Digital Elevation Models

Event Mean Concentration in mg/L
Geographidnformation System

Precipitation Intensity in mm/min
Intensity-DurationFrequency

Imperviousness in percentage

Saturated Hydraulic Conductivity in micro m/s
Dominant Land Use

Multilinear Regression

Mean Squared Error

Number of Features Considered by Each Tree When
Splitting at a Node in a Random Forest Model
National Climatic Data Center

Ammonia in mg/L

Ammonium in mg/L

National Land Use Landcover Database
Nitrate in mg/L

Nitrite in mg/L

Natural Resources Conservation Service
National Stormwater Quality Database

Out of Bag Error

Organic Nitrogen in mg/L

Organic Phosphorus in mg/L

Ortho phosphorus in mg/L
Precipitation Depth in mm

Percent Bias

Personal Computer Storm Water Management Model
Percent Increase in Mean Squared Error
Random Forest

Slope in percentage

Stormwater ContraMeasures

Web Soil Survey Geographic Database
Storm Water Management Model

Total Kjeldahl Nitrogen in mg/L

Total Nitrogen in mg/L

Total Phosphorus in mg/L

Number of Decision Trees in a Random Forest Model
Total Suspended Solids in mg/L

U.S. Department of Agriculture

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 elevateémnations of pollutants delivered
downstrean{Kerkezet al., 2016; Sun et al., 201®)xcess 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 bidirtern 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 meetivaer 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 ConcentraticdBNIC) method is commonly used
by researchers and practitioners alike to estimate pollutant loads in urbanTuoofiela et al.,
2019) Although Land Usel(U) and Antecedent Dry PeriodDP) are known parameters that
affectEMCs(Rossman, 2015%everal studies have not found a strong correlatitwelemADP
and pollutant loads in urban runoff, making it a relatively insensitive para(@sat et al.,
2019; Gorgoglione et al., 2019aieb Yazdi et al., 2021; Sun et al., 2015 the other side,
several studies have found other parameters such as precipitation characteristics like intensity
and duratior{Shaw et al., 201@nd surface slop@uthusamy et al., 2018b, 2018a)be
effective predictive parameters. Thus, thereni®pen question as to which parameters have the
greatest impact oBMCs This study addressed this question and evaluated the relationship
betweerEMCsand a host of parameters that can be classified as either climatological (i.e.,
Depth,P, Duration,D, and Intensity,) or catchment characteristics (i.e., Slof@e,
Imperviousnesdmp, and AreaA). Previous studie@Viuthusamy et al., 2018a, 2018b; Nayeb

Yazdi et al., 2021; Perera et al., 2021; Wang et al., 2013; Wijesiri et al., R8dbpased upon
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limited singlesite case studies or through the use of a rainfall siroulatihile data for this

study were taken from a national dataset, the National Stormwater Quality Database (NSQD)
(Pitt et al., 2004a, 2004igrigure3.1). A key advantage of this approach is that it is robust,
allows statistial analysis, anthcludes data from a national databhagarious water quality
constituents are reported in the NSQD, including but not limited to Total Nitrogen (TN), Total
Phosphorus (TP), Total Suspended Solids (TSS), and-®hbsphorus (Orth®). Andysis of

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

The completed data can be accessed through the GitHub w@bsiteed Behrouz, 2022)

Machine learning algorithms have been increasingly applied in environmental research,
including streamflow simulatio(Shortridge et al., 2016)lood prediction(Mosavi et al., 2018)
estimating sediment yiel@ingh et al., 2017)and predicting fecal coliform bacteria in urban
waterwayqVijayashanthar et al., 201.8fommonly used machine learning algorithms include
Multilinear Regression (MLR), Artificial Neural Networks (ANN), and Random Forest (RF)
(Fang et al., 2021Among diffeent machine learning algorithms, the RF approach has recently
found favor, as RF models are less prone to overfitting and account for dependencies among
parametergHarrison et al., 2021; Perera et al., 2019; Wang et al., 208i)g combinations of
parameters and considering their interactionsl[e@dS (Muthusamy et al., 2018b, 2018aan
yield better results for predictingMCs 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 parameteiarison et al. (2021) and Wang et al. (202fplied an RF
approach to predict water quality in a stre®®rera et al. (201%pplied the RF approach to

predict pollutant first flush in urban runo8harafati et al. (202@sed RF to assess and identify

55



effluent water quality parameters at a wastewater treatment fa€itipak et al., (2022)

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

This study developed and applied ddtaven models to predict TN, TP, TSS, and O+tho
P EMCsin urban runoff which is a current research gap as identifidgbliyeras Guzman et al.,
(2022) considering climatological characteristics (iAQP, P, D, andl) and catchment
characteristicéi.e., S A, andimp). 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 sing#te case study and considens tiimatological and
catchment parameters (ife. D, ADP, I, LU, ImpSaturated Hydraulic Conductivityr Ksat,
Available Water Capacitgr AWC, S, and Akhile at the same time predictiiMCs.The
objectives of this study are to (1) determine the mairets ofEMC 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 EMCsbased 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 ove®80 storm events frompproximately300 singleland

usecatchments.

3.2. Methodology

A schematic outlinef the methodology used in this study is provided in Fi§2eThe
methodconsists o{1) completing thelatdbase and further preparati@g.,removal of
outliery, (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 usitestimg dataset, (6)
investigating key variables affecti®MCs (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 nitwring data extracted from a national dataset, the NSQD
(Pitt et al., 2004a, 2004i0rigure3.1). The NSQD stores monitoring results from over 5,000
storm events, collected from approximately 300 urban catchments, eachsimtiredland use,
including commercial, freeways, industrial, institutional, open space, and residential @igure
Common water quality constituents included in the NSQD are TNafAdPTSS(Pitt et al.,

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

and OrtheP EMCsbased on various characteristics (i.e., climatological and catchment).
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3.2.1.1Database completion and variable selection

The missing climatological charaeistics, which include@, D, andADP, and
catchment characteristics suchSamp, Available Water CapacitfAWC),and Saturated
Hydraulic Conductivity(Ksa for approximately 300 urban catchmewsre 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 értBbICs(Pitt et al., 2018)
See Table&.1 for descriptions, units, and data sources of selected variables in the NSQD dataset.
AWCandKsatwere included as a quantitative representation of the dominant soil type for each
catchmentAWCandKsa: were obtained fronthe A horizontextureandthe physical soil

propertiedisted inthe Web Soil Survey Geographic Database (SSURGO)

3.2.1.2Data pre-processing

EMCswere preprocessed, which included lognormal transformation and removal of
outliers. Sinc&EMCscan be characterized by a lognormal distribug®itt et al., 2004axhey
were transformethto a logarithmic scale. The dataset wa# smtio training and testing
portions, which is required for using a machine learning algorffyralis et al., 2019)Outliers
were removed in this study to ensure training and testing covered the sam@engjeet al,

2018)

3.2.1.3Scenarios

Five scenarios, MM5, each considering different combinations of téreselected
parameters were imported into each RF model (Tal)e Based on the literaturADP andLU
were considered to be the two main parameters affeeM@s Thus, M1 is the base model
which only includesADP andLU 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 oBMCs For example, M2ansidersADP, LU,and climatological characteristics
(i.e.,P, D, andl) or M27 M1 =P + D + I, thus the difference model performance for M1 and

M2 scenarios can indicate the effect of climatological characteristiEd s

M3 considerdADP, LU,and catchment characteristics (ilep, Ksa, AWGC S andA).
The difference between inputs of M1 and M3 (MBI1 = Imp + Ksat+ AWC+ S+ A) provide
insight into how considering catchment characteristics (i, Ksa, AWG S andA) improved

the predictions cEMCs

M4 considerdADP, LU,and climatological characteristics (i.B,,D, andl) and land use
related charaetistics (i.e.Jmp, Ksa, andAWQ. The difference between M2 and M4 (M4M2
= Imp + Ksat+ AWQ as inputgprovides insight into how consideritand useelated
characteristics (i.elmp, Ksa;, andAWQ improves EMC predictiond.U affectsAWC, Ky, 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 charderistics AWC, K, andimp) and the variables that are not affected by land use

type and arsite-specific(SandA).

M5 considers all climatological characteristics (ig.D, andl) and catchment
characteristics (i.elmp, Ksay AWC S andA). The difference between M4 and M5 (M314 =
S+ A) as inputgprovides insight into how considering site characteristics 8.a@andA)
improvesEMC predictions. The difference between M3 and M5 as inpuagides insight into
how considering climatologal characteristics (i.eB, D, andl) improvesEMC predictions since

M5T M3=P+D+1.
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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 aggréBatioman, 2001;
Fang et al., 2021 RF handles nafinearity between variables wélWang et al., 2021)n an RF
model, random samples are taken with replacement, and a random subset of features is used to
generate each decision tr&# can be used for classification and regression purgdsesson
et al., 2021)The dependent variable is quantitative and qualitative in regression and
classifcation algorithms, respectivelin this study, RF regression was used to predict TN, TP,
TSS, and Orthd EMCs A prediction in an RF model is made by averaging the results of all the
regression decision tre@@reiman, 2001)RF models can handle both continuous and
caegorical variables as inputs. In this study, was a categorical variable, all other variables
were treated as continuousl data analyses and visualization were performed using the R
programming languagd&k Core Team, 2019nd a fee opersource package in Rnown as

0 r an d o nflEaoviara $Vierder, 2018)

3.2.2.1Model construction, training, testing, and evaluation criteria
Thedataset was split randomly into training (80%) and tegigrgpds (20%) anthe
process was repeat&f0timesto test five scenarios, M1 to M&ndbetter evaluate the

performance of the RF moddRang et al., 2021)

NashSutcliffe Efficiency (NSExnd Percent Bias (PBIAS)ereselected as the model

evaluation criteria to assess the performance of the RF models. NSE rangé8 framo 1, wi t h

being the optimal value, and positive NSE being the acceptable performance of the RF models.
Negative NSE values indicate that usingdkerage value of observation would yield a better

estimate than the outcome of the constructed RF n{btielasi et al., 2015; Nashd Sutcliffe,
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1970) PBIASIs 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 im@lgpta 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 modelsgluringthe testing phase were identified as the selected RF for each
water quality constituent of intere&tBIAS 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. R&ing defined which characteristics (precipitation or catchnedfayrted TN, TP,

TSS, and Orthd® EMCsmore

As mentioned in sectiod.2.1.3 there are two methods for investigating the impact of
climatological characteristics dMC predictions, including (1) the difference between M2 and
M1 (M2-M1=P+D +1), and (2) the difference between M5 and M3 (MB3 =P + D + ).
Thus, to considr 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 @.eD3, andl) improvedEMC

predictons.
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Table 3.1. Description, units, and data sources of selected variabhtbselected parameters as inputs in each scenario to RF models

Characteristic Selected Descriptions Units Data source
S variables
'FA;DP é?;ifp?aignd;is;rmd (rjnarzs Closest station with hourly data from tRational Climatic
Climatological S . . Data Center (NCDCandthe United States Geological
D Precipitation duration  min
N . . Survey (USGS)
I Precipitation intensity ~ mm/min
Land Imp Imperviousness % National Land use Land Cover database (NLG&tpbase
Use AWC Available water capacity % Web Soil Survey Geographic DatabdSSURGO)
related Ksat Saturated hydraulic micro Web Soil Survey Geographic DatabdSSURGO)
conductivity m/s
Catchment S Slope % Digital Elevation Models (DEMs) were downloaded from
Site theU.S. Department of Agriculture (USDA): Natural
. Resources Conservation Service (NRCS): Geospatial De
specific
Gateway
A Catchment size Hectares The National Stormwater Quality DatabdBét et al., 2018)
Scenario Selected parameters as inputs
name
M1 ADP + LU
M2 ADP + LU+ P +D + 1
M3 ADP + LU + Imp + AWC + Katt S+ A
M4 ADP+LU+P+D+ 1+ Imp+ AWC + Kt
M5 ADP+LU+P+D+1+Imp+AWC + kKut+ S + A
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3.2.2.2Hyperparameters

Hyperparameters in an RF model are the parameters that are not thaingthe
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 treesgit @t 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 6randomForestd®é package in R. Hyper par amet
-500 and I 8, respectively. Hyperparameters tuning was performed using Out of Bag (OOB)
errors. OOB samples are the samples that remained unselected in #ss pfdwootstrapping
the training set. Previous studies found that OOB samples compose about 1/3 of the training set
(Biau and Scornet, 2016; Roguet et al., 20I8F optimized hyperparameseof the RF models
were those with the lowest OOB errors; these were held constant during the training and testing

periods.

3.2.2.3Variable 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 characteristiceEdhCswas identified using the variable

importance metrics in the selected RF models. The procedure consisted of:

1. TheRFmModel 6 s mean squared error (MSE) which

observations and simulations was computed.

2. For each variable in the RF model:

1 The variable was permuted.
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T A new model MSE according to variable permutation was calculated.

1 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 tlggeatest 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, mtrire@esdare
shown in Figure 3. The results indicated that mtry = 2 is the optimized value for all water
quality constituents (Figure3 ad) as OOB error is minimized, hence it was chosen as the
optimized value. The chosen values for mtry for all water quality constituents are withwn
star marks (Figure.3, ad). For trees, when the number of trees is higher than 100, the error was
minimized for all water quality constituents (Figur8,3-h), thus, trees = 10@ereselected for

all water quality constituents in this study.
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Figure 3.3. Tuningof hyperparameter®r 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 € and g), an®@rtho-P (d and h), respectivelgtar marks show thénosen 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 scenariosyi81as inputdor the water
guality constuents of interest (TN, TP, TSS, and OHRpare shown in Figurgé4. The
performance of the RF Models (NSE values) was approximately the same across water quality
TN, TP, and TS&EMCs(Figure3.4, ac), but was better for OrthB (Figure3.4, d). Duringthe
training period, median NSE values with M2, M4, and M5 as inputs, were above 0.7 for TN, TP,
TSS, and Orthd?, indicatingnearoptimalmodel fit (Figure3.4.1).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 (Figura.4.2). All RF models exhibited higher variability in testing NSE
values (wider interquartile range) across 100 itenatcompared to training NSE values

(narrower interquartile range), see Fig8r4.
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The median NSE values with M5 as input are shown with star rdarksythe testing
phase and the associated models were chosen as the selected RF mode&4)-iBurang the
training period, PBIAS values for the selected RF models ¥0e8e0, 0, and 0.1 for TN, TP,
TSS, and Orthd’, respectively. During the testing period, PBIAS values for the selected RF
models were 3.90.6,-1.3, and-2.2 for TN, TP, TSS, and @rw-P, respectively. PBIAS values
were < * 4during training and testing periofts TN, TP, TSS, and OrthB, indicating that the

selected RF models did not underestimate or overestimate water GGty

Predicted versus observed values for all watedity EMCs TN, TP, TSS, and OrthB
are plotted in Figur8.5. Figure3.5 shows that for all water qualigyMCs the scatter plot of
predicted versus observed falls along 1:1 lines iné#the unbiased model predictions for

EMCs
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Figure 3.4. Boxplots of NaskSutcliffe Efficiency (NSE) valuesfor (1) training and (2) testing

phasegenerated birandom ForestRF) models for a) TN, b) TP, ¢) TSS, and d) Orthd he

selected RF models (with M5 as input) are shown with star marks which represent RF models

with the median NSE valueShe number of events for TN, TP, TSS, and Oiffhwas 3207,

3252, 3249, and 512, mectively. The number of stations for TN, TP, TSS, and GRtheas

282, 286, 285, and 48, respectively.
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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 Tabl8.2. The difference between the median NSE values for various scenarios
shows how considering climatological characteristics D, andl) andbr catchment
characteristics (i.elmp, Ksa, AWGC S andA) improves the predictions of water qualECs
The median NSE values were improved from 0.01 to 0.35, 0.03 t0-0.83,to 0.30, and 0.06

to 0.49 for TN, TP, TSS, and Ortfiy respectively (Figurd.4 and Table.2).

The results showed that for TN, TP, TSS, and GRhthe difference between madi
NSE values for M2 and M4 (M4 M2 =Imp + AWC+ Ksar) ranged between 0.2®.32,
respectively while the difference between median NSE values for M4 and Mb iM5= S+
A) was 0.04, and for M1 and M2 (M2M1 =P + D +1) and M3 and M5 (M5 M3 =P +D +1)
ranged between 0.0150.06. Thus, land use related characteristiog,(AWGC andKsa) affected
water qualityEMCsthe most
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For TP, TSS, and OrthB, site characteristic§,(andA) were followed byanduse
characteristics in terms of affectimgter qualityfEMCs and precipitation characteristics were
the least effective parameters. However, precipitation characteristics were more important

parameters affecting THMCsthan site characteristicS, (@andA).
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Table 3.2. Effect of variables omwaterquality EMCsfor TN, TP, TSS, and OrthB. The investigated variables were precipitation

characteristics (i.e., Precipitation DepthRyiPrecipitationDuration orD, and Precipitation Intensity ¢y and catchment

characteristics (i.e., Imperviousnesdrap, Saturated Hydraulic Conductivity &&a;, Available Water Capacity kWG Slope orS

andCatchment Size ok).

Water Characteristics Difference between scenario! Median Median Difference between Rank
quality NSE for  NSE forthe  median NSE values
constituents the first second for first and second
scenario scenario scenarios
o M21 M1 =P+D+| 0.01 0.11 0.10 bl.
N Precipitation D —P+D+] 0.33 0.35 0.02 AvgPl: 0.06 2
M4iT M2 =Imp+ AWC + Keat 0.11 0.31 0.20 1
Catchment .
M51 M4 =S+A 0.31 0.35 0.04 3
o M21 M1 =P+D+| 0.03 0.05 0.02 b1,
. Precipitation M5 i M3 —P+D+| 0.32 0.33 0.01 AvgPl: 0.015 3
M4i M2 =Imp+ AWC + Kt 0.05 0.29 024 1
Catchment .
M5T M4 =S+A 0.29 0.33 0.04 2
o M21 M1 =P+D+| -0.03 0.03 0.06 bl
e Precipitation M5 i M3 —P+D+] 0.29 0.30 0.01 AvgPl: 0.035 3
Catchment M4T M2 =Imp+ AWC + Ksat 0.03 0.27 024 1
M51 M4 =S+A 0.27 0.31 0.04 2
o M21 M1 =P+D+| 0.06 0.13 0.07 bl
op Precipitation ME T M3 —P+D+| 0.49 0.49 0.00 AvgPl: 0.035 3
Catchment M4i M2 =Imp+ AWC + Ksat 0.13 0.45 032 1
M51 M4 =S+A 0.45 0.49 0.04 2
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[8 Five scenarios, MM5, each considering different combinationgerfselected parameters, were importeid RF models. See

Table3.1 for inputs for each scenario.

bl Avg: average, since the difference in the RF models with M1 and M2 as inputs and M3 as inputs gave insight into how

considering climatological characteristics (ife.,D, andl) improves the predictions of water qualiMCs 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 OrthB EMCswere calculated and are shown in FigBi@and Table 3.
The results highlight the relative importance of climatological and catchment characteristics on
water qualityEMCs %IncMSE for each variable was stored in Teéb&separately and then the
sum of %IncMSE for climatological and catchment characterifticsl use related arsite-
specifig was calculated and ranked. For each variable, %InciM&Esmaller for Orth@ than
other water quality constituents since there were fewer monitored events forfRGtho others.
The number of events for TN, TP, TSS, and Ofhwas 3207, 3252, 3249, and 512,

respectively.

%INncMSE for land use related chateristics ranged between 382, 48i 49, 43i 51,
and 20i 23 for TN, TP, TSS, and OrtH®, respectively, and %IncMSE f8andA ranged
between 43 46, 42i 54, 44i 55, and 24 25 for TN, TP, TSS, and OrtH®, respectively.
While %IncMSE for climadlogical characteristics ranged between &3, 14i 26, 16/ 28, and
671 14 for TN, TP, TSS, and OrtH®, respectively (Figurg.6). These results indicate that
%INncMSE for catchment characteristics was greater than that of climatological characteristics
Thus, catchment characteristics were more effective parameters than climatological
characteristics for predictingMCsin RF modelgsimilar to the results of Chapter. 2)
addition, forTN, TP, and TSS, %IncMSE for precipitation characteris#®( andl) ranged
between 22 33, and forADP ranged between 1422, indicating precipitation characteristics

may be more important parameters tAdP for predictingEMCs

For TN, TP, TSS, and OrtHe, thesum of %IncMSE for land use related characteristics

(Imp, Ksay, andAWQ) were 119, 146, 141, and 64, respectively, and the sum of %IncMSE for site
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characteristicsyandA) were 89, 96, 99, and 49, for TN, TP, TSS, and GRhrespectively.
While the um of %IncMSHor climatological characteristics (i. APP, P, D, andl) was 114,

85, 92, and 41, respectively (Taldl8). Becaus¢he sum of %IncMSE for catchment
characteristics was higher than the climatological characteristics, catchment characteristics

affectedwater qualityfEMCsthe most

® Ortho-P mTP =TSS = TN

%IncMSE
60

50
40
30

20

10

Ortho-P

0 ADP P D 1 Imp K AWC S

sal

Climatological characteristics Catchment characteristics

Figure 3.6. Variable importance metrics reported by %IncM@Ercent increase in mean

squared error) for selected Random Forest (RF) models for predicting TN, TP, TSS, ard Ortho
EMCs ADP: Antecedent Dry Period®: Precipitation DepthD: Precipitation Durationl:

Precipitation Intensityimp: ImperviousnessAWC. Available Water CapacitKsa: Saturated

Hydraulic Conductivity S: Slope,A: Catchment Size.
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Table 3.3. Variable importance metrics reported by %IncM@Ercent increase in mean squared
error) for selected Random Forest (RF) models for predicting water ga®li@sfor TN, TP,

TSS, and Orthd. ADP: Antecedent Dry Period®: Precipitation DepthD: Precipitation

Duration I: Precipitationintensity, Imp: ImperviousnessAWC Available Water CapacityKsat

Saturated Hydraulic Conductivit$g, Slope,A: Catchment Size.

Water Characteristics
quality Measures Climatological Catchment
constituents ADP P D I Imp AWC Ksat S A
%IncMSE 22 32 33 27 42 35 42 46 43
Sum of
TN 9%INcMSE 114 119 89
Rank 2 1 3
%IncMSE 14 22 26 23 49 48 49 54 42
Sum of
TP 9% INCMSE 85 146 96
Rank 3 1 2
%IncMSE 16 28 25 23 43 51 47 55 44
Sum of
T 2 141
SS %IncMSE 9 99
Rank 3 1 2
%IncMSE 11 6 14 10 21 23 20 25 24
Sum of
Ortho-P 9%6INCMSE 41 64 49
Rank 3 1 2

3.4. Discussion

The results showed that only considerkIgP andLU was insufficient to reliably predict
EMCs see scenario M1 in FiguB4 and Table8.2. The medialNSE value®f scenario MXor
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 TSSv@8 meaning that using

the average value of observationssvaabetter model than the RF model with inputaDP and
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LU (Moriasi et al., 2007)Considering precipitation and catchment characteristics significantly
improved the performance of RF modeéigingthe testing phase for all water quality
constituents and decreased the variability oBNE estimates. The median NSE values were
improved 35, 11, 11, and 8 times for TN, TP, TSS, and GRhwespectively (Figurd.4 and
Table3.2). This important finding indicated that parameters other lthhand ADP should be
considered when estimatifgMCs and without precipitation and catchment chteastics, the

performance of the RF model was poor.

The median NSE values for Ortiy 0.49, were higher than that of TN, TP, and TSS
(Figure3.4). This was because the number of stations and everiiblfarP, and TSSvere
almost 6 times greater tharethumber of stations and events for Ofhéang et al. (2021)
who also worked with a large datadetynd that datalriven models often had lower
performance than expected, with median NSE values ranged@r6éto 0.96 during the
testing periodkang et al.2021) Generally, in a datdriven model, the performance of the
model increases by: (1) either increasing the number of data points, or (2) reducing the
explanatory paramete¢(Shirmohammadi et al., 2013jirst, in our study and the study
conducted byrang et al. (2021 )argevariances in the original national dataset attributed to data
collected from multiple studigbat were conducted under different conditidnsour study, data
were gathered from catchments with a wide of variability in precipitation, catchment, and
anthiopogenic 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 avaiteseltled 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 N&Evaluring the testing period.

PBIAS values for the selected RF models during training and testing periods wére
for all water quality constituentsdicating the selected RF models did not overestimate or
underestimate water qualiBMCs Since NSHs sensitive to high values; other criteria (PBIAS)

were also used for evaluating the performance of the RF models.

Moriasi et al. (2015, 200 provided model evaluation guidelines; however, the
recommended guidelineppliedto 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 valies 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 valaes (wi
interquartile range) across 100 iterations (Fid4e. Hence, it was important to repeat each RF

model 100 times, by randomly splitting data into training and testing.

The results of Tabl8.2 were aligned with the results of TaBl8, although twdlifferent
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 smldRF models. Recent studies have
indicated a strong relationship betwddnh andEMCs (Ding et al., 2015; Goonetilleke et al.,

2005; Wang et al., 2013; Zhou, 2019; Zivkovich and Mays, 200i@¥s study replicated their
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findings and also indicated that there is a strong relationship between land use related
characteristics (i.elmp, Ksa, andAWQ and TP, TN, TSS, and Ortt®EMCs The sum of
%INncMSE 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 &IMCs(Figure3.6 and Table3.3). Hence, land use related

characteristics affe€EMCsmore than climatological characteristics.

Among climatological characteristid3, D, andl seemed to have a greater influetizan
ADPon TN, TP, and TSEMCs sincethe %IncMSE forADP was lower thare, D, andl,
respectively (Figur8.6 and Table 3). Other studies have also concluded the same finding

(Kim et al., 2014; Nayeb Yazdi et al., 2021; Toor et al., 2017)

Pregpitation characteristicd D, andl) had a greater influence on TBMCsthanon
TP, TSS, and Orth® EMCs,sincefor TN, the sum of %IncMSEor climatological
characteristics was ranked second and higher than other site charact&siot&)( This may
beattributed to the dissolved form of TN in stormw&iaze and Chiew, 2004The common
source of TN is wedleposition, dissolved in droplets and deposited through precipitation
(Badruzzaman et al., 201ite characteristics (i.€5andA) seem to be more important
parameters affecting TP, TSS, and OsthBMCsthan climatological characteristias thesum
of %IncMSE for site characteristicS&ndA) was higher than the sum of %IncMSE for
climatological characteristics (i.ADP, P, D, andl) for TP, TSS, and OrthB (Figure3.6 and
Table 33). This may be caused by sediments origimgfirom roads, construction sites, and
pervious aregsandgenerally phosphorus binds to soil particl@su et al., 2015; U.S. EPA,

2012)
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Observed water quality constituefivs TN, TP, TSS, and OrthP versus selected
variables includingh, ADP, AWC D, |, Imp, Ksa;, P, andSwere plotted in Figur81 in
Appendix B The greyshaded aresin thesubfiguresdenote the 95 percentile confidence
interval for thetrend of each water quality constitudérim each selected variable with wider
width showing higher uncertainty. As shown in FigBte there is a nonlinear relationship
betweensome ofthe selected variablésuch asA, AWC Imp, Ksa, P, andS) and each water
guality constituentior example, each water quality constitueNMCsincreases by increasimy
until it reached a plateau, then the water quality constitast@sdropped.This justifies using
the RF machine learning algorithm for estimating TN, TP, andH8Ssas RF models can
handle highly nonlinear relationshipEyralis et al., 2019)Other variables (such &DP, D, and
I) were either decreasing or increasing factor. For inst#ige was an increasing factor as each
water qual i EMCincreased a8DR increasad oHeowever, sinEewas a
deceasing factor for each water quality constitUeMCs decreased with increasify | was a

decreasing factor for TEMCsbut was an increasing factor for TP, TSS, and GRIEMCs

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 variabiiiyl@sthan%Imp
(Ebrahimian et al., 2016; Epps and Hathaway, 20&2&jvever, since in the NSQD dataset,
percent effective imperviousness was not provided for all catchniélmgwas consideie
instead in the analysis. In additid@MCshad 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 differen

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 theEMC estimates

3.5. Conclusiors

In this gudy, stormwater quality data from 314 stations across the US were gathered.
Several new characteristics liseAWC andKsatwere added to the NSQD dataset. Other
characteristics likémp, P, D, andADP were filled and RF machine learning was applied
successfully to this large dataset to predict TP, TN, TSS, and-OEMCs We recommend
using RF instead of the PCA method for large datasets such as NSQD as RF not only shows the
dependencies among varied 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 sagntifi low, with NSE values
less than 0.10, when only andADP were included as inputs. However, adding more variables
like precipitation (i.e.P, D, andl) and catchmentharacteristics (i.elmp, Ksa, AWC, SandA)
improved the performance of RFriaderably The autcomes of this study highlight the use of
combinations of variables including climatological (i&0P, P, D, andl) and catchment
characteristics (i.elmp, Ksa, AWC, SandA) for estimatingeMCs Considering precipitation
and catchrant characteristics explained the variability in TN, TP, TSS, and @&tho
concentration in urban runoff from homogenous catchments. Moreover, it was shown that land
use derived characteristics were the most important parameters affecEMCal Thus, baed
on this study, it is recommended that for predicting TN, TP, TSS, and-B&EMCSs land use

related characteristics (i.émp, Ksa, AWQ 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, ané Ortho
EMCs However, site characteristics suchSasdA seemed to be more important parameters
affecting TP, TSS, and OrtHBEMCs Hence, precipitation characteristics should be given more
weight for predicting TNEMCsthan other WQ parameters. However, for predicting TP, TSS,
and OrtheP EMCs site charactéstics such aSandA should be given more weight than

precipitation characteristics addP.
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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 OSTRIEGWMM. The model developed using SWMM calibdhte
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 paraatseters
di ffered significantly bet ween dhngssmeffidienivet vye
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 uncertaintytb& parameter estimate. However, other
parameters, such as Manni ngo6s Frdefinegl.iiineses s coef f
changes in parameter sets for dry and wet hydroclimatic conditions affect the hydrological

response of an urban watershed.
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4.1  Intr oduction

The Stormwater Management Model (SWMM), an epearce computational model, is
a widely used dynamic rainfallnoff model for simulating urban runoff quantity and quality
(Rossman, 2015; U.S. Environmental Protection Agency (U.S. EPA), 202drjety of
stormwater control measures (SCMs) can be simulated within SWMM. SWMM can be used for
both continuous and evehased simulations. Flow measurements are typically divided into
calibration and assessment sets. A calibration set is usedifoatiafy 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 calibratedde! in predicting flow data previously unseen by the model

(Barco et al., 2008; Niazi et al., 2017; Ross, 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 areagthiile cannot be directly
measured or calculated through geographic information system (GIS) such as % effective
imperviousnesgBekele and Nicklow, 2007}hese parameters are best estimated during model
calibration. An important step in any hydrological model is the need to estimate parameters using
obseved data before using the model for any practical purgdseses, 2005 Calibrated
SWMM models are typically used for designing storm drainage systems for flood control,
simulating pollutant loads from urban catchments, and evaluatingfdotiv#ness of various
SCMs for treating stormwater pollutants and reducing floo¢linlart et al., 2018, 2017; Huang

et al., 2018; Rossman, 2019WMM is also used for projecting the effects of new conditions
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outside of current experience (i.e., land use and climatege) on urban runoff quantity and

quality (Alamdari et al., 2022)

Climate change alters histcal temperature and precipitation pattefdajjar et al.,
2009) It is expected that extreme conditions, either wet or dry, will become frequent
(International Panel on Climate Change, 20B8veral studies have assessed the effect of
climate change on urban rung¢flamdari et al., 2017; Giuffria et al., 2017; Hathaway et al.,
2014) Landuse change may be attributed to growing urban populations, transforming lands to
urban areas, and increasing the proportions of imperviousness. Severallsivdievaluated the
effects of landuse change on urban run@ffovenga et al., 2016; Schilling et al., 2010)
Alamdari et al., (2022andLiu et al., (2016)ndicated that climate and landechanges amplify
each otherds i mpacts, r es uliuetah §017,2016)ar ge c han
optimized the selection and placement of SCMs to mitigatpihieeffect of climate and land
use changes on urban runoff quantity and quality. However, when applying various climate and
landuse change scenarios within lumped hydrological models such as SWMM, calibrated
parameters are typically held const@@tizha et al., 2018).e., temporal changes in SWMM

model parameters are typically ignored.

As model predictions foryrologic 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., 2Q1Gynsidering 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 ard@é magnitude assessméNajjar et al., 2010)
Calibrating a hydrological model to present hydrological conditions might fail to adequately

simulate runoff in future hydroclimatic conditior@ni et al., (20163howed 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 selebtsh of

fit probability distribution remains a challenfeangat et al., 2019; Serinaldi et al., 201/8)r

example, Monte Carlo simulations use randomly generated parameter values from a uniform
distribution when prior knowledge is not available for a paran{dteshra et al., 2019)Our

study aims to explore the underlying distribution for various model parameténatedse

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., 201/)a deterministic model, the same output always
results from the same input and initial conditions. Although SWMM has bearefihg 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 betteperforming, neaoptimal parameter vaés for dry and wet hydroclimatic
conditions. Urban planners, decisiorakers, and policymakers identify and adopt sustainable
watershed restoration strategies. Considering temporal changes in parameter values given
various hydroclimatic conditions can pide 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
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processes that govern parameter changes during dry aconditions, 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 Hortondés i nf imindtesentlationtimensieqd. Dyoasnic wave rbuting 5

was used for flow routing.

The six main hydrologic/hydraulic processes in SWMidide (1) external forcing
input data components (precipitation and temperature), (2skaridce runoff components, (3)
subsurface groundwater components, (4) conveyance system components, (5) contaminant
buildup and wash off, and (6) SCMs, which in@uétention ponds with significant storage and
Low Impact Development (LID) practicéNliazi et al., 2017; Rossman, 2015) 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 compiex real
world systems, they must be calibrated using observed flow data. SWMM is a phytsacsaty
model; however, some parameters cannot be directlguna@d due to measurement limitations
and lack of knowledge in the field or laboratory; hence, they cannot be parameterized with

absolute certaintgdames, 2005)

There are two types of model calibration: manual calibration and automatic toafibra
Ma n u a l-andetrrrioarld0 cal i brati on i s (ShamsieamdKganr f or me d

2017) however, it is less feasiblense 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)utomated calibration tools have been developed to overcome the
shortcomings of the manuedlibration 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 fieldobservations and modsimulated datéBarco et al., 2008)

Several opersource automatic calibration tools grackages have been developed for
calibrating SWMM models, including (1) OSTRICEWMM (Optimization Software Toolkit
for Research Involving Computational HeuristiBghrouz et al., 2020§2) RSWMM (R for
SWMM) (Alamdari et al., 2017)X3) SWMMR (Leutnant et al., 2019and SWMMCALPY (an

automated calibration tool for SWMM written in the python langu@giernan, 2018)

In this study, OSTRICFEWMM was selected as the automatic calibration method due to
its capability d running several SWMM models in parallel, speeding up the calibration process
(Matott, 2017) OSTRICHSWMM also performs single and mutibjective calibration, has
dozens of optimization algorithms to choose from, can handles@mes 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 Dimasioned Search (DDS) algorithm has been developed for complex
watershed models such as SWMMlson and Shoemaker, 200DDS was used for automatic
calibration and parameters estimation in this study. DDS was selected as DDS (1) is parallelized
within OSTRICHSWMM, (2) quickly converges to better parameter sets, (3) does not get
trapped m local minima, and (4) can handle a large number of paranistacso et al., 2019;

Tolson and Shoemaker, 2007; Yen et al., 200@shSutcliffe Efficiency (NSE) was selected as
91



the objective function. The simulation results are acceptable if NSE is greater tiiisio0esi

et al., 2007, 2015)rhe minimum value of NSE &.5 was set in this study since according to
Moriasi et al., (200) 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 betterfWani 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 sumtershed of the Difficult Run watershedsaselected. Difficult
Run is a tributary to the Potomac River, which itself is tributary to the Chesapeake Bay, Figure
4.l1a(Fairfax County, 2007)The study area consists of 22 saichments with a total area of

14.4 knt, Figure4.1b.

The percentage of impervious surfaces in the study area is approximately 38%. The
current landuses (published in 2015 éairfax County- Open Geospatial Dataebsite) in the
case study sutvatershed consist of 54.5%srdential, 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 usegFairfax County- Open Geospatial Data, 202The majority of the soils in the
watershed (37%) are Wheaton Glenabgnplex soil hydrologic group B, and 27% of the study
area is urban lan@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 precipgatand 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 precifation data and daily temperature for the last

decade (201:2020)(Table C1 in AppendiX).

The study area was surveyed by a field crew in the fall of 2002 as part of the Difficult
Run Watershed Management P(&airfax County, 2007Avhich included crossections of

Difficult Run.
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Digital Elevation Models (DEMs) were downloaded from th&. Department of
Agriculture (USDA): Natural Resources Conservation Service (NRCS): Geospatial Data
Gateway, 2020DEMs were used to delineate the study area into 22a&tdhments. Soil map
data were retrieved from the Web Soil Survey Geographic Database or SS(UIR&O
Department of Agriculture NaturResources Conservation Service, 202dfjltration

parameters for each shtchments were imported from the soil map.

4.2.5. Sensitivity analysis

Precalibration sensitivity analysis is a process of adjusting model parameters and
calculating the percent changes in model out(Niszi et al., 2017)Sensitivity analysis
assesses the relative impateach model parameter which gives insight into identifying the
most influential parameters affecting model outB&rco ¢ 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 c@asteast et al., 2002;

Van der Sterren et al., 2014)

Shahed Behrouz et al., (203@pvided a summary of previous seiviiy analysis using
SWMM and found 12 parameters were commonly reported. These parameters include
Manningds roughness f or NpervavmdN ompsdepressibn stomgee r vi 0
for pervious and impervious ared33_pernandDS_imyp), perceneffective imperviousness
(%Imp), percent of the impervious area without depressionstotége ( Manni ngo6s r 0 U
for the streamR), the hydraulic width of the overland flowmj, and infiltration parameters.
Hortonds i nfil tr atristedg, hemeetinfiltvaton pacasetesssned i n o
Hortonds formula were considered in the sensi

minimum infiltration ratesNlaxRandMin R), decay coefficientl§), and drying timeDT).
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Since in our study, the flow gauges in the stream and the groundwater module in SWMM was

used for simulating groundwater flow, groundwater parameters inclédirgl, A2, andB2

were also considered in the sensitivity analysisandB1 are the groundwater flow coefficient

and exponentespectivelyA2 andB2 are the surface water flow coefficient and exponent,

respectively. Selected parameters for sensitivity analysis are shown iMdTalifach parameter

was perturbed with plus and minus 10 percent and the percent change in aldtowtotas

recorded.

Table 4.1. Selected parameters for sensitivity analysis with their uncertainty class and initial

range.
Parameter Description Unit  Uncertainty Initial
Clasg Range
N_perv Manningodés n flor mYs? 4 0-0.5
N_imp Manningds n for m*3s? 2 0-0.2
DS _perv Depression storage for the pervious are cm 4 0-1
DS_imp Depression storage for impervious aree  cm 3 0.1-04
%Imp % Effective imperviousness % 3 4-12
%Z %Impervious area without depression % 2 18- 30
storage
R Manningds 'n f o1 m¥s? 2 0.01i 0.04
Al Groundwater flow coefficient 4 0-1
Bl Groundwater flow exponent 4 0-10
A2 Surface water floveoefficient 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 0-35
D Decay coefficient 1/hr 4 0-6
DT Drying time days 4 0-0.05
Manningds n are normally considered unit/

customary systems; but the equation changes to accommodate the corfivasmng, 1981)
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2Uncertaintyclassesire defined as: Clads parametersan be estimated with almost total
certainty Class2, parametersan be estimated with a high degree of certaiGtsss3,
parametersannot be measured at the field or in the laboratorgiClass4, parametersanna

be measured with certainty at all.

4.2.6. Calibration and model assessment

Selected parameters for sensitivity analysis were used for calibration, sed.Table
James, (20059ategorized SWMM model parameters ifagar 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), andl (cannot be measured with certainty at démes, (2005)
recommended-80, 1625, 2550, and 56100% perturbation range for each of the uncertainty
classes 1, 2, 3, and 4, respectively. The initial rafigerurbation for each parameter is shown

in Table4.1.

Flow timeseries data were retrieved from the USGS gauging station, site number:
01645704, located downstream of the selected watershed, see outfall location id Elgure
Missing flow data were eXuded. Annual historical precipitation data for the years 202020
are shown in Table Al 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 precipitatior§2ihd 2
(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 2@ligh 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 ¥ visualizing hydrograph characteristics and quantitatively by using the NSE measure

of goodnes®f-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 |l strevith a 100year return period and 24 hr duration with a
total precipitation depth of 173.5 mfNational Oceanic and Atmospheric Administration

(NOAA), 2022)

4.2.7. Fitting parametric distributions

A bestfit distribution was selected using the Akaike Information Criterion (AIC)
(Akaike, 1998)and the Bayesian Information Criterion (BI(Raftery, 1995measures. AIC and
BIC are the criteria for the model section based on the likelihood function, see eqddtiand
4.2. The models with lower AIC and BIC values were selected as it implies fewer a&xpjan

variables and a better fitangat et al., 2019)

0 ‘0P n (eq.4.])
6 "08aN0 ¢cd 00 QQI0 aé® (eq.4.2)

where G denotes model, D denotes data, N is the sam@jasi 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 ea(@elignetkMdenett er us

al., 2021) within the R programming langua@f@ Core Team, 2019)
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In addition, Welch's twesample itest was performed to assess if there was a significant
difference between the mean values of each parameter between the dry and Webgtzlts
et al., 2020) The null hypothesis was the difference between the two means is zero.-If the p
value was lesthan 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

Sensiivity 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 shigwrein F
4.2. With respect to the dry year model, the most influential parameter8&jed, %Imp,
DS_imp andA2 while the least influential parameters w&eA1, andMinR (Figure4.2g). B1,
B2, andA2 are groundwater parameters, and based on the results, groundwater parameters and

parameters related to impervious characteristics (ilenp%ndDS_imp were more influential.

With respect to the wet year model, the most influential parameter®&eadmp, A2,

DS_imp andDT while the least influential parameters w&anN, MinR, andA1l (Figure4.2b).
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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 BNSE values for calibration periods, 2012 and 2020 are shown in Figures
4.2a and4.2b, respectively. For 2012, the model calibrated through OSTFRIGMNIM reached

an NSE value of 0.76 after 350 iterations (FiguBa); however, for 2020, an NSE value of@®.
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was reached after 2000 iterations (Figd&b). 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

(Figure4.3).

OSTRICHSWMM updated the parameter values in eéatation 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 (Figut@a)and 2000 iterations (Figuee3b) 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 oyparameterization of the models which produces an
overfitted mode(Whittaker et al., 201Q)naking itunusable outside of the original training

dataset.

The NSE values for calibration and model assessment periods with various time steps are
shown in Tablet.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 wham®bserved, and simulated flow
data were used. Observed, and simulated flow data witm3ime steps were aggated, and
NSE values were calculated and are shown in T&BleThe 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 impriov@d?2 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, whemib observed, and simulated flow data wesed.

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 andddgglywere 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 veryuaate calibratiorfMoriasi et al., 2015)The NSE
values for the model calibrated to a dry year were 0.87 and 0.50 for calbaati 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 satisfactofgrmance of the mod@Moriasi et al.,

2015)

2012 2020
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Figure 4.3. Trace plots of I$E 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 amih,5ourly, 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 wittintime steps for
calibration and model assessment periods are shown in Figdiaasd4.5, respectively. The
models calibrated to 2012 and 2020 are shown in Figi8asand4.3b, respectively2012 was a
dry year with one maximum peak around 43snfFigure4.4a); however, multiple peaks are
observed for 2020 which was a wet year (Figudd). In addition, in 2020, events were more

frequent than in 2012.

The hydrographs of-Bin observed andmiulated flow data for the model assessment
period, 2013, are shown in Figut&. The hydrographs for the calibrated dry year model are
shown in Figuret.5a, and the calibrated wet year model in Figubd. The dry year model
predicted the peak flow on ©2013 very well. However, the overall performance of the wet
year model was better since the NSE was greater (#&)ld-or the model assessment phase,
the wet year model performed better (higher NSE for the model assessment period when
calibrated to avet year (see TabK?2). This is not surprising, as SWMM is a dynamic rainfall

runoff model which originally focused on wet weather events in dvasgd simulations.
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Figure 4.5. Hydrograph of &min observed and simulated fldar 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 Tadblg and simulated watdudgets for dry and wet years are
shown in Figure4.6a ant4.6b, respectively. The total precipitation in 2012 was 82.52 cm;
however, it was 145.72 cm in 20Zimulated gaporation 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 equétqiiRossman, 2015)

Groundwater flow was 36.72 cm in 2012 and w&3%Em in 2020 (Tabld.3).

Surface Runoff = PrecipitatianEvaporatiori Infiltration (eq.4.3)
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In a dry year, about 80% of precipitation was infiltrated (Figuéa); however, in a wet
year, about half of precipitation was infiltrated (Figdr@b). Further, in a dry year, surface
runoff was 16% of total precipitation (Figudéa) whereas in a dry year, 43% of total

precipitation became surface runoff (Figdréb).

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 Evaporation Infiltration Surface  Groundwater
(cm) (cm) (cm) Runoff Flow (cm)
(cm)
2012 Dry 82.52 4.01 (5%) 65.52 (79%) 12.99 36.72
(16%)
2020 Wet 145.72 8.79 (6%) 73.85 (51%) 63.08 5.98
(43%)

Simulated runoff water budgein 2013 from the models calibrated to dry (2012) and wet
(2020) years are shown in Figake7a and4.7b, 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 wlile 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 wetgeiatqut
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 runafyéar 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 valuet@able
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a) Dry year
Total Precipitation: 82.52 cm

Evaporation (4.01 cm)
® Infiltration (65.52 cm)

Surface Runoff (12.99 cm)

b) Wet year
Total Precipitation: 145.72 cm

2 Evaporation (8.79 cm)
m Infiltration (73.85 cm)

Surface Runoff (63.08 cm)

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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a) Dry year
Total Precipitation: 112.42 cm

Evaporation (4.58 cm)
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Surface Runoff (19.31 cm)

a) Wet year

Total Precipitation: 112.42 cm
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Figure 4.7. Simulated vater 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. Bestfit models for posterior distributions

The results of the beét distribution model based on AIC and BIC analysis described in

section 2.7 for various distributions are shown in TaB2sndC3 in AppendixC, respectively.
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For each parameter, the distribution models with the lowest AIC EddvBre selected and are

shown in Table 4.

Normal, lognormal, and Weibull distributions were selected more than other distributions
(Table 44). The exponential distribution was not selected for any parameter. The selected
distribution models werdifferent 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 nmss, 7 t
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 (T4ble 4

For some parameters, the selected probability distributionsetiffegtween the dry and
wet years (Table.4). For instanceR andA2 followed a lognormal distribution in a dry year
while they followed a Weibull distribution in a wet ye®&.andDT followed a normal
distribution in a dry year while they followed a Welildistribution in a wet yeaN_impand
MinR followed a normal distribution in a dry and wet year, respectively; however, they followed
a lognormal distribution in a dry and wet year, respectivélynpand%?Z followed a normal
distribution in a dry and et year, respectively; however, they followed a Beta distribution in a
dry and wet year, respectivekl followed a Beta distribution in a wet year, while it followed a
lognormal distribution in a dry yeaX_pervandDS_pervollowed a lognormal distritiion in a
wet year, but they followed a uniform and Weibull distributions in a dry year, respecbvely.
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) goodnesd-fit information criterion.

Parameter Year Normal Lognormal Uniform Gamma Weibull Beta

N_perv 2012 n
2020 n
N_imp 2012 n
2020 n
DS_perv 2012 n
2020 n
DS_imp 2012 n
2020 n
%Imp 2012 n
2020 n
%Z 2012 n
2020 n
R 2012 n
2020 n
Al 2012 n
2020 n
Bl 2012 n
2020 n
A2 2012 n
2020 n
B2 2012 n
2020 n
W 2012 n
2020 n
MaxR 2012 n
2020 n
MinR 2012 n
2020 n
D 2012 n
2020 n
DT 2012 n
2020 n
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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 humerous
SWMM runs from OSTRICFSWMM. Model runs were 350 for 2012 and 2000 for 2020. The
number of the model runs is equal to the number ddtitss in Figurel.3. Histograms of the
posterior distributions of SWMM model parameters are plotted in Fi§8rén each histogram,
the posterior probability distributions for the dry year (2012) and wet year (2020) models are

shown. The histograms weenormalized so the area of each histogram is equal to 1.

The posterior probability distributions generated from a wet year model (2012) are shown
in Figure4.8, specifically: forDS_imp(Figure4.8d), %Z (Figure4.8f), R (Figure4.8g), Al
(Figure4.8h), MinR (Figure4.8n), andD (Figure4.80). These variables were rigsitewed
which means the mass of the posterior distributions was centered at the lower bounds of the
distribution. HoweverDS pervFigure4.8c) was leftskewed which means the mass of the
posterior distributions was centered at the upper bounds of the distribution. The posterior
probability distributions foN_perv(Figure4.8a),N_imp(Figure4.8b), %Imp (Figure4.8e),B1
(Figure4.8i), A2 (Figure4.8j), B2 (Figure4.8k), W (Figure4.8l), MaxR (Figure4.8m), andDT

(Figure4.8p) were centered around the middle and were not skewed.

The posterior probability distributions generated from a wet year model (2020) are shown
in Figure4.8, specifically: forlN_perv(Figure4.8a),N_imp(Figure4.8b), DS _perVFigure
4.8¢),DS_imp(Figure4.8d), andD (Figure4.80); these variables were rigbkewed which
means the mass of the posterior distributions was centered at their lower bounds. Hewever,
(Figure4.89), Al (Figure4.8h), A2 (Figure4.8j), W (Figure4.8l), andD (Figure4.80) were left
skewed which means the mass of the posterior distributions was centered at their upper bounds.

The posterior probability distributions fé6lmp (Figure4.8e),%Z (Figure4.8f), B1 (Figure
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4.8i), B2 (Figure4.8k), MaxR(Figure4.8m), andMinR (Figure4.8n) were centered around the

middle and were not skewed.

Parameter values differed between dry year (2012) and wet year (ROp@yv(Figure
4.8a),N_imp(Figure4.8b),DS_perVFigure4.8c), andDS_imp(Figure4.8d) were higher in
2012 compared to 202%Imp (Figure4.8e),%Z (Figure4.8f), R (Figure4.8g), andW (Figure
4.8l) was higher in 2020 than in 2012. Infiltration parameters differed between 2012 and 2020,
Max R(Figure4.8m) andD (Figure4.80) were higlkr in 2012 whileMinR (Figure4.8n) andDT
(Figure4.8p) were higher in 2020. Groundwater parameters differed between 2012 an42020,
(Figure4.8h) andA2 (Figure4.8)) were higher in 2020 whilB1 (Figure4.8i) andB2 (Figure
4.8K) were higher in 201A1 was greater thaA2 andB1 was greater thaB2 in each SWMM
model run according to the SWMM mangRlossman, 2015)n addition, the results of Welch's
two-sample ttest for all parameters returned thgglue of less than 0.05. Hence, the null
hypahesis 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 calibragd to a dry and wet year were used to simulate flow for theyé@0o
design storm (Figuré.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 flv i

receding limb.
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Figure 4.9. Comparison of simulated flow by the calibrated SWMM models to a dry and wet

year during the 10§ear design storms.

4.5. Discussion

Moriasi et al., 201%roposed 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 calaiing NSE (Tableé.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 asi and hourly. This is particularly important as urlvanoff
is flashy(Nayeb Yazdi et al., 201@%nd averaging over a larger time step might dampen the

value ofpeak flows, which is of concern for some stakeholders.

Infiltration was greater in 2020 compared to 2012 which means in 2020 @-a}le
groundwater systems were recharging, consistent with a study conduaddiyal., 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,

113



implying the recharge of groundwater in a wet year, 2020ttendischarge 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 (Eibare Appendi

C) and an overall rise in groundwater level in 2020 (Figiikbk in Appendk 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 betweeterations based on the groundwater-swlel
parameters, simulation run times doubled in some iterations. Hence, the parallel processing
capability of OSTRICHSWMM was essential and resulted in lower overall simulation run

times.

Although it is often beved that environmental parameters follow a lognormal
distribution(Andersson, 202]1}he posterior histograms and the selected probability distributions
based on AIC and BIC vads obtained in this study revealed that some parameters might follow
other distributions such as normal, Weibull, Beta, or GanghaB2, andMaxRfollowed a
normal distribution for dry and wet years whid&s_impfollowed a lognormal distribution in dry

ard wet years (Table.4).

The shape of the posterior probability distributions shows the degree of parameter
uncertainty(Touhami et al., 2013; Yu et al., 202F)at distributions show more parameter
uncertainty indicating the estimation of these parameters is poor while sharp distributions with
narrower width show s parameter uncertainty and more confidence in parameter estimation.
The optimal calibrated parameter values are derived from the peak distributions from the

histogramgHassanzadeh et al., 2019; Jin et al., 2010)
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Some parameters [i.N, imp %Z, andR (Figure4.8b, 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 Tadld). The sharp peaks and narrower ranges indicate that the
observed flow data include enough information to approximate thesegtara resulting in less
uncertainty, whereas the other parameters P8.,impand%Imp (Figure4.8d, e)] show
considerably larger ranges indicating more uncertainty in parameter estirhatiomq %Z, and
R fall within uncertainty class 2 accordingtames (20053nd were estimated with a high
degree of uncertainty in our study (Figdr8b, f, g).James (2003put groundwater parameters
fall within class 4 which states parameters cannot be measured or estimated with any certainty.
Our study showé1 was estimated with high certainty for 2020 and less certainty for 2012
(Figure4.8h).B1 was not estimated with high certainty for 2012 and 2020 (Fi¢8ie A2 was
estimated with more certainty in 2012 than 2020 (FiguBp andB2 was estimated witless
certainty as peaks are observed in the histograms of posterior distributions {FEBgureess
uncertainty was observed in 2020 than in 2012 (Fig@g. James (2003put infiltration
parameters within uncertainty class 4. In this stigxR MinR, andDT (Figure4.8m, n, p)
were estimated with high certainty; howeu@r(Figure4.80) was estimated with more
uncertainty. Thdistograms 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 ttest showed the mean of each parameter significantly differed betweemddmet

years.

In a dry year, intermittent precipitation occurred frequently, while in a wet year, more
consistent or stable precipitation was obse¥#@ag and Pomeroy, 2008; McNamara et al.,

2005) Previous studie@@racken et al., 2013; Ocampo et al., 2006t €ral., 2016; Peralta

115



Tapia et al., 2015)bserved 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 mddevere used for simulating flow for a 2§@ar design

storm (Figuret.9).

Estimation of SWMM model parameters differed when calibrated separately for dry and
wet years. Several studigshl et al., 2008; Li et al., 2012; PorrefBaandyk et al., 2011have
also shown that temporal changes or variability in the watershed condition affected model

performance, suggesting opafrparameter values likely differ between a dry and wet year.

A dry year causes droughke conditions changing the annualater budget
substantially, as was seen in Figur6. s explained byai, 2011;Mishra and Singh, (2010
during dry years, lessinoff is produced which reduces hydrologic connectivity within each
catchment%lmp and i ncr eases ManniNnpgréaadNrimopurgtiisn e s s f o
study, it was observed th&impwas highefor 2020(Figure4.8e) DS_pervandDS_impwere
higher in 2012 (Figurd.8c, d) as in a wet year, precipitation occurs more frequently leaving less
depression storage for the latter evewsvas higher in 2020 than in 2012 (Fig4r8l) since
due to the geater precipitation amount in 2020, the width of overland flow was gréates
larger in 2020 than 2012 (Figude3g) as flow depth in the stream was higher in 2020 causing
runoff to be more in contact with the stream banks which increases frigizorRandD were
higher in 2012 (Figurd.8m, o) whileMinRandDT (Figure4.8n, 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 conditiddence MaxRwas higher in a dry year (Figure
4.8m).D was lower in 2020 as the rate decreases with increasing soil water ¢@#erst al.,

2018) DT was less in 2012 (Figure8p) as it takesfile time for the soil to completely dry.
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MinRwas greater in a wet year (Figut@&n) as the water was more susceptible to being filled up
than in a dry yeaiA1l andA2 were higher in 2020 (Figure8h, j) whileB1 andB2 (Figure4.8i,

k) were higher in @12. SinceB1 andB2 are the exponents in the groundwater equation, their
values affect groundwater flow more thahandA2. HigherB1 andB2 values in 2012 caused

more water to flow out of the study area than in 2020.

The differed optimal parameter vatutor 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 studyOloy et al., 2016

4.6. Conclusions
In this study, OSTRICFEWMM was used for automatic calibration of a case study
urban watershed, Difficult Run in Fairfax, Virginia, U.S. OSTRISW/MM successfully
calibrated the SWMM model separately for a dry and wet year. Using automdiratati tools
such as OSTRICESWMM 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 assessmamonducted 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
paraneter 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 quantiBYWMM 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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componentsN_pery N_imp DS_peryDS_imp %Imp, %Z, W, MaxR MinR, D, andDT), (2)
groundwater componentdZ, B1, A2, andB2), and (3) conveyance system compon&yt\ere
separated in dry and wet years due to differences in precipitation patterns. The parameter

changes during dry and wet conditions affectiy@rological 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 costdraatment 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 whexe tire 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 i teelared
use and is highly variable. Today, stormwater is characterized mainly by watershed models using
little, if any, actual fieldmonitoring data. The simple event mean concentrakdhQ) washoff
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 usep/Bakhoff
eqguations were developed to account for variatiotoatentrations 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 investigatedetbuildup/washoff 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 everd 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 (TS)he results showed that medium density residential landadsée

highest median TN and TEMCsand commercial had the highest median EB&Cs Water

guality parameters (or buHdp/washoff parameters) exhibited significant variations between the
land uses confirming that land use affects stormwater qualigyniddian particle sizes for all

land uses were less than 150 um which showed the most common patrticle size in stormwater
was fine particles (classified as very fine sands and smaller grain sizes) which needs to be

considered by stakeholders in treatmergtofmwater.

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 knoenat he fur ban (Adkarimdemetsy ndr o
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 onsisent characteristics of urban stream syndrome include a
flashy hydrograph, elevated nutrients and sediment loads, altered channel mormradogy,
reduced biotic diversity dominated by a few tolerant spdéiskarizadeh 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 qitiin urban areas and to understand its impg@aiemela
et al., 2019)H/H/WQ models are used for the prediction, analysis, and management of
stormwater quantity and quality as monitoring is tico®suming and costly for both field

collection and required laboratory analyféaniquizRedillas 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 uséwvi/irhodel
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in urban areafNiazi et al., 2017)SWMM predicts the fate and transport of nutrients and
sediment in urban catchments by (i) using the event mean concenteafl@) Wwashoff

approach, which agmes concentration is constant over the storm for each land use, or (ii) using
a buildup/washoff relationship in which concentration is a function of antecedent dry period

(ADP) and runoff ratdRossman, 2015)

The simpleEMC washoff modeling approach by land use is a common practice used by
practitioners for estimating loagsuomela et al., 2019Yhe shortcoming of thEMC washoff
modeling approach is that it assumes regardless of the monitored events, nutrients and sediment
concentrations are constant. However, climatological and catchment characteristied affect
monitored stormwater qualiggMCsfor particular urbandnd usdrom a national database

(Behrouz et al., 2022b)

The Buildup/washoff modelingapproach is more robust than the sinfpléC washoff
modeling approach as it considers variations of nutrients and sediment concentrations between
eventsMcLeod et al., (20063howed both hydrology and land use are importanofa
affecting stormwater quality in urban areas. The shortcoming of the developed uwiashoff
equations is that they includeild-up washoff parameters that are difficult to measure and
challenging to estimate, possibly making them good candidatealibration(Gorgoglione et

al., 2019; Tuomela et al., 2019)

The objectives of this studyere to (1) assess the role of land use on generated
stormwater quantity and quality, (2) investigate and fit bupdvashoff parameters for multiple
urban land uses for nutrients and sezhin(3) assess variations in nutrients and sediikiis
across various urban land uses, and (4) assess the applicability of usingplbuddhoff

relationships for estimating nutrients and sediment concentrations for various land uses.
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To achieve this goal, a oryear 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 numbentsffeom each
land use and SWMM models were calibrated to stormwater quality. We attempted to follow the
procedures taken by previous stud{@stt et al., 2018; Smullen et al., 1998ith 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 Il municipatiessfoam 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 atbat straddlethe Piednontand Coastal Plaiphysiographic
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 histori¢ha871-2021) average annual rainfall and

temperature of 1113 mm and 13.3° C. for Fredericksburg(N@AA, 2020)

We monitored stormwater responses from 5 hydrologically isolated catchments, each

dominated by a specific type of urban land usé&shag (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 (DEMSs)
provided by the @y of FredericksburgAll stations are located in tHeiedmontphysiographic

province

Each of the monitoring stations was equipped with: (1) ansangler (model 6712;
ISCO, Lincoln, Nebraska) to collect fleweighted composite stormwater samplesgig)er 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 (m@delf@ledyne 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 bedeh o
catchment. PalmeBowlus 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 sit€Beledyne ISCO, 2017At the freeways and ingtrial sites,
where area velocity sensors were installed, discharge was calculated from the area velocity

equation(Teledyne ISCO, 2017)

Event mean concentrationSNIC9 were used to characterize water quality constituents
concentrations during a storm event. BMCis a flowrweighted concentration and is

calculated from equatioh.l:

00 0 — = (eq.5.1)
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whereM is the mass of pollutants (mgJ;is the total volume of runoff (L)Qi is the runoff
guantity within each time interval (L/secJ; is the pollutant concentration witheach time
interval (mg/L);Vi is the volume of runoff within each time interval (L), apds the time
interval of the incremental sample (sée)MCswere calculated for storm events where more

than 70% of the hydrograph was covered by the sampling pnogra
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Figure 5.1. Maps showing a) location of the City of Fredericksburg, VA and b) land use map
andselected monitoring locatiors the five study catchmentsdmmercial freeways, high

densityresidentialjndustrial and medium density residenjiah the City of Fredericksburg, VA.
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Legend
@ Monitoring stations

2 Delineated catchments

Figure 5.2. Boundaries of the five study catchments superimposed by aerial imagery for a)
commercial (with tharea 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 imperviousB8%s)pf

and e) medium density residential (with the area of 3.04 ha and imperviousness of 48%).

Table 5.1. Summaryof instrumentation andquipment for field monitoring

Station Auto- Rain gauge Palmer Bubbler Area
sampler Bowlus flume flowmeter velocity
sensor
Commercial ISCO 6712 1SCO674 240 P-a ISCO730 -
Bowlus flume
Freeways ISCO 6712 ISCO 674 - - ISCO 750
High density residential ISCO 6712 1SCO674 120 P-a ISCO 730 -
Bowlus flume
Industrial ISCO 6712 ISCO 674 - - ISCO 750
Medium density ISCO 6712 1SCO674 300 P-a ISCO730 -
residential Bowlus flume
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5.2.2. Runoff sample collection and water quality analysis

Auto-samplersvereprogrammed to start sampling at the predetermined rates required for
analysis. Thergveretwo parameters for enabling atgamplers(1) rainfall depthgreaterthan
2.54 mmin 30 minutes, to ensure a storm ewsasoccurring;and(2) increasing water lel at
the outlets, to ensure a measurable amount of runoff was flowing through the conveyance
systemWhen these thresholdgre met, the data logger prorepthe autesamplers to start
taking flowraveraged compositampésin a 15L polyethylenebottle The analysis sampleas
gently shaken to be uniformly mixed and then subdivided into the analysis confaireisL
bottles wereinsed with specific soap thatas free of solvents and phosphate and then washed
and rinsed wittdeionized(DI) water To provide aquality controlcheck blank samplewere
collected and run through the same process as normal safnplbackup samples were also

collected from each storm event.

Water samples were tested according to standard methods for the followingn@teasa
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 timesahhple 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 applicaldé&dhimes 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
weresubsequentlghipped to th&/irginia 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)-@290, Horiba, Kyoto, Japan) at the
HRAREC laboratory. First, subsamples were spun to ensure a homogeneous arixttine,
middle layer of water (IIAL5 mL) was siphoned out to, then the particle size distribution of
samples was estimated using the Horiba95® analyzer. Particles divided into 4 categories
including clays (0.02 um), silts (463 um), fine sands (692 um), and finemedium sand (92

125 pm)(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, temperaturepils, 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 weré&ieved 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 SWMMbased 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 fromhie 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 GAeapt method was used to simulate

infiltration. The soil in the Fredericksburg is mostly loamy daesed on the A horizon texture
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from theSSURGCOdatabase. Hence the soihs given the infiltration parameters of suction head

58 mm, saturated hydraulic conductivity 78 mm/h, and initial soistace deficit of 0.32.

5.2.4. Hydrologic calibration

In this study, OSTRICFEWMM which is an opeisource automatic calibration tool was
selected for calibrating the developed SWMM models. OSTRBYMM can run several
SWMM models in parallel, perform single andiltn-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 waslected as DDS (1) is parallelized within OSTRISWMM,
(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 comm
roughness for pervious and impervious areas, depression storage foupandampervious
areas, percent effective imperviousness, percent of the impervious area without depression
storage, Manningds roughness for the stream,
infiltration parameters. As in this study, the Gréenpt method was used to simulate
infiltration, suction head, conductivity, and initial deficit were considered in the calibration

process.

NashSutcliffe Efficiency (NSE) and Percent Bias (PBIAS) were used to evaluate the
performance of the developed SWMM netsl The model was considered sufficiently calibrated

if NSE was greater than 0.5 and PBIAg&s 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 ad assessment periods by visualizing hydrograph characteristics and

guantitatively by using the NSE and PBIAS goodrafsit measures (Moriasi et al., 2007).

5.2.5. Water quality calibration

Butcher, (2003) derived the relationship between empiab&Csand buib-up/washoff
parameters used in the Hydrologic Simulation Progt&@RTRAN (HSPF) model. HSPF
models estimate water quality constituents load by two parametersupuigde (ACCUM) and
an asymptotic limit on available water quality constituents loadipie area (SQOLIM)
(Bicknell et al., 1996). The two parameters are linked with adidér removal rate (REMDSP)

in equatiorb.2.
YOO O'YO—— (eq.5.2)

whereREMDSPdefines how long it takes for the water quality constituents to reach a specified

percentage of maximum builgp in a given time.

Water quality constituent budp occurs during the dry period and waghoccurs
during wet periods. The rate of wateratjty constituent builelp during dry periods is derived

from equatiorb.3.
— 08667YOYODOYD 0 (eq.5.3)
whereN(t) is the accumulated load at tirhm kg.
EMC s the flow weighted average,; it is derived from equafidn

06 — 0 (eq.5.4)
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whereW s the mass load per area in kg/Q&s runoff depth in mm, anl is the unit conversion
relatingEMCsin mg/L toSQOLIMsin kg/acres. The relationship betwdeklC and the HSPF

parameters are derived from equathah

Y 00 '00%- # (eq.55)

whereQx:is runoff depth (mm) is the time since the previous storm in dayg a parameter

defined from equatioB.6.

(eq.5.6)

whereWSQORHSs runoff depth for the impervious surface.
Build-up/washoff equations in HSPF are provided in equatibisand5.8, respectively.
60 6 Ag@gPYOOLO'Y®D YOUO Ol AGPYODO'YD (eq.57)
whereB(t) is the buildup at timet in kg/hg 6 is the buildup at time 0 in kg/ha.
wo p AgbPd O 6 A@DPYODOY®d “YOU O Op
A@DYOD OYb (€q.5.8)
whereW(t) is water quality constituent waslif at timet in kg/ha.

There are several methods within SWMM to simulate bugdvashoff processes.
Power, exponential, and saturation functions are available for water quality constituetpbuild
simulation. Exponential function, rating curve method, BMLC approach are auable for
water quality constituent wassff simulation(Rossman, 20155ince exponential functions

were mostly used in the literature for build/washoff processe¢Gorgoglione et al., 2019)

136



exponential functions were chosen and discussed hereunderuBlildshoff equations in

SWMM are as equatioris9 and5.10, respectively.

0o 6 p A@by o (€9.5.9)

whereb(t) is the buildup at timet in kg/ha,t is the time intervals in day8, is maximum

build-up in kg/ha, and is the constant buitdp rate in kg/ha/days.
VLo a m p AP0 1 o0 (eq.5.10)

wherew(t) is the washeaff load at timet in kg, & 1t is the initial mass of water quality
constituent on the surface at timed0, is the constant wasbif coefficient in 1/mmgis the

runoff rate over the catchment area in mnvIs the time interval in days.

Thus, the relationship between the buifdwashoff parameters of the HSPF and

SWMM models become as equatidn$1-5.13.
SQOLIM(in HSPF) =6 (in SWMM)  (eq.5.11)
REMDSP(in HSPF) =0 (in SWMM) (eq.5.12)
A (in HSPF) =0 (in SWMM) (eq.5.13)
Hence, by substituting equatiohd.1-5.13 in equatiorb.5, the relationship between

SWMM build-up/washoff parameters and empiricAMCscan be derived as equatibri4.

0 %- # (eq.5.14)

Equation5.14 can be written as equatibri5.

o066 o (eq.5.15)
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Build-up/washoff parameters in SWMM which ace ,0 , and0 (Table 5.2), were
perturbed within their ranges to minimize the differences between observed and simulated
EMCs 0 was perturbed between (0,(Tu and Smith, 2018and0 was perturbed between
(0, 0.2)(Butcher, 2003)Amongd ,0 ,and0 ,06 isthe most sensitive parameter in the
build-up/washoff equation(Gorgoglione et al., 201%)nd varies significantly between studies.
Tu and Smith, 2018 provided a literature review of the ranges reportéd fortheseranges
were adjustetb match conditionsHence, the calibration ranges tor  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 determinRfijpand PBIAS were
used to evaluatdhe model performance based on the observed and caliBfslt@€dfor each
water quality constituent such as TN, TP, and ©8S., 0 , and0 were determined through
an optimization, for each land use such that the observed and calibké@=sivereclosely
matched. At a monthly timstep, a water quality model is sufficiently satisfactofg4is 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 developellbyasi et al.(2015,2007)

Parameter optimizations were performed using the Differential Evolution algorithm
within the R package DEoptifirdia et al., 2021; Mullen et al., 2011; R Core Team, 2018¢
available water quality data (updanuary 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/washoff parameters isWMM used for water quality calibration with the

chosen values for each water quality constituent (TN, TP, and TSS) at each land use

Water lo+e Ly (days)  L_ (1/mm)
quality (kg/ha)
constituent
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 ofEMCs 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 SWalkinoormality
test was applied to assess the normality with the null hypotheSNGdata follows a normal
di stribution. I f the null hypothesis was reje
were logtransformed, and the Shapidilk test was applied to check for normality of the
transformed dataset. Analysis of vagar{ANOVA) was applied if the raw data or the-4og
transformed data followed a normal distribution since this is an assumption of the ANOVA test.
The ANOVA test determined whether tB& C means for two or more land uses were
significantly different (Van Hdae, 2012). The null hypothesis was that BEMC 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 dfferent 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 vidivdb means were

significantly different from each other (Abdi and Williams, 2010).

5.3. Results

5.3.1. Comparisonof EMCs between land uses

The distribution of th&MCsfor 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
guartile, median, 3rd quartile, and maximum valdég minimum, median, and maximum of
eachEMC from each land use are also shown in Table 5.3. Numbers next to the box plots of
EMCsindicate the median values BMCs The box plots indicated that the median EMCs
were the highest for medium density desitial followed by commercial and freeways. High
density residential had the lowest median forHMCs The median TEMCswere the highest
for medium density residential followed by commercial. Freeways had the lowest median for TP
EMCs Commercial hadhie highest median TSSVICs and freeways had the lowest TEBICs

compared to other land uses.

The results of the ShapHwilk normality test returned ayalue less than the
significance level (0.05) for TN, TP, and T&E®ICsindicating that dataid not fdlow a normal
distribution. However, after the data were-tlognsformed, the Shapiwilk normality test
returned a gralue of greater than 0.05 for 8MCs hence EMCswere presumed timllow 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 th&lyee was greater than the
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significance level (0.05), thus there was no significant difference between thejuealitr

EMCsfor the land uses for TN and the mean EMC is the same for all land uses (Table D2).

The pvalue 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 sBME€ for each vater quality constituent of interest.
Hence, Tukeyods HSD t es EMGstaasseasph@meack ldnd tise affecBP a n
TP and TSEMCs The resultsndicatedthatEMCswere significantly different by land uses

(Table 5.4).

Resultsof Tuke 6 s HSD t est fcaonmerdaPandirdasinia ldnd tsksa t
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 fewtigs 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 industrialtaeconly 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 sites 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 comparingEMCsbetween 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 TESMCsin the NSQD and stations in the NSQD that were in the Piedpiysiographic

province compared to the results of our study.

Land use TN (mg/l) TP (mg/l) TSS (mg/l)
Commercial NSQD 0.218i 18.72(2.08) 0.008i 6.3 (0.2) 17 2385 (52)
NSQD stations within the Piedmont physiographic ~ 1.137 2.18 (1.69) 0.03i 3.35 (0.17) 27 629 (29.8)
province
Our study 0.481 3.00 (1.56) 0.06i 0.47 (0.14)  14.1i 524.0
(125.5)
Freeways NSQD 0.6961 6.1 (1.58) 0.027 7.191 (0.26) 17 4800 (75)
NSQD stations within the Piedmont physiographic N/AP 0.07i 0.23 (0.15) N/AP
province
Our study 0.291 3.70 (1.50) 0.02i 0.16 (0.05) 10.77 218.0 (20.7)
Industrial NSQD 0.1957 15.2 (1.71) 0.027 10.8(0.23) 171 2490 (72.5)
NSQDstations within the Piedmont physiographic 1.637 4.42 (2.31) 0.027 1.9 (0.19) 3.357 586 (44.62)
province
Our study 0.691 3.15(1.44) 0.04i 0.63 (0.13) 5.071 286.8 (46.6)
Residential NSQD 0.20471 22.77 (2.95) 0.0171 21.2(0.3) 0.117 4168 (57)

NSQD stations within the Piedmont physiographic
province
Our study High density

Medium density

0.64i 3.38 (2.19)

0.55i 3.17 (1.29)
0.70i 3.32 (1.71)

0.02i 19.9 (0.26)

0.04i 0.55 (0.13)
0.13i 0.78 (0.21)

17 4168 (35)

2.0 89.9 (48.7)
8.01 140.1 (43.7)

@Numbers in parentheses show the median.

b No data reported.
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Table 5.4. Resultsof the Tukey's HSD test for &N, b) TP,andc) TSS Land use$ollowed by
the samdetterwithin each column are netatistically significant differen(p < 0.05)in terms of
themeans of thelEMCs For instancemedium density residential is the only land use with a

different letter (afor TP, which indicates that it hadsignificantly different mean than other

land uses
TN TP TSS
Commercial a’'(1.61) a(0.19 a(155.5
Freeways a (147 b (0.08 b (58.1)
High density residential a (143 b (0.15 b (46.1)
Industrial a (158) ab (0.19 ab (88.2

Mediumdensity residential a (170) a(0.29 b (50.0
“ Numbers in parentheses show the mean valuEs/idfs

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 dagchment outlets. Goodneskfit 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% forcommercial, 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 Qb derisity
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, dusihich, observed flow data were

estimated using the Rational method.
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5.3.3. Water quality calibration results

The chosen values far ,0 , and0 as the results of optimizations are shown in
Table 5.2. GoodnesH-fit was assessed by statistical asédyand by plotting the observed
versus simulateBEMCsat 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 PBIA®s less than 10% for TN, TP, and TSS, indicating perfect
model fits at freeways (Figure 5.4ca PBIAS was less than 10% for TN, TP, and TSS at
commercial, high density residential, industrial, and medium density residential land uses
indicatingnearbestmodel fits (Figure D2). HoweveR? varied significantly between land uses
and water quality constituents (Figure D2). At commercial and industrial landRides TN,
TP, and TSS were approximately over 0.50 and PBIAS was less than 30% indieatibgst
model fits (Figure D2, a and c). At the industrial site, only three events are showfosthese
threeevents, more than 70% of the hydrogragsy sampéd (Figure D2, c). At high density
residential R? was higher than 0.3 for TN and 0.4 for TP indicating satisfactory model fits;
however, for TPR? was less than 0.4 (Figure D2, b). At medium density resideRfialas

higher than 0.5 for TN indicatingea-bestmodel fit but was less than 0.4 for TP and TSS.
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Figure 5.4. Comparison among predicted versus observed water geEMi€sincluding 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 meparticle sizes for commercial, freeways, and medium density
residential land uses were visually greater than the patrticle 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 media@rf@bwed by freeways and
commercial. Commercial had the highest median D90 followed by medium density residential

and freeways.

5.4. Discussion

The comparison of medideMCsfrom our study to th&MCsof the National
Stormwater Quality Database or NSQD (leital., 2004) (Table 5.3) showed that for all land
uses, TN, TP, and TS8VICswere less than tHEMCsfrom the NSQD except for TSEMCs
from commercial land use. This indicates that overall stormwater from urban catchmagnts
havereduced concentrations of nutrients and sedim&nprevious assumptions and study
reports This could be because of the implementation of the Clean AilMdantifel, 2014) and a
relatively new Virginia state law (Chesapeake Bay Program, 2013), wdyaires a redudion
in TN and TP in stormwater froahkeveloped sitem Virginia. TN and TFEMCsfrom our study
were also less than the TN and EMCsfrom statios 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 TBEMCswere also compared to the aquatidddy 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@U&Lmg/L for TP
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and 0.122.18 mg/L for TN (Balderas Guzmanadt, 2022). The median TEMCsfrom all land
uses were less than the threshold of 2.18 mg/L. The medi&MiI3from only the freeways
was less than the threshold of 0.08 mg/L. The mediaBMEsfrom all other land uses were

higher than the threshold.

The optimized values @f  had wider range of variations comparedtq andv
Gorgalione et al., (2019pund that among sediment builgh/washoff parameters in SWMM,
6  was the most sensitive parameter. This is because according to e§uatighere is a
direct effect o EMCwith & . The median TSEMCswere generally one order of magnitude
higher than TNEMCsand TNEMCswere one order of magnitude higher thanEIN®Csfor the
same land use (Figure 5.3). Hence,dhe values for TSS were one order of magnitude higher
than TN andd values forTN were one order of magnitude higher than TP (Table Bt#3.

is consistent with the observathgnitudes of mediaBMCsfor TSS, TN, and TP.

Boxplots of particle size distributions shows D50 was less than 150 um for all land uses
(Figure D3).Miguntanna et al., (201&ndNayeb Yazdi et al., (202Ehowed 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 rangéy providing filtration and settlement.

The EMC washoff 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 observe®&MCsvaried significany across events (Figure 5.3 and Table 5.3). Previous
studies also showed that each event has specific rain characteristic that &CE@ehrouz
et al., 2022b; Liu et al., 2015; Muthusamy et al., 208)ng the builedup/washoff relationship

allows for accounting variations between events fameding water qualitfeMCsfrom urban
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catchmentsWijesiri et al., (2016)modified the buildup/washoff relationship by adding the
fraction of particles less than 150 um in the equation for urban residential roads. Future research
could investigate how the butdap/washoff 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 pnBalderas Guzman et al., 202Even though we did not monitor heavy metals,
it could be possible that the monitored stormwater in our study had heavy metals. Future research
could alsdbeconductedn the City of Fredericksburg, VA tetermine 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 equétieh The updated
build-up/washoff parameters will be imported into the calibrated SWMM modgigh could
thenbe used to estimate the total mass load in (kg/yr./ha) from the selected catchments based on

which SCMsaredesigned.

Previously, OSTRICFHSWMM was used for automatic calibrations of watershed scale
models(Behrouz et al., 2022a, 2020; Macro et al., 2019; Torres et al.,.20@2¥tudy showa

that OSTRICHSWMM can also be used for automatic calibration of catchment scale models.

5.5. Conclusiors

This study examined and analyzed the water quality characteristics of stormwater
constituents including TN, TP, and TSS from five land uses (i.e., cacrahdreeways, high
density residential, industrial, and medium density residential). The median TN, TP, and TSS

EMCsfrom all land uses followed a log normal distribution and were less than the reddias
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from a national database demonstrating tiaentstormwateiat the five monitored locations
cleaner than thpreviously reportedational average. If stormwater control measures will be
implemented at the monitored sites, their designs should be based on the m&hitGed
Results of statisticalnalysis showed that there were no statistically significant differences
between the means of TRBMCsfrom all land uses. However, there was statistically significant
difference between the mean of ERICsfrom 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
EMCsfrom commercial and industriahlso, no statistically significat differences wre
observedetween the means of BMCsfrom freeways and high density residential.
Commercial and industrial had significantly different means of EBi€sthanother land uses.
Asphalt erosion and construction and industrial activities could have contributed to the originated

sediments at these tvsites.

Automatic calibration results showed that SWMM model was able to simulate
stormwater quantity from contributing homogenous catchments reasonably well. The build
up/washoff relationship was successfully applied to simulate stormwater quality. Howbe
build-up/washoff relationship may need to be modified by adding other parameters such as
particle size distribution. This study monitored five types of land uses for-geameeriod.

Future studies are expected to monitor more land uses fogerlome 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 ResearciNeeds
6.1 Key findings
This research was focused on improving predictions of stormwater quantity and quality
throughapplyingmodeling and data analysis techniques from national to catchment scales.
First, in Chapter 2, BNSivas appliedo a national stormwater quality database the
effect of climatological and catchment characteristics on stormwater galiBswas
investigatedLand use was found to be thmst important factor affecting stormwater quality
EMCs. Precipitation depth and duration affected TN, TP, and TSS. Slope affected TSS and
OrthoP; however, TN was not affected by slope. Climatological characteristics affected
dissolvednitrogen and phosphoruBhe results also indicate that eatbrmwater gality
constituent is different in terms of potential sources and transport processes depending on the
land use. For instancejmatological characteristics had different effects on stormwater quality
EMCs depending othe dominant land useg, at commaerial sites climatological
characteristicaffected TNmore compared to residential sittsaddition,potential sources of
variability in nutrients and sediment concentrations in stormwater from selected land uses were
determinedAtmospheric depositiofitom 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 commerciéBsitesuz et al., 2021,

2022d)

In chapter 3RFwas appliedo a national database to predict TN, TP, TSS, and &ttho
EMCsandthevariableswere rankedbased on the variable importance metric within RF. The
results showed that model performance was low when only land ugddhdere 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, an® Ortho
EMCs Smilar to chapter 2, land use was foundo®the most important factor affecting
stormwater qualitfeMCs Precipitation characteristiogere found to the more effectiom TN

than TP, TSS, and OrtH®EMCs However site characteristics such slepe and catchmesize
seemed to be more important parameters affecting TP, TSS, andREMGsthan TNEMCs
Hence, precipitation characteristics should be given more weight for predictibg$than

TP, TSS, and Orth® EMCs But site characteristics such slepe andcatchment sizehould be
given more weight than precipitation characteristicsADe for predicting TP, TSS, and Ortho

P EMCs(Behrouz et al., 2022b, 2022c)

In chapter 4, OSTRICYSWMM, an automatic calibration tool for SWMMasapplied
to a case study urban watershed in Fairfax, VA. The ability of SWMM to predict stormwater
guantity was assessed ioglependently calibrating to a dry and wet yddre 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 OSTRICEWMM which assisted ievaluating the uncertainty in SWMM
model parameter estimation. Some parameters, e.g., % effective imperviousness, exhibited
expanded posterior probability distribution, increasing uncertainty of the parameter estimate.
However, ot her parameters, such as Manningds
defined, exhibited narrower posterior probability distribution. lfemtthe 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 greatl{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-bpildashoff 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 automsaimplers during storm events. Stormwater
guality was characterized for a variety of storm events over the course of a year. The median TN,
TP, and TSEMCsfrom all land uses were less than the med@&ICsfrom a national database
suggesting thaturrentstormwater might be cleaner than fireviously reported and utilized
national averagealues 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 EMCsand commercial had the highest median EBE&Cs
Build-up/washoff parameters exhibited significant variability between the land uses, confirming
that land use affects stormwater quality. Timsling wasconsistent wh the results of chapters 2
and 3. The median particle sizes for all land uses were less than 150 um 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 doesed by stakeholders in treatment of stormwatenasy
water quality constituents are associated with fine suspended particles, particularly those less

than 63 um.

Collectively, these studies take an important step towards understatmlimgvater
guantity 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 researchindingspresented hengrovideevidencehat 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. EMCshave also been linked tarban forms and anthropogenic activit{ea et al.,
2015) Future research on case studiealdfocus onhow anthropogenic activitiesnd
urban formsaffectstormwater qualitfeMCs Monitoring runoff fromvariouscatchments
with different anthropogenic activities can explaariability in nutrients and sediment
EMCsacross different catchments with the same landinseddition, ®me studies have
found percent effective imperviousness to be a better parameter explaining the variability
in EMCsthan%Imp (Ebrahimian et al., 2016; Epps and Hathaway, 202&jvever,
since in the NSQD dataset, percent effective imperviousness was not provided for all
catchmentsylmpwasused Information onurban forms andnthropogenic 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 sugeasnt effective imperviousness, urban
forms, and human activities would have explained the variability iERME estimates
2. Moriasi et al. (2015, 200Provided model evaluation guidelines; however, the
recommended guidelines applied to case studies where all data were monitored from one
watershed, while ihapter3, data were gathered from many stati@@4 stations)
across the U.Szuture researcbouldalsofocus 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 €@hgpter4 couldbe 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 uncertaimyestimating SCM parameters within SWMM. In
addition,the OSTRICHSWMM tool can be expanded to also perfaratibration for
water qualityusingoptimizationwith SWMM.

4, Wijesiri et al., (2016)modified the buildup/washoff relationship for particulate solids
by adding the fractionfgarticles less than 150 um in the equation for urban residential
roads. Future research could investigate how the-oipitdbashoff relationship should be
modified for other land uses such as commercial, freeways, industrial, and residential
sites. Eaclstormwater quality constituent is different in terms of potential sources and
transport processes regarding stormwater which means the modifiedijpuvashoff
equations would be different for each stormwater quality constituent.

5. Future studies aneeedd to monitor a greater number of sites with the same land uses for
a longer time periagito further refine the results of chapter 5 (i.e. monitor stormwater
guantity and quality fronseverakesidential sites in the City of Fredericksburg, VA).
Moreover future research could also monitither constituents not included in this
study, such aBeavy metalsn the City of Fredericksburg, VA
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Appendices

Appendix A

Table 5 BN scores for optimal BN structures

Stormwater quality Figure number Class1 Class2 Class BN
constituents (>650) (400< 3 score
<650)  (<400)
TSS Figure2.2a n -121,454
TN Figure2.2b n -109,598
Ortho-P Figure2.2c n -20,599
TP Figure2.2d n -104,178
TN Commercial Figure2.3, Commercial n -22,987
Freeways Figure2.3, Freeways n -4,536
Industrial Figure2.3, Industrial n -14,884
Institutional Figure2.3, Institutional n -6,912
Open Space Figure2.3, Open Space n -4,070
Residential Figure2.3, Residential n -46,706
TP Commercial Figure2.4, Commercial n -22,739
Freeways Figure2.4, Freeways n -4,621
Industrial Figure2.4, Industrial n -12,690
Institutional Figure2 .4, Institutional n 7,377
Open Space Figure2.4, Open Space n -3,916
Residential Figure2.4, Residential n -43,468
Ortho Commercial FigureA7, Commercial n -4,568
Freeways FigureA7, Freeways n -3,629
Industrial FigureA7, Industrial n -2,073
Institutional FigureA7, Institutional n -1,382
Open Space FigureA7, Open Space n -1,123
Residential FigureA7, Residential n -4,694
TSS Commercial Figure2.5, Commercial n -28,393
Freeways Figure25, Freeways n -4,543
Industrial Figure2.5, Industrial n -5,314
Institutional Figure2.5, Institutional n -5,314
Open Space Figure2.5, Open Space n -4,557
Residential Figure2.5, Residential n -53,088
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Stormwater quality Figure number Class1l Class2 Class BN

constituents (>650) (400< 3 score
<650)  (<400)

TN Rain zone 1 Figure2.6a n -5,789
Rain zone 2 Figure2.6b n -33,149
Rain zone 3 Figure2.6¢c n -10,273

TP & Rainzone 1 Figure2.6d n -6,952

TSS  Rain zone 2 Figure2.6e n -39,306
Rain zone 3 Figure2.6f n -12,390

Table6Resul ts of a) ANOVA and b) Tukeyds HSD tes

a) ANOVA Degree of Sum of Mean square  F-value P-value (>F)
test freedom squares
Between groups 2 1.556 * 13° 7.780 * 16 14.06  4.25%10°*
Within groups 31 1.716 * 16° 5.535 * 10
Total 33 3.272 * 14°
b) Tukeybés | Classes P-value
land?2 0.03*
land3 0.00003*
2and 3 0.78

*p-value is less than 0.05, indicating a significant difference between the two classes.
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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 Rgions Commercial Freeways Industrial Institutional Open Residential
Space
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
RockyMountain System 0 0 0 0 1 0
TP
Physiographic Regions Commercial Freeways Industrial Institutional Open Residential
Space
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 Systern 0 0 0 0 1 0
TSS
Physiographic Regions Commercial Freeways Industrial Institutional Open Residential
Space
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 Systern 0 0 0 0 1 0
Ortho-P
Physiographic Regions Commercial Freeways Industrial Institutional Open Residential
Space
AppalachiarHighlands 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 Systerr 0 0 0 0 1 0
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Commercial Freeways Industrial

Institutional Open Space Residential

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 residardi8l7sifs
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 includin@alp) 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. Medh precipitation intensity in mm/min for rain zones 1, 2, and 3 are 0.037, 0.039, and&sfBdtively.
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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 thar00.
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Figure 9 Boxplots showing variations in concentrations of a) TP, b) Gthand c) TSS between land uses including commercial,

freeways, industrial, institutional, open space, and residential.
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Figure 10. Boxplots showing site characigtics including aAWG b) Ksa, €) Imp, d) A, and e)Sfor various land uses including
commercial, freeways, industrial, institutional, open space, and residential. The number of stations for commercial, freeways

industrial, institutional, opespace, and residential is 62, 28, 59, 9, 17, and 139, respectively.
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Commercial Freeways Tndustrial

Residential

Figure 11 Optimal BN structures for TP, OrtH®, and TSS for six land use including commercial, freeways, industrial, institutional,
openspace, and residenti@irected 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.
precpitation depth, D: precipitation duration, ADP: antecedent dry period, S: Slope, Imp: percent imperviousness, A: catehment si

AWC: available water capacity,sk saturated hydraulic conductivity.
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Figure 12 Boxplotsshowing 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 apNNINOs-N, b) TKN, and c¢) TNoetween land uses including

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