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Abstract

Urban stormwater quality is a critical concern in urban planning and stormwater management due
to its significant influence on receiving water bodies and ecosystems. The dynamics of stormwater
quality is influenced by complex factors, with rainfall characteristics and land-use/land cover
(LULC) playing primary roles. The joint effects of rainfall characteristics and LULC remain
inadequately understood. This research aims to enhance the understanding of how urban
stormwater quality responds to these variables and utilize the created knowledge to improve the

performance of urban stormwater quality models.

First, a data mining framework was designed to study the impacts of rainfall characteristics on
urban stormwater quality. Specifically, the relationship between rainfall characteristics and
stormwater quality was studied. Rainfall events were classified using a K-means clustering method.
A rainfall event type-based (RTB) calibration approach was used to improve water quality model
performance. Antecedent dry days, average rainfall intensity, and rainfall duration were the most
critical rainfall characteristics affecting the event mean concentrations (EMCs) of total suspended
solids (TSS), total nitrogen (TN), and total phosphorus (TP). The RTB calibration approach can
improve water quality model accuracy. The calibrated stormwater quality parameters could be

transferred to adjacent catchments with similar characteristics.

Secondly, to study the impacts of land cover on the simulation of stormwater runoff and pollutant
loading, a land-cover based (LCB) PCSWMM model was built. The LCB approach performed
better than the watershed delineation tool (WDT) approach in hydrological simulation. The two
models showed comparable performances in simulation of TSS, TN, and TP. The LCB approach

parameters could be regionalized based on land cover types. The hydrologic-hydraulic parameters



could potentially be transferred to similar catchments. The transferring of water quality parameters
did not perform as satisfactory. The LCB approach could quantitively evaluate the contribution to
runoff and pollutant loads of different land covers. Roads and roofs were found to be the major

contributors to urban runoff and pollutants in the two urban catchments.

Thirdly, to study the effects of mixed land use on urban stormwater quality under different rainfall
event types, the dataset from the two-year field monitoring program in four urban catchments in
Calgary was utilized. EMC and event pollutant load (EPL) were employed to evaluate TSS and
nutrients. EMC of TSS was positively correlated with most nutrient components. EPLs exhibited
higher correlation compared to EMCs. Mixed land use could influence the generation of
stormwater pollutants. Intense rainfall and long antecedent dry days could yield higher EMC and
EPL and long rainfall duration could generate elevated EPL. Seasonal variations were found in

EMC and EPL, with higher values in the spring and summer than the fall.

Fourthly, to investigate the effects of land use and rainfall conditions on the particle size
distribution (PSD), the dataset from a six-year water sampling program across 15 study sites in
Calgary was used to characterization of PSDs. The median particle size decreased in the order:
paved residential, commercial, gravel lane residential, mixed land use, industrial and roads. Fine
particles are the dominant particles of suspended sediments in runoff in Calgary. The impact of
rainfall event types could vary depending on land use types. Long antecedent dry period tends to
result in the accumulation of fine particles. High rainfall intensity and long duration could wash
off more coarse particles. The season is a factor in the PSD of suspended sediment in runoff. The
PSD in spring exhibits the finest particles. Particles in snowmelt are finer for the same land use

than that during rainfall events.



Finally, to predict stormwater quality in data-deficient areas using data-driven models, a semi-
supervised machine learning framework was proposed. This approach was applied in four
catchments in Calgary to predict EMCs of TSS, TN and TP. This study demonstrated that machine
learning is an effective tool for predicting stormwater quality. Relying on limited data and features
may lead to overfitting. By integrating data from different catchments, the model performance
could be enhanced. Consideration of catchment characteristics could improve the model capacity.
The pseudo-labeling learning could enrich the training dataset, and this semi-supervised machine
learning approach could elevate the model predictive ability. Rainfall characteristics are important
variables for predicting all three pollutants, with varying focus on duration, amount, intensity and

antecedent dry days.
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1. General introduction

1.1 Research background

Urbanization considerably changes the characteristics of urban stormwater runoff, including
hydrology and water quality (Goonetilleke et al. 2005). The overdevelopment of urban areas has
considerably changed the land use pattern. The surface permeability has decreased due to increased
impervious areas such as roads, roofs, and parking lots. A variety of anthropogenic activities in
urban areas generate a range of pollutants. With the increase of surface runoff, a number of
pollutants accumulated on the surface enter the urban drainage system and directly enter the
receiving water body, which poses severe threats to public health and the environment (Hernandez-

Crespo et al. 2019).

In order to control stormwater runoff and improve the quality of runoff, many stormwater control
measures (SCMs) have been developed, such as wet ponds and constructed stormwater wetlands
(Ahilan et al. 2019). The efficient design of SCM is closely dependent on the knowledge of the
response of urban stormwater quantity and quality to rainfall and catchment characteristics (Liu et
al. 2013). In this regard, stormwater modeling outcomes provide designers with important
guidance and dataset such as the prediction of storm-driven inflow hydrographs and the
corresponding sediment/nutrients loads. Therefore, the accuracy of modeling approaches and the

reliability modeling outcomes are of particular concern.

The accuracy of a stormwater model closely relies on the accuracy of the model replicating the
natural system, especially for the pollutant build-up and wash-off process (Egodawatta et al. 2007).
Pollutant build-up refers to pollutant accumulation on urban surfaces such as roads and roofs
during dry weather periods (Wang et al. 2020). Pollutant wash-off refers to the phenomenon that
the accumulated pollutants are mobilized by the kinetic energy of raindrops and the turbulence
created by stormwater runoff (Muthusamy et al. 2018). Rainfall and catchment characteristics,
especially land-use/land-cover (LULC), are among the most important influential factors
concerning build-up/wash-off processes (Li et al. 2015). Therefore, stormwater quality modelings

are primarily impacted by these factors.



Pollutant build-up and wash-off processes are considerably affected by rainfall characteristics. The
impact of rainfall characteristics on water quality is very complex. For example, Egodawatta et al.
(2007) reported that the relationship between pollutant wash-off and rainfall intensity is a stepwise
function. The influence of rainfall intensity on pollutant wash-off could differ based on intensity
thresholds. However, the models such as PCSWMM usually use simple continuous functions of
rainfall characteristics to describe the processes, ignoring the different responses of water quality
to different rainfall. Data mining techniques have potential to explore the water quality responses

to their influential factors and apply the knowledge to stormwater models.

Land cover refers to the physical material on the land surface. Urbanization increases impervious
land cover, resulting in an increase in runoff which creates additional avenues for the transportation
of pollutants from the landscape into waterbodies (Zhou et al. 2021). Accurate delineation of the
catchment is required to achieve accurate and successful applications of stormwater models.
Subcatchments covered by different land cover types are nonhomogeneous and a single set of
parameters cannot describe their spatial heterogeneity. Many studies have shown that spatial
heterogeneity can affect the accuracy of runoff simulation (Elliott et al. 2009, Krebs et al. 2014,
Leandro et al. 2016). Therefore, it is important to study the effects of land cover heterogeneity on

simulating urban stormwater runoff and pollutant loading from the modeling perspective.

Different land use types have various anthropogenic activities, such as traffic volume, vehicle
types, vegetation cover and maintenance activities and population density, playing a vital role in
generating pollution (Wijesiri et al. 2018). Many studies have investigated the impact of single
land use type on urban stormwater quality, but the effects of mixed land uses are seldom
investigated (Miguntanna et al. 2010, Li et al. 2015, Yazdi et al. 2021). Typically, the water quality
from different land uses was directly compared in the existing studies, ignoring the influences of
rainfall characteristics. However, the water quality responses on land use may vary with rainfall
event types. In addition, land uses have impacts on the form of nutrients (such as organic, inorganic,
dissolved and particle forms), and the nutrient composition is also essential for the effective
treatment of urban stormwater (Taylor et al. 2005, Miguntanna et al. 2013). Though nutrient
composition from different urban land uses has been reported in the literature (Yang and Toor

2017, Lucke et al. 2018), no specific attention has been paid to the temporal variation of nutrient



composition under different rainfall conditions. Therefore, the nutrient composition from mixed

land use during different rainfall events need to be investigated.

Road deposited sediment (RDS), also known as surface particles or road dust, is the sediment that
accumulates on paved surfaces such as roads and parking lots (Wang et al. 2020). RDS on the
urban surface is a significant stormwater pollution source and the primary carrier of other

particulate pollutants such as particulate nutrients and heavy metals constituents (Zhao and Li 2013,

Shen et al. 2016). Land use types can considerably impact PSD (Bian and Zhu 2009). Some studies
have investigated PSD from different land use types (Bian and Zhu 2009, Shen et al. 2016). PSD
of suspended sediments in runoff can be also impacted by rainfall characteristics. Rainfall
characteristics has been shown to influence PSD during sediment build-up and wash-off processes
(Wijesiri et al. 2016). However, there are knowledge gaps in the study of the impacts of rainfall
event types on PSD in runoff. Therefore, there is need to examine the effects of land use and

precipitation conditions on PSD in stormwater and snowmelt runoff.

Data-driven models, especially those utilizing machine learning (ML) algorithms, are based on
statistical relationships derived from observed data to apply in environmental research (Granata et
al., 2017, Ahmed et al., 2019, Behrouz et al., 2022). Process-driven models (or physically based)
(e.g., PCSWMM) are designed to represent the physical processes involved in stormwater
generation and pollutant transport. Data-driven models have emerged as a simpler alternative of
process-driven models due to their fewer extensive data requirements, relying predominantly on
weather, land use and water quality data. For example, using six factors as input features, effective
machine learning models were developed to predict total suspended solids (TSS) (Moeini et al.,
2021). Their predictive power is contingent on the quantity and quality of training data (Zhi et al.,
2021). Collecting stormwater quality data, is often time-consuming and expensive, leading to a
lack of available stormwater quality data (McKenzie et al., 2013). The majority of urban
catchments suffer from a dearth of comprehensive water quality datasets, which can lead to poor
model performance and generalization in ML applications (Zhu et al., 2022). Therefore, there is
need to develop a machine learning framework capable of predicting urban stormwater quality in

data-deficient regions in Calgary.



1.2 Thesis outline

This thesis is written in paper format and composed of five contributions. This research aims to
understand the responses of urban stormwater quality to rainfall characteristics and LULC and
improve the performance of urban stormwater quality models. Each study is presented in a

separate chapter. Following is the brief introduction of each chapter.

Chapter 2 proposed a data mining framework to study the impacts of rainfall characteristics. A
rainfall event type-based calibration approach was developed to improve water quality model

performance.

Chapter 3 built a new land-cover based (LCB) PCSWMM model, and a systematic comparison
with the traditional watershed delineation tool (WDT) model was made to study the impacts of

land cover on the simulation of stormwater runoff and pollutant loading.

Chapter 4 investigated the effects of mixed land use on urban stormwater quality (TSS, TN and
TP) under different rainfall event types using the dataset from a comprehensive field monitoring

program in Calgary, Alberta, Canada from 2018 to 2019.

Chapter 5 studied the effects of land use and rainfall conditions on the particle size distribution
(PSD) of suspended sediments in stormwater and snowmelt runoff utilizing the dataset from a six-

year monitoring program across 15 study sites in Calgary, Alberta, Canada from 2016 to 2021.

Chapter 6 proposed a semi-supervised machine learning (random forest) framework to improve
the prediction performance of models in data-deficient areas. This approach was applied in four

catchments in Calgary, Alberta, Canada to predict EMC of TSS, TN and TP.

Chapter 7 discussed the practical application of this research in urban stormwater quality

management and design.



2. Impact of rainfall characteristics on urban stormwater quality

using data mining framework

2.1 Introduction

Urban stormwater quality models are essential for effective stormwater management (Liu et al.,
2013, Yan et al., 2022). Stormwater quality models may generally be classified into process-driven
(or physically based) models such as PCSWMM and data-driven (or data-based) models. Data-
driven models are computer tools that can use algorithms to model stormwater quality parameters
(Orouji et al., 2013). Process-driven stormwater quality models can better capture physical
processes such as pollutant build-up/wash-of process in a catchment compared to data-driven
models (Damle and Yalcin 2007). Stormwater quality is greatly affected by rainfall characteristics
(Liu et al., 2013), so it is vital to fully understand the response of the stormwater quality to rainfall

characteristics for process-driven models.

Data mining involves extracting meaningful information and discovering patterns in data sets and
is widely used for outlier detection and clustering analysis (Deng and Wang 2017). Data-driven
models usually use data mining techniques to explore the nonlinear relationship between various
input conditions and outputs (Kusiak et al., 2013, Deng and Wang 2017). Data mining techniques
could fully use the existing data and process the complex nonlinear relationships between input
and output data (Saber et al., 2019). The use of data mining techniques to explore the response of
stormwater quality to its governing factors and applying the knowledge gained to advance process-
driven models is a promising method to improve the performance of stormwater quality models.
Very few studies focus on using data mining techniques to improve the performance of stormwater

quality models.

Pollutant build-up and wash-off processes, which are the most common representation of the
behaviors of pollutants within a catchment in process-driven models, are considerably affected by
rainfall characteristics (Goonetilleke et al., 2005, Li et al., 2015, Wijesiri et al., 2015, Gong et al.,
2016). The impacts of rainfall characteristics on stormwater quality are complex. For example, the
relationship between pollutant wash-off and rainfall intensity may differ based on intensity

thresholds (Egodawatta et al., 2007, Liu et al., 2013). However, models such as PCSWMM usually



only employ wash-off functions with the same parameter set to describe the processes for all kinds
of rainfall events, ignoring the different responses of the stormwater quality to different rainfall

characteristics (Rossman et al., 2010).

Due to the complex effects of rainfall characteristics on stormwater quality, the response of
stormwater quality shows a highly nonlinear behavior on an event scale, which results in
significant challenges with model calibration (Bonhomme and Petrucci 2017, Tscheikner-Gratl et
al., 2019). A number of studies have focused on using data mining techniques to improve the
performance of hydrological models. For example, researchers developed a new multi-period
model using a Fuzzy C-mean Clustering method to improve the calibration of hydrological models
based on hydroclimatic similarities (Zhang et al., 2011). Another study integrated data mining
techniques to develop a clustering framework for preprocessing climatic-land surface indices such
as precipitation, evaporation, antecedent streamflow, and the runoff coefficient (Lan et al., 2018).
Hydrological data were clustered into sub-annual periods for calibration to simulate seasonal
dynamic behaviors. Clustering methods were used to develop a discretization methodology that
helped portion the simulation periods and subsequent calibration (Sudheer 2021). These studies
employed data mining technologies to divide long time series data into sub-periods for independent
calibration to improve model performance. Data mining technology has been widely used in
studying the impact of rainfall characteristics on stormwater quality (Liu et al., 2013, Li et al.,
2015, Deng and Wang 2017, Liu et al., 2018, Jin et al., 2020). However, it has been rarely used in

stormwater quality simulation, especially in process-driven models.

Stormwater quality modeling relies heavily on data availability and reliability, as no models can
be successfully developed without local data (Vaze and Chiew 2003). Collecting data, especially
stormwater quality data, is often time-consuming and expensive, leading to a lack of available
stormwater quality data (Yan et al., 2022). Due to the lack of data, opinions regarding the impacts
of rainfall characteristics on the pollutant build-up/wash-off mechanisms may diverge (Wijesiri et
al., 2015, Bonhomme and Petrucci 2017). The quality of the collected data is not guaranteed for
various reasons (McKenzie and Young 2013). Model calibration requires a large amount of data,
and the reliability of data affects the accuracy of the model. Therefore, the collected data should
be preprocessed to evaluate the reliability while retaining the maximum amount of information. In

addition, stormwater quality models are challenging to apply in ungauged catchments due to the
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lack of stormwater quality data. As such, transferring the parameters of a calibrated stormwater
quality model from gauged catchments to ungauged catchments is a common approach to create

stormwater quality models for ungauged catchments.

Stormwater quality models are often divided into continuous simulation (CS) models and event-
based (EB) models based on their temporal domain, each of which has its own limitation (Hossain
et al., 2019). CS approach apply an “optimal” set of parameters to cover the long-time scale.
However, a single parameter set has major challenges in representing anything beyond the average
stormwater quality response, as the current generation of models does not account for the time-
varying nature of the stormwater quality responses (Guse et al., 2014). For EB models, parameters
can be calibrated based on a single event or several rainfall events (Wang and Altunkaynak 2012,
Tang et al., 2021). Compared to CS approach, EB models need to consider antecedent conditions
for each event. Many studies have considered antecedent dry days in predicting pollutant load on
urban impervious surface (Soonthornnonda and Christensen., 2008, Liu et al., 2015, Charters et
al., 2020). However, when considering urban pervious areas like grass land, some other antecedent
conditions such as initial soil moisture content could affect the generation of runoff, which in turn
affect model estimates of pollutant loading. These parameters need to be estimated for each rainfall
event in the EB models, which poses a great challenge to the reliability of the model. Therefore, a
rainfall event type-based continuous simulation approach could overcome the above limitations.
Rainfall event type-based models yield an optimal parameter set for each rainfall event type and

thus could account for the temporal variation of stormwater quality response.

Data mining techniques have potential in the application of process-driven stormwater quality
models. This study aims to propose a data mining framework for calibrating rainfall event type-
based stormwater quality models considering the response of urban stormwater quality to rainfall
characteristics. The specific objectives are as follows: (1) apply a statistical analysis method to
detect outliers; (2) use Principal Component Analysis (PCA) to study the impacts of rainfall
characteristics on stormwater quality and determine the representative rainfall characteristics; (3)
use a K-means clustering method to classify rainfall based on the selected rainfall characteristics
and study the stormwater quality for different rainfall event types; (4) develop a new approach to
improve model calibration based on potential rainfall event types; (5) test the transferability of the

parameters of the resulting stormwater quality model obtained from the above new approach. The
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PCSWMM model was applied to four catchments in Calgary, Alberta, Canada, to demonstrate the

effectiveness of the proposed framework.
2.2 Study sites and data collection

2.2.1 Description of the study areas

The study sites include four urban residential catchments located in Calgary, Alberta, Canada,
which are the Royal Oak (RO), Rocky Ridge (RR), Cranston (CR) and Auburn Bay (AB)
catchments, as shown in Fig. 2-1. Calgary is located in a semi-arid, cold temperate climate region,
with cold winters and mild to warm summers. The four catchments are mature without a significant
new development in the past five years. Table 2-1 shows the catchment characteristics of the study
areas. The land use types in all four catchments are predominantly residential (i.e., more than 50%),
the AB and CR catchments are more complex. The AB and CR catchment contains partial
institutional and commercial land use in addition to the residential, transportation and open space
land uses. The imperviousness of these catchments is around 50%, among which RR has the lowest
imperviousness at 48% and AB has the highest imperviousness at 58%. RR and RO have similar
catchment areas of 14.0 and 14.5 ha, respectively, and they are located only 300 m apart. The land
cover types are primarily composed of asphalt/concrete, gravel lanes, landscaped area and roofs.
Both RO and RR have a wetland to receive the generated runoff. CR and AB have larger areas
(117.4 and 222.6 ha, respectively) and are approximately 1.5 km away from each other. The
generated runoff in the CR catchment is directed to a wet pond. An upstream pond in the AB
catchment treats approximately 69 ha drainage area before the runoff drains to the piping system

and is discharged to a wet pond.
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Fig. 2-1. Location photos of the study sites: (a) locations of four catchments in Calgary (Google,
2022); (b) RR catchment; (¢) RO catchment; (d) CR catchment; (¢) AB catchment.

Table 2-1. Catchment characteristics of the study areas.

Catchment RR RO CR AB
Area (ha) 14 145 1185 2226

Imperviousness (%) 48 51 52 58
Residential 72 58 61 50

Transportation 18 28 19 20

Land Use
Open space 10 14 13 18
(%) o

Institutional 0 0 4 6

Commercial 0 0 3 6
Asphalt/Concrete 25 37 26 28

Land Cover Gravel lanes 0 0 2 3
(%) Landscaped area 52 49 51 46
Roofs 23 14 21 23

2.2.2 Field measurements

Field monitoring was conducted during the ice-free seasons (May - October) of 2018 and 2019. A

weather station, flow meters and autosamplers were installed in each catchment to collect data.



The weather station consisted of a HOBO RX300 Remote Monitoring Station equipped with a
HOBO RG3-M Data Logger (Onset Computer Corp., U.S.). Rainfall was measured with a tipping
bucket rain gauge, triggered at a minimum of 0.2 mm cumulative rainfall with data recorded at 5-

minute intervals.

Flow meters and autosamplers were installed in the inlets of the stormwater wetlands and wet
ponds. Table 2-2 provides information about the instruments that were used at the outlets of the
four catchments during the two years field program, 2018 and 2019. Six ISCO 6712 autosamplers
(Teledyne ISCO, USA) equipped with ISCO 750 area/velocity flow modules and four ISCO 2150
area/velocity flow modules were installed. The flow modules sensors were installed in the inlet
pipes to automatically calculate the inflow rates from the recorded water depths/velocities and the

given pipes diameters.

Table 2-2. Equipment installation at four catchments (RR, RO, AB and CR).

Catchment 2018 2019
1xHOBO RX300 1xHOBO RX300
RR 1x6712 Autosampler 1x6712 Autosampler
1x750 Flow sensor 1x750 Flow sensor
1xHOBO RX300 1xHOBO RX300
RO 1x6712 Autosampler 1x6712 Autosampler
1x750 Flow sensor 1x750 Flow sensor
1x2150 Flow sensor  1x2150 Flow sensor
1xHOBO RX300
1xHOBO RX300
2x6712 Autosampler
CR 2x6712 Autosampler
2x750 Flow sensor
2x750 Flow sensor
1x2150 Flow sensor
1xHOBO RX300 1xHOBO RX300
AB 2x6712 Autosampler 2x6712 Autosampler

2x750 Flow sensor

2x2150 Flow sensor

2x750 Flow sensor

2x%2150 Flow sensor
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The collected water samples were analyzed for total suspended solids (TSS), total nitrogen (TN),
and total phosphorus (TP). The flow meters monitored flow rates continuously at 5-min intervals.
The ISCO 6712 autosamplers collected water samples with a maximum collection capability of
24x1 L bottles. A flow-paced program was used to collect samples that would be representative
of the flow for the day of event in question. The ISCO 6712 autosampler was matched with the
ISCO 750 AV flow module or the ISCO 2150 flow module, which recorded the water level and
flow velocity continuously to trigger and pace the ISCO 6712 sampler program. Given the
limitations of the maximum collection capability of the ISCO 6712 unit and the desire to maximize
the volume of water quality samples during a runoff event, three flow pacing configurations were
used: low flow pacing, high flow pacing and extreme event pacing. Low flow pacing targets events
in the ~5 mm to 10 mm range, high flow pacing targets events up to 20 mm, and extreme event
pacing targets isolated large events more than 20 mm. To select the appropriate flow pacing
configuration, weather forecasts and expected precipitation were monitored. The water level to

trigger or activate the ISCO 6723 unit was then adjusted at the AV sensor location.

In this study, the aliquots samples during each storm event were combined to generate composite
samples, which represented approximately 75% of the storm runoff volume, resulting in event
mean concentrations (EMC). To preserve sample quality, composite sample bottles are placed in
a cooler until samples are delivered to the laboratory within 24-hours of sample collection. Further,
database analysts ensured that all data were consolidated in a consistent manner, with over 200
quality checks performed on the data prior to import into the database. The number of captured
events for the individual catchments was: Rocky Ridge (17), Royal Oak (15), Cranston (18) and
Auburn Bay (11), which amounted to 61 events in total. The rainfall data and EMCs of TSS, TN
and TP are summarized in Table Al in Appendix A.

2.3 Methodology of data mining framework

The proposed data mining framework that used MATLAB as a platform is illustrated in Fig. 2-2,

which involves five main steps:

(1) Pre-select appropriate rainfall and stormwater quality indices for the subsequent analysis.
(2) Detect outliers within the stormwater quality data using a boxplot approach and analyze
the outliers before deleting/keeping them to obtain the most representative data set.
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(3) Analyze the correlation between the rainfall indices and stormwater quality indices by
PCA to screen out the key rainfall parameters that can represent the rainfall characteristics
and reduce the dimension of the data set.

(4) Classify the rainfall event types applying a K-means clustering method based on the
reduced rainfall indices.

(5) Calibrate the RTB PCSWMM model based on the different rainfall event types and

compare its model performance with conventional CS approach.

The data mining components (boxplot approach, principal component analysis and K-means
clustering algorithm) were conducted using MATLAB as a platform. The outcome of data
mining (i.e., rainfall events clustering) will be used as foundation of rainfall event type-based

calibration of PCSWMM. Each of these steps is explained in the sections below.

‘ Rainfall indices Wa?er f]uality
Pre-selection 3 T indices
indices ‘
n ; ADD RT RlI-avg RD RI-max TSS TN TP
1 T-peak RT-30
‘::::::::::::::::::::::::#:::::::::::::::::::::::::::::::::::::::::::::4::::::::::::::::::::::::::::::::
Outlier Detection —* Delete outliers [« Boxplot
1 i PCA g
Dimension i ; i . '
reduction process | Correlation —
1 . Screen indices
analysis
3 K-Means
Classification of _h
rainfall events : '
l i Clustering events
RTB model i Classification Compare
Calibration 3 calibration CS model

Fig. 2-2. The proposed data mining framework for model calibration.

2.3.1 Pre-selection of indices

In order to establish the inherent relationship between rainfall characteristics and stormwater
quality, it is necessary to select appropriate rainfall indices and corresponding stormwater quality
indices. Potentially suitable rainfall indices were initially selected based on information from
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studies in the literature. The number of antecedent dry days had been found to exert a significant
influence on pollutant concentration for residential land use in stormwater runoff (Maestre and Pitt,
2006, Murphy et al., 2015). The total rainfall amount, average rainfall intensity and duration were
significant factors for stormwater runoff quality (Salim et al., 2019). The maximum intensity was
the critical factor defining EMCs for TSS, TN, TP, and chemical oxygen demand (Li et al., 2015).
The rainfall process (hyetograph) can considerably affect the shape and peak value of TSS
pollutograph (Gong et al., 2016). Time to peak rainfall intensity, which can reflect the rainfall
process, is a potential parameter affecting stormwater quality. The initial runoff in urban
catchments during rainfall events contained the highest pollutant levels due to the first flush effect,
so initial rainfall was also a potential parameter affecting stormwater quality (Li et al., 2015).
Sampling during the first 30 minutes of the event is an effective approach to evaluate the first flush
effect (Maestre and Pitt, 2004). Seven rainfall indices were selected as candidate rainfall indices
for this study, including the number of antecedent dry days (ADD), total rainfall amount (RT),
average rainfall intensity (RI-avg), rainfall duration (RD), maximum rainfall intensity (RI-max),

time to peak rainfall intensity (T-peak) and initial 30-min total rainfall amount (RT-30).

Three common stormwater pollutants of interest to regulators, and thus designers and
governmental agencies, are sediment, nitrogen and phosphorus. They are typically quantified in
stormwater runoff using total suspended solids (TSS), total nitrogen (TN) and total phosphorus
(TP). EMC is a critical analytical parameter for assessing stormwater quality, and EMCs of
different catchments are comparable. Therefore, EMCs of TSS, TN and TP were selected as the

stormwater quality indices of interest for this study.
2.3.2 Outliers detection

Outliers are defined as data points that have considerably different characteristics from other
observations (Hawkins, 1980). Outliers often exhibit unreasonable characteristics in the dataset,
leading to biased conclusions when using data mining techniques such as the K-means clustering
algorithm. Therefore, it is necessary to detect these outliers in stormwater quality data and deal
with them appropriately during data exploration. A boxplot approach is a straightforward but
effective way to visualize outliers for univariate data (L1 et al., 2016). A boxplot consists of five

values, the lower extreme, the first quartile (Q;), the second quartile (Q,), the third quartile (Q3)
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and the upper extreme (Smiti 2020). The interquartile (/QR) equals Q3 — Q4. The lower extreme
is assigned as Q; — 1.5/QR and the upper extreme is assigned as Q3 + 1.5/QR. Any data point
above the upper or below the lower extreme can be identified as an outlier (Smiti 2020). Therefore,

the boxplot approach was chosen to detect stormwater quality outliers.

Stormwater quality is affected by rainfall characteristics, so the stormwater quality data cannot be
analyzed in isolation. They must be analyzed with the rainfall data to make the data set more
representative while ensuring data integrity to the greatest extent. Boxplots of the EMCs for TSS,
TN and TP are shown in Fig. B1 in Appendix B: in four study sites, there were 6, 2 and 2 outliers
in total for TSS, TN and TP, respectively. For example, two outliers (1328 mg/L and 562 mg/L)
for TSS represent events that occurred on May 2"¢ in the Royal Oak and Rocky Ridge catchments,
respectively. These two events were small rainfall events with short antecedent dry days, which
should not have produced such large EMCs for TSS. This was likely due to the pollutants that
accumulated over the winter being flushed down the drainage systems. This allows large
concentrations of pollutants to occur during small rainfall events. Therefore, these events should
be eliminated from this research. In the end, four events were deleted, resulting in a 57 X 10 data

set (i.e., 57 events with 10 rainfall and stormwater quality indices).
2.3.3 Dimension reduction processing

Principal component analysis (PCA) is a dimensionality reduction method that can transform
multiple indices into a few comprehensive indices (Granato et al., 2018). PCA is a useful for
analyzing relationships between objects and variables and has been applied in stormwater quality
analysis (Liu et al., 2018, Yazdi et al., 2021). As part of a visual representation, an axis or principal
component (PC) is usually used as a factor to construct a two-dimensional or three-dimensional
projection of a sample, i.e., a biplot. The variances of PCs were calculated in MATLAB and when
the accumulated variances of the first few PCs exceed 60 %, these PCs are considered sufficient
to present the majority of the original information (Yazdi et al., 2021). In this study, subsequent to
the pre-selection of indices and outlier detection, the ten indices (i.e., rainfall and stormwater
quality indices) were selected as variables, and the 57 monitored rainfall events were selected as
objects. Various biplots were used to analyze the influence of rainfall characteristics on stormwater

quality, and the most important rainfall parameters were screened out. If the angles between the
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vectors in a PCA biplot are less than 90 degrees, the variables are considered correlated (Liu, 2015).
An obtuse angle indicates a low correlation, a 90-degree angle indicates that the variables are
uncorrelated, while a 180-degree angle indicates a negative correlation. The vector length
represents the importance of the variable in the individual principal components (Borris et al.,

2014). The selected key rainfall indices were included for further analysis (Section 3.4).

Multicollinearity describes the correlation among several independent variables (Alin, 2010).
Multicollinearity may have negative effects and therefore, it is preferable to detect
multicollinearity in advance and use uncorrelated variables in data analysis (Mansfield and Billy,
2012). Use of PCA prevented the multicollinearity and eliminated the redundant information
among the rainfall indices. A correlation matrix analysis was used to verify the results of the PCA.
The correlation was divided into five types based on Pearson correlation: 1) .00 to .30 (.00 to -.30):
negligible correlation, 2) .30 to .50 (-.30 to -.50): low positive (negative) correlation, 3) .50 to .70
(-.50 to -.70): moderate positive (negative) correlation, 4) .70 to .90 (-.70 to —90): high positive
(negative) correlation, and 5) .90 to 1.00 (-.90 to -1.00): very high positive (negative) correlation
(Mukaka, 2012).

2.3.4 Classification of rainfall events

Rainfall indices provide the basis for dividing rainfall events into different clusters based on
rainfall similarity. The K-means clustering algorithm is an unsupervised learning method widely
used to identify groups in a dataset (Choi and Beven, 2007). As a point clustering method, the K-
means clustering algorithm cannot be directly applied to the clustering analysis of high-
dimensional data. As such, PCA (Section 3.3) was conducted to reduce the rainfall dimension. K-
means clustering divides the data into K clusters by treating each observation in the data as an
object with a location in space (Steinley and Michael, 2007). Using this approach, a partition is
found in which objects in each cluster are as close to each other as possible and as far away as
possible from objects in other clusters. The best cluster number is determined through an elbow
method, which is an iterative algorithm using the sum of squared errors (SSE) as a performance
indicator (Yuan and Yang, 2019). SSE will decrease with an increase in the cluster number. In the
process of SSE reduction, there is an inflection point or elbow point where the rate of decline

suddenly slows down, which is considered the optimal cluster number (Yuan and Yang, 2019).
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The first flush in urban runoff has been an essential but controversial phenomenon among many
researchers (Bach et al., 2010). First flush effects showed a relation with EMCs, but the
relationship of the first flush and rainfall characteristics is unclear, and no rule could be employed
universally (Li et al., 2015, Mamun et al., 2020, Chaudhary et al., 2022). Therefore, this research
collected some discrete water quality samples to assess the first flush effects. The first flush effects
can be quantified using a mass first flush ratio (MFFn) (Li et al., 2015, Mamun et al., 2020). MFFn
is a dimensionless indicator that can quantify the relationship between cumulative runoff and

pollutant load. MFFn is defined as follows:

foti CiQcdt/M

MFFn ==—
fo Qt /V

2-1)
where n represents the percentage of the runoff, ranging from 0% to 100%; t; is the time up to
point n in the event; C; is the pollutant concentration at time t; Q; is the runoff flow rate at time t;

M is the total pollutant mass during the event; V is the total runoff volume.
2.3.5 Rainfall event type-based (RTB) PCSWMM model calibration and validation

In this study, an RTB approach was established based on the clustering results of the rainfall
indices and using the PCSWMM model as a foundation. The conventional CS approach runs
PCSWMM continuously for a long-time series, and the water quality parameters are calibrated for
all observed events. The RTB approach is also a long-term continuous simulation, but the water
quality parameters are only calibrated for events of a single rainfall event type. For example, if the
number of rainfall event types is four, the RTB approach will run four times for the entire period
and four water quality parameter sets will be optimized independently. The pollutant build-up
process in PCSWMM is a function of the number of antecedent dry days which are included in the
rainfall input data. In this long-term continuous simulation, antecedent conditions will also be
accurately reflected. The RTB approach simulations will provide the optimal water quality
parameter set for different rainfall event types and avoid having to set initial conditions (i.e., avoid
the hot start problem in PCSWMM). Therefore, the RTB approach is expected to take advantage
of both CS (accounting for the antecedent conditions) and EB models (calibrating parameters for
specific events). To evaluate the performance of the RTB approach, a conventional CS approach

was created as a comparison. The CS approach was run for the entire period to obtain an optimal
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set of water quality parameter. An accurate hydrological simulation in PCSWMM is required to
ensure the accuracy of the stormwater quality simulation, so the hydrological simulation was
calibrated first. The hydrological simulation for a specific period will be considerably affected by
the antecedent conditions, leading to unreliable simulation results (James 2010). This kind of
approach will result in a discontinuous hydrological simulation, which cannot be used for
continuous water quality simulation. Therefore, the hydrological parameters are calibrated for the

entire period rather than for different rainfall event types.

Two main components of the water quality routines in PCSWMM are the build-up and wash-off
of pollutants from a given land cover type: asphalt/concrete, gravel lanes, landscaped area and
roofs. Users can select three build-up functions (power function, exponential function and
saturation function) and three wash-off functions (EMCs, rating curves and exponential function)
in PCSWMM. EMCs and rating curves cannot account for the build-up process. In contrast to
EMCs and rating curves, exponential curves have a wash-off load that is proportional to the runoff
rate and the amount of pollutant remaining on the catchment (Rossman et al., 2016). Build-up
functions are all based on a certain cumulative velocity approaching maximum cumulant. In the
literature, exponential build-up equations are widely used to simulate pollutants (Tu et al., 2018).
Therefore, this study only modeled the stormwater quality using the exponential build-up and

wash-off functions.
The exponential build-up function is given by

B =C,(1—e %t (2-2)

where B = buildup (mass per unit area), C1 = maximum buildup possible (mass per unit area or
curb length), C> = buildup rate constant (1/day) and ¢ = buildup time interval (day). This function
is applicable when the buildup follows an exponential growth that asymptotically approaches a

maximum limit (James et al., 2010).
The exponential wash-off function is given by

W = C3q“B (2-3)

where W = wash-off rate (mass/hr), C3 = wash-off coefficient, Cs = wash-off exponent and ¢ =

runoff rate per unit area (mm/hr) (James et al., 2010).
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The Sensitivity-based Radio Tuning Calibration (SRTC) tool, a built-in tool in PCSWWM, was
used to calibrate the parameters. The user inputs a percentage of estimated uncertainty (e.g.,
+/- 30%) for each parameter that is considered for calibration. This gives a low-end value and a
high-end value for each parameter. The SRTC tool executes a model run using the high and low
values of the designated uncertainty range, generating sensitivity gradients for each parameter
defined for calibration. The Cranston catchment has the most events (i.e., 18 events), so the events
in 2019 (i.e., 12 events) in the Cranston catchment were used to calibrate the water quality models,
while the events in 2018 (i.e., 6 events) in the Cranston catchment were used to validate the water

quality models subsequently.

The Nash-Sutcliffe efficiency (NSE) and coefficient of determination (R?) were chosen to assess
the agreement between the simulated and observed flow rate. Model performance was evaluated
on the following criteria: very good (NSE > 0.65, R>> 0.8), good (0.54 < NSE < 0.65, 0.7 < R*<
0.8) and satisfactory (0.5 < NSE < 0.54, 0.6 < R?< 0.7) (Donigian et al., 2002, Rai et al., 2017).
The absolute value of relative error between simulated and observed pollutant concentrations was
used to evaluate the model performance for stormwater quality. A criterion of 50% for the
simulated pollutant concentrations was assumed to be an acceptable deviation from the measured

value with a targeted relative error lower than 25% (Tuomela et al., 2019).

To test the transferability of the stormwater quality model’s parameters obtained from the
calibration of the CR catchment to the other catchments, and to compare the performance of the
CS and RTB approach on parameter transferability, the AB, RO and RR catchments were
considered as ungauged catchments. The stormwater quality model’s parameters resulting from
calibration of the RTB and CS approach in the CR catchment were directly transferred to the AB,
RO and RR catchments. To avoid the influence of the hydrological simulation on the stormwater
quality simulation, the parameters of the hydrological model for the AB, RO and RR catchments

were calibrated independently rather than transferring from the CR catchment.
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2.4 Results and discussion

2.4.1 Impacts of rainfall characteristics on stormwater quality

Fig. 2-3 reveals the underlying and complex associations among the selected rainfall and
stormwater quality indices. The first two PCs explained 42.9% and 18.0% of the data variance,
respectively, leading to a total of approximately 60.9%. Therefore, the first two PCs were
considered to be adequate to construct biplot to visualize PCA results. In Fig. 2-3, ADD is
projected to the positive PC1 axis and shows an acute angle with the stormwater quality indices,
which indicates ADD is positively correlated with pollutant EMC values. This implies that ADD
is a important factor affecting the buildup process of pollutants. RI-max, RI-avg and RT-30
strongly correlate because the angles between these vectors are very small. They are also positively
correlated with pollutant EMCs as they have small angles with pollutant EMCs. The angles of RT-
30 and pollutant EMCs are less than the angles of RI-max, RI-avg with pollutant EMCs, which
indicates the effect of RT-30 on pollutant EMCs is greater than that of RI-max and RI-avg. This
could be explained by the first flush effect, where most pollutants are usually removed by runoff
in the initial phase (Perera et al., 2021, Chaudhary et al., 2022). Kim et al (2007) reported that
pollutant concentrations decreased considerably in the initial 30—40-minute storm period with the
greatest decrease rate occurring in the initial 30-minute period. The angles of RD, T-peak and
EMCs are close to 180° indicating that RD and T-peak are inversely correlated with EMCs. A
similar conclusion was drawn by Pitt et al. (2005) and Kim et al. (2007). They found that pollutant
concentration decreases with rainfall duration. The angles between RT and other indices are almost
90°, indicating that RT has a negligible relationship with other parameters since total rainfall is
determined by RI-avg and RD. RT cannot be explained by a single parameter. Pollutant EMCs
depend on the available initial pollutants and the kinetic energy provided by the rainfall (Wijesiri
et al., 2016). ADD affects the available pollutants, and the rain intensity determines the kinetic

energy, so the effect of the total rainfall can be replaced by other parameters.
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Fig. 2-3. PCA biplots for rainfall indices and stormwater quality indices: the dots represent

rainfall-runoff samples.

To verify the results of the PCA analysis, a correlation matrix analysis was used, as shown in Fig.
2-4. The correlation coefficient between RD and T-peak reached 0.51, showing a moderate
correlation, indicating that the time to the peak rain intensity would be longer in a longer-duration
event. RD was negatively correlated with TSS, TN and TP, consistent with the PCA analysis. The
correlation coefficients of the three indices related to rain intensity (RI-max, RI-avg and RT-30)
are all over 0.8, showing a strong correlation. Meanwhile, the correlation coefficients between the
rain intensity indices and TSS and TP range from 0.48 to 0.61, showing a moderate correlation but
range from 0.16 to 0.28 or TN, indicating a weak correlation with TN. There is no apparent
correlation between RT and the other rainfall parameters because the total rainfall is determined
by the rainfall time and the average rainfall intensity (Liu et al., 2013). There is negligible
correlation between RT and the stormwater quality indices and between ADD and the other rainfall
indices because ADD is an independent parameter. The correlation coefficients of ADD with TSS,
TN and TP ranged from 0.36 to 0.44 indicating low correlations but it is the only rainfall
characteristic that shows a significant (i.e., non-negligible) positive correlation with all stormwater
quality indices, indicating that ADD is an important parameter affecting stormwater quality

(Murphy etal., 2015, Lietal., 2015, Perera et al., 2021). TSS was moderately and highly correlated
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with TN and TP indicating that sediment is an important carrier of nitrogen and phosphorus (Zhao

et al., 2022).

Correlation Coefficient

ADD

RT-30

T-peak
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Fig. 2-4. Correlation coefficient matrix heatmap of rainfall and stormwater quality indices.

Combining the results of the PCA and correlation analyses, RT was eliminated, given its poor
correlation with the stormwater quality indices, while RI-avg was retained from the three rain
intensity parameters because of its stronger correlations. In addition, both ADD, positively
correlated with all stormwater quality indices, and RD, negatively correlated with all stormwater
quality indices were retained. RI-avg, RD and ADD were finally selected as the indices for the

rainfall event type clustering, thus reducing the dimension of the data set.
2.4.2 Clustering results of rainfall indices

Adopting the screening results of the PCA, the smaller data matrix (57x3) consisting of three
rainfall indices (i.e., ADD, RI-avg and RD) was used to classify the rainfall events. Fig. C1 shows
the variation of SSE with the number of clusters. The SSE decreases with an increase in cluster
number, with the magnitude of the decline slowing down after 4 clusters, indicating that the
classification effect is not noteworthyly improved by increasing the cluster number beyond 4

clusters. Therefore, the optimal number of clusters is determined to be 4. Fig. C2 in Appendix C
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displays how close each point in one cluster is to the points in the neighboring clusters. The
silhouette value of each object is a measure of how similar that object is to other objects in the
same cluster. Large silhouette values indicate that the clusters are well separated. The average
silhouette value is 0.66, which is larger than that of Sonmez’s research (2011). They reclassified
rainfall regions using the K-means methodology with an average silhouette value of 0.261.

Eventually, our data set was divided into four categories, as shown in Fig. 2-5.
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Fig. 2-5. Distributions of four rainfall event types: RI-avg is average rainfall intensity, RD is

rainfall duration, ADD is antecedent dry days.

The mean value and range of rainfall and stormwater quality parameters of the four rainfall event
types are summarized in Table 2-3. Some typical histograms of four rainfall event types are shown

in Fig. D1 in Appendix D. The characteristics of the four types are as follows:

(1) Type I rainfall events have a shorter rainfall duration (3.2 h), a lower average rainfall intensity

(3.5 mm/h) and a smaller number of antecedent dry days (4.3 days) with small EMC values for
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TSS, TN and TP. Type I rainfall events were small and frequent rainfall events in the four

catchments, which amounted to 30 out of 57 events.

(2) Type 11 rainfall events have a shorter rainfall duration and a small number of antecedent dry
days, while they have the highest average rainfall intensity (25.6 mm/h). As shown in Fig. D1b in
Appendix D, Type II rainfall events have high rainfall intensity of a rather short duration,
consistent with the characteristics of typical convective rainfall events (Thyregod et al., 1999).
This kind of rainfall event represents more kinetic energy that is able to mobilize more of the
accumulated pollutants, so Type II rainfall events display higher average EMC values of TSS, TN
and TP (i.e., 302 mg/L, 1.96 mg/L and 0.39 mg/L, respectively). Type Il rainfall events amounted

to 9 out of 57 events.

(3) The average rainfall intensity and the number of antecedent dry days of the Type III rainfall
events were similar to those of the Type I rainfall events, but the rainfall duration was much longer.
Fig. Dlc in Appendix D shows that Type III rainfall events are relatively continuous and uniform
in intensity, consistent with the typical stratiform rainfall events (Lowe et al., 2016). There are
limits to the wash-off capacity of rainfall events, and typically only a fraction of pollutants can be
mobilized (Egodawatta et al., 2007, Muthusamy et al., 2018). Type III rainfall events with small
rainfall intensity could only wash away pollutants in the initial period and fail to mobilize
pollutants in the later stage of long duration, resulting in the smallest average EMC values of TSS,
TN and TP (i.e., 73 mg/L, 1.10 mg/L and 0.14 mg/L, respectively). Type III rainfall events

amounted to 13 out of 57 events.

(4) Type 1V rainfall events have the largest number of antecedent dry days (14.8 days) among the
four rainfall event types. More pollutants were able to build up during the longer antecedent dry
periods, so Type IV rainfall events display the highest average EMC values with 344 mg/L, 2.57
mg/L and 0.41mg/L for TSS, TN and TP, respectively. Type IV rainfall events amounted to 5 out

of 57 events.

Compared with the Type I rainfall events, the latter three rainfall event types reflect the impacts
of average rainfall intensity, rainfall duration and antecedent dry days on stormwater quality. More
antecedent dry days could provide more available pollutants, while a higher rainfall intensity could

provide more kinetic energy, which results in larger pollutant concentrations. It was pointed out
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that the higher kinetic energy and longer rainfall durations may produce higher EMCs (Liu et al.,
2013). However, there is no corresponding rainfall event type with long duration and high average
rainfall intensity as the study areas are located in a semi-arid area with less rainfall. Therefore, the
long rainfall duration mainly decreases the pollutant concentration because there is insufficient
energy to mobilize the pollutants (Pitt et al., 2005). These four rainfall event types appear to cover
most of the rainfall events in the study areas, at least for the 2018-2019 period. It should be noted
that the number and type of classified rainfall will vary with the study area when the method is

applied to other catchments.

Table 2-3. Summary of four rainfall event types.

Rainfall event RD RI-avg ADD TR Event TSS TN TP
types (h) (mm/h)  (days) (mm) number (mg/L) (mg/L) (mg/L)
Average 3.2 3.5 43 8.6 95 1.45 0.15
Type
I 30
Range 0.7-7.3 0.9-9.1 1.2-8.5 2.4-33.2 13-313  0.61-3.74 0.03-0.38
Average 1.1 25.6 6.4 21.4 302 1.96 0.39
Type
11 ’
Range 0.3-4.2 11.8-42  1.5-13.1 5.3-494 148-593 0.85-3.74 0.05-0.66
Average 21.3 1.2 5.0 22.8 73 1.10 0.14
Type
I b
Range  14.6-37.8 0.4-5 1.6-12.4  10.6-85.8 11-175  0.41-1.95 0.04-0.29
Average 1.3 6.5 14.8 8.8 344 2.57 0.41
Type
5
v
Range 1.1-1.5 2.2-84 104-22 8.0-12.6 190-588 2.09-3.17 0.25-0.58

This study uses MFF curves (Fig. 2-6) to assess the first flush effect. The MFF curves are
dimensionless curves of MFFn against cumulative runoff volume. Based on Geiger’s definition of
the first flush, when the values of MFFn exceed the balanced line (MFFn = 1), the first washout is
observed (Geiger 1987, Li et al., 2015). The difference of the MFFn curve from the balanced line

is used to assess the magnitude of the first flush.
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Fig. 2-6a and b show that the MFFn of the event of 5/2/2019 for RO and RR exceeded the balance
line, indicating the occurrence of the first flush phenomenon. Under similar rainfall conditions, the
strength of the first flush effect of RR was slightly higher than that of RO under similar rainfall
conditions, which could be attributed to the catchment shapes. The hydrograph, which influences
the generation of pollution and the first flush effect, could be affected by the shape of the catchment.
Square-shaped catchments are more likely to have a stronger first flush than elongated catchments
(Mamun et al., 2020). As shown in Fig. 2-1, RO and RR catchment have almost the same catchment
area around 14 ha, while RR is square-shaped and RO is elongated. Therefore, under similar

rainfall conditions, the RR catchment exhibited a stronger first flush effect than the RO.

The values of MFFn of the event of 6/27/2019 for RO and RR are below the balance line, indicating
that the first flush phenomenon did not occur. This event is a Type III event with small rain
intensity in the early period and the rain intensity peak occurring later in the long-duration event
(Fig. DIc in Appendix D). The later high-intensity rainfall produced higher pollutant
concentrations than that of the initial period. A similar trend was observed by Pitt et al. (2004),
who found that there likely will not be a noticeable first flush when the highest rainfall intensity
occurs later in the event. Type III event (5/17/2019), which occurs in the AB basin, shows first
flush effect (Fig. 2-6¢). This event has a long duration with small rain intensity and uniform
distribution (Fig. D1c in Appendix D), so the runoff from the earlier stage carried away a large
load of pollutants. The values of MFFn of the event of 7/16/2019 (Type I) are almost consistent
with the balance line, indicating that pollutants are evenly distributed throughout the rainfall event.
However, Type I rainfall events (8/22/2019, 8/31/2019 for CR and 6/27/2019 for AB) show first
flush effects, except for TN and TP on 8/31/2019. Although these rainfall events belong to Type
I, the rainfall processes are different (Fig. D1a in Appendix D). The rain intensity peak of the event
of 6/27/2019 (in RO and RR) occurred at the beginning of the event, while the rain intensity peak
of the event of 6/27/2019 (in AB) and 8/22/2019, 8/31/2019 (in CR) occurred later in the events.
High rainfall intensity at the beginning of the event could contribute to the high wash-off of some
pollutants, such as TSS. When the rain intensity peak occurs at the beginning of the event, the first

flush effect is exaggerated (Pitt et al., 2004).

Overall, the first flush phenomenon was observed at times in all four catchments. Although the

common consensus is that the first flush generally occurs in small catchments and such a
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phenomenon is uncertain in large catchments (Mamun et al., 2020), first flush effects also occurred

in larger catchments (AB and CR) in this study. This may be related to the fact that discrete water

quality samples were collected for only a few rainfall events. This study emphasizes the

importance of rainfall processes on the first flush phenomenon. Since discrete water quality

samples were only collected for a few Type I and Type III rainfall events, no clear relationship

between first flush and rainfall event type was found.
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Fig. 2-6. Mass first flush ratio (MFF) curves of (a) RO; (b) RR; (c) AB; (d) CR.

2.4.3 Evaluation of rainfall event type-based model performance

In this study, water quality data was not collected for all recorded rainfall events. In some small

events, autosamplers were not triggered or activated and “No Liquid Detected” errors appeared,

indicating missed aliquots. Battery power failures also resulted in missed aliquots or termination

of the sampler program. Therefore, the number of recorded rainfall events is larger than the number
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of composite water quality samples. In order to obtain a reliable hydrological model, recorded
rainfall events in 2019 (23 events) were used for the model calibration and recorded rainfall events
in 2018 (12 events) were used for the model validation. Fig. 2-7 provides boxplots of different
evaluation indices of the hydrological simulation. The NSE and R? values were calculated based
on the modeled vs. recorded flow rate for the entire hydrograph of individual events. For the
calibration period of 2019, the values of NSE ranged from 0.38 to 0.95 (with an average of 0.76).
The values of R? ranged from 0.42 to 0.95, with an average of 0.81. Therefore, the calibrated
hydrological model performed well. The hydrological model also achieved very good performance
during the validation period of 2018. The NSE ranged from 0.21 to 0.96 (with an average of 0.65)
and the R? values ranged from 0.53 to 0.97, with an average of 0.84. Detailed hydrological

modeling results in Cranston catchment can be found in Appendix E.

Table 2-4 summarizes the hydrological performance of the different rainfall event types. During
the calibration period, the performance of the model on criteria of NSE (> 0.65) and R? (> 0.8)
for Type I, Type III and Type IV rainfall events was in the very good range. Similarly, the
hydrological performance for Type I, Type III and Type IV rainfall events was very good for the
validation period. Model performance for Type II rainfall events during the calibration and

validation period was not good based on the NSE criterion ( < 0.5) but was satisfactory based on
the R? criterion ( > 0.6). To sum up, the calibrated hydrological model could be used as the base

for the subsequent simulation of stormwater quality.
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Fig. 2-7. Boxplots of different evaluation indices of hydrological simulation: (a) NSE and R? for
the calibration period of 2019; (b) NSE and R? for the validation period of 2018 (central bar =

median; hinges = 25% and 75%; empty circle = outliers; cross = average).

Table 2-4. Average NSE and R? for the different rainfall event types.

Calibration S '
Rainfall ) Validation period
period
event type

NSE R? NSE R?
Type 1 0.76 0.85 0.62 0.84
Type 11 0.38 0.61 0.48 0.77
Type 111 0.79 0.82 0.86 0.87
Type IV 0.80 0.83 0.88 0.95

The events in 2019 (12 events) in the Cranston catchment were used to calibrate the CS and RTB

water quality model. The events in 2018 (6 events) in the Cranston catchment were used to validate

the water quality models. Optimal parameter sets (Ci — Cs) for each land cover type were obtained.

A sensitivity analysis was conducted using the sensitivity-based radio tuning calibration (SRTC)

tool. The values of C; and C; for CS and RTB approach, identified as insensitive parameters, are

similar, as shown in Table 2-5. C; and C5 represent the maximum possible build-up on the surface

and the wash-off coefficient, respectively. These two parameters are mainly affected by land

use/land cover types, so they did not show noticeable changes in the two models. While C, and C,

reflect the build-up and wash-off rate, which were affected by rainfall characteristics. Therefore,

these two parameters showed non-negligible variability in different models, which were primarily

associated with the temporal aspects of the build-up and wash-off equations.

Table 2-5. Calibrated stormwater quality parameters for RTB approach and CS approach.

TSS TN TP
Model
Cl 2 C3 C4 ClI 2 C3 C4 C1 2 C3 C4
Asphalt/Concrete 369 1.21 0.0007 2.00 2.00 0.70 0.0040 1.29 0.29 1.21 0.0081 1.37
s Gravel 141 1.01 0.0013 1.22 1.00 0.58 0.0020 1.14 0.15 1.01 0.0200 1.55
Landscaped 100 0.73 0.0013 1.68 3.12 0.42 0.0010 1.00 049 0.73 0.0001 1.75
Roofs 299 097 0.0013 147 150 0.56 0.0050 1.43 0.19 0.97 0.0003 1.67
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RTB

Asphalt/Concrete 373 1.43 0.0007 1.83 2.00 0.78 0.0041 1.22 0.30 1.44 0.0080 1.19

Type Gravel 142 1.19 0.0013 1.12 1.00 0.65 0.0020 1.09 0.15 1.20 0.0198 1.33
I Landscaped 101 0.86 0.0013 1.54 3.12 0.47 0.0010 0.95 0.50 0.87 0.0001 1.51
Roofs 302 1.14 0.0013 1.35 1.50 0.62 0.0051 1.36 0.20 1.16 0.0003 1.44
Asphalt/Concrete 369 0.96 0.0007 2.08 2.00 096 0.0040 1.38 0.30 0.96 0.0081 1.54

Type Gravel 141 0.80 0.0013 1.27 1.00 0.80 0.0020 1.23 0.15 0.80 0.0200 1.73
I Landscaped 100 0.58 0.0013 1.75 3.12 0.58 0.0010 1.08 0.50 0.58 0.0001 1.96
Roofs 299 0.77 0.0013 1.53 1.50 0.77 0.0050 1.54 0.20 0.77 0.0003 1.87
Asphalt/Concrete 369 0.96 0.0007 2.07 2.16 0.64 0.0042 1.20 0.29 1.20 0.0081 1.42

Type Gravel 141 0.80 0.0013 1.26 1.08 0.53 0.0021 1.07 0.15 1.00 0.0200 1.60
11 Landscaped 100 0.58 0.0013 1.74 337 0.39 0.0010 0.93 0.49 0.73 0.0001 1.81
Roofs 299 0.77 0.0013 152 1.62 051 0.0052 1.33 0.20 0.97 0.0003 1.72
Asphalt/Concrete 380 0.96 0.0007 2.00 2.00 096 0.0040 1.28 0.30 0.96 0.0083 1.38

Type Gravel 145 0.80 0.0014 1.22 1.00 0.80 0.0020 1.13 0.15 0.80 0.0206 1.55
v Landscaped 103 0.58 0.0014 1.68 3.12 0.58 0.0010 0.99 0.50 0.58 0.0001 1.76
Roofs 308 0.77 0.0014 1.47 150 0.77 0.0050 1.42 0.20 0.77 0.0003 1.67

Note: C; and C; are build-up parameters, and Cs and Cy are wash-off parameters, seen equations (2) and

3).

Fig. 2-8a compares the two models (RTB vs. CS) concerning the different stormwater quality
parameters and rainfall event types during the calibration period. The CS approach performed
poorly for the Type I rainfall, with an absolute value of the relative error of TSS and TP over 50%,
which was deemed unacceptable. Application of the RTB approach reduced the absolute value of
the relative error to about 30%, indicating that the RTB approach was acceptable for the simulation
of Type I rainfall events. The RTB approach showed improved performance for the Type Il rainfall
events, reducing the absolute value of the relative error to less than 5%. The comparison
demonstrated that the RTB approach is well suited for simulating stormwater quality for severe
rainfall events. Both models had acceptable accuracy of simulating TSS and TP for Type III
rainfall events. The RTB approach performed better for TN compared to the CS approach with
relative errors of 44.2% and 28.5%, respectively. The RTB approach did not performed better for
type IV rainfall events, but both models were acceptably accurate. Overall, compared to the CS
approach, the RTB approach reduced the relative error for the three pollutants by 11.4% to 16.4%
for calibration period. The RTB approach was better than the CS approach, especially for rainfall
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event types I and II while the CS approach sacrificed simulation accuracy for the Type 1 events to
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Fig. 2-8. Comparison of the performance of the two models for the different rainfall event types:

(a) during the calibration period; (b) during the validation period.

Fig. 2-8b compares the performance of the two models (RTB vs. CS) with respect to the different
stormwater quality parameters and rainfall event types during the validation period. For the Type
I rainfall events, although the RTB approach improves the model performance to some extent, the
absolute value of the relative error of the two models is almost above 50%, which is deemed
unacceptable. For the Type Il rainfall events, the simulation of TN and TP by the RTB approach
was improved compared to the CS approach. Both models failed to represent TP for the Type III
rainfall events, but the RTB approach improved the simulation for TSS and TN. Similar to the
calibration period, the two models performed similarly for the Type IV rainfall events. Overall,
the RTB approach performed better than the CS approach during the validation period, although
the simulation of TP was generally unsuccessful. As expected, the performance of the two models
decreased during the validation period in comparison to their performance during the calibration

period. Detailed water quality modeling results in Cranston catchment can be found in Appendix
E.
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2.4.4 Transferability of RTB approach’s parameters

The transferability of the stormwater quality model parameters resulting from the calibration of
the RTB and CS approach in the CR catchment to the other catchments was tested by applying the
parameters to the AB, RO and RR catchments. The absolute value of the relative errors between
the observed and simulated EMCs was used to assess the parameter transferability. As shown in
Table 2-6, the model performance of the AB catchment was the best. Compared to the CR
catchment, the performance of the stormwater quality model for the AB catchment decreased, but
the average relative error was still less than 50%, which is deemed acceptable. Except for the TSS
simulation, the performance of the RTB approach for the AB catchment was better than the CS
approach, with the relative error reduced to less than 35%. For the RR catchment, the
transferability of the model parameters was not ideal for both the CS and the RTB approach. Even
though the relative error of the RTB approach for the TN simulation was less than 50%, the other
simulation results are unacceptable (i.e., with relative errors more than 50%). However, the RTB
approach still outperformed the CS approach. The RO catchment was the worst with respect to the
transferability of the stormwater quality model parameters. The absolute value of the relative error
exceeded 100% except for the simulation of TN by the RTB approach, which means that the

stormwater quality parameters of the CR catchment cannot be transferred to the RO catchment.

The performance of the models declined when the stormwater quality parameters derived for the
CR catchment were transferred to the other catchments. However, the RTB approach remained
better than the CS approach. The RTB approach performed well when the parameters were
transferred to the adjacent catchment (AB), which has a similar catchment area. However, the
performances of the two models were poor when the parameters were transferred to the two
catchments (RR and RO) with smaller areas. RR and RO are situated close to each other, whereas
they and Cranston (CR) are located at opposite ends of the city. The influence of the catchment
characteristics should be carefully evaluated when calibrated stormwater quality model parameters
are transferred to other catchments with similar precipitation conditions. For example, conduct a
comprehensive assessment of catchment characteristics of the source catchment and the target
catchments. This could include land use, soil types, topography, impervious surface percentage,

drainage systems, vegetation cover, and current stormwater management practices. Then develop
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criteria to assess the similarity of catchments characteristics. This could involve statistical analyses,

similarity indices, or machine learning techniques to quantify the degree of similarity.

Table 2-6. Average absolute value of relative error (%) between the observed and simulated
EMC:s of the two models for the four catchments.
TSS ™N TP

CS RTB CS RTB CS RTB
CR 355 241 343 225 350 18.6
AB 443 51.6 78.1 353 546 29.0
RR 61.3 519 988 41.1 1525 98.4
RO 98.6 164.5 214.1 49.7 2839 103.7

Catchments

To investigate the possible reasons for the differences in parameter transferability to the different
catchments, we compared the average EMC in the four catchments with respect to the different
rainfall event types in Fig.9. It should be noted that the EMC of the type IV rainfall events in the
RR basin is empty in Fig. 2-9 because no rainfall event type IV rainfall events were recorded in
this catchment in 2018 and 2019. As can be seen from Fig. 2-9, for the types I and type III rainfall
events, the EMCs of the four catchments were not overly different, with the EMCs of the CR and
AB catchments slightly higher than those of the RO and RR catchments. This could be attributed
to the fact that these two rainfall event types have neither longer antecedent dry days to build up
pollutants nor a stronger rainfall intensity to wash off pollutants, so the EMCs of the four

catchments were relatively small.

The four catchments showed differences for the type II and type IV rainfall event type events,
which may be related to the catchment characteristics. For the type II rainfall events with higher
average rainfall intensity, the EMCs showed a good relationship with the catchment area size and
imperviousness. The AB catchment, which has the largest area size and the largest imperviousness,
yielded the highest EMCs (457 mg/L of TSS, 2.66 mg/L of TN, and 0.66 mg/L of TP, respectively)
and the RR catchment which has the smallest area size and the smallest imperviousness
corresponded to the smallest EMCs. This indicates that events with stronger rainfall intensity could
produce higher EMCs in catchments with a larger area and imperviousness. However, an

impervious surface increases runoff volume and rate, resulting in pollutants being more easily
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washed off, therefore larger imperviousness could increase pollutant concentrations in stormwater
(Pitt et al., 2001). In addition, pollutants could be temporarily deposited in the larger pipes of a
larger drainage system during small rainfall events (e.g., Type I and III rainfall events) (Chow et
al., 2013). These deposited pollutants could be transported by large storm events with sufficient

energy (e.g., Type II), resulting in a higher pollutant concentration.

For type IV rainfall events with longer antecedent dry days, CR catchment yield the highest EMCs
of TSS and TP (442mg/L and 0.49mg/L, respectively) and higher EMC of TN (2.55mg/L). This

may be related to the land uses and land covers in the catchments. As shown in Table 2-1, although
the land use types in all four catchments are predominantly residential (i.e., more than 50%), the

AB and CR catchments are more complex. The AB and CR catchment contains some institutional
and commercial land use in addition to the residential, transportation and open space land uses.

The commercial site could produce more pollutants due to the high traffic volume in parking area
(Pitt et al., 2006, Chow et al., 2013). The commercial and institutional sites have higher impervious
areas where runoff could directly enter the drainage system. However, residential sites have

smaller impervious surface area. The portion of runoff from the roofs of residential areas may enter
the landscaped area and will not drain into the drainage system (Pitt et al., 2006). It was estimated
that half of the roofs in residential area of the study sites drain directly to storm pipes and the rest
of the runoff from roofs may flow to the pervious area, resulting in smaller pollutant concentrations.
In addition, as shown in Table 2-1, there are partial gravel lanes in the CR and AB catchments but
not in the RO and RR catchments. Gravel lanes could be an important source of high
concentrations of TSS. This could be attributed to the increased wear and tear of vehicles on gravel
surfaces (Helmreich et al., 2010) and gravel erosion effects (Nelson et al., 2002). The road surfaces
(asphalt/concrete) in commercial and institutional areas in the CR and AB catchments have higher
traffic volume than road surfaces in the residential areas in RO and RR catchment. Higher pollutant
concentrations were seen from higher-trafficked roads in comparison to the lower trafficked roads
(Liu et al., 2016, Charters et al., 2021). Road surfaces contribute to stormwater pollution load
mainly through mechanical wear of road surface by vehicle tires and vehicle exhaust (Miiller et al.
2020). Therefore, this may help to explain why CR and AB catchments yield higher EMCs
compared to RR and RO catchments.
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In general, the catchments with similar catchment characteristics (i.e., including the catchment
area, imperviousness, and land use) were able to yield similar EMCs for the same rainfall event
types. This explains why the model performance is better when the parameters derived for the CR
catchment are transferred to the adjacent AB catchment, which has similar catchment
characteristics, while the model errors are larger when the parameters are transferred to both the
RO and RR catchments. Therefore, the influence of the catchment characteristics should be
carefully considered when calibrated stormwater quality model parameters are transferred to other

catchments with similar precipitation conditions.
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Fig. 2-9. Comparison of the average EMCs in the four catchments under the different rainfall
event types.

2.4.5 Limitations and future work

The RTB approach shows better performance to the CS model during both calibration and
validation periods, with an obvious reduction in relative error for simulating pollutants. It improves
simulation performance for all rainfall types, especially for Types I and II. However, the RTB
approach's performance diminishes when calibrated parameters are transferred to different

catchments, especially those with differences in characteristics.

The proposed framework applied various data mining techniques using MATLAB, but some
manual operations were still needed. These operations require the experience and knowledge of
the analysts, which may result in a degree of subjectivity. For example, Boxplots were generated
in Section 3.2 to screen possible outliers, but the setting of the threshold for rejecting outliers is a
subjective exercise. These rejected outliers may have some influence on the subsequent modeling

analysis.
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The hydrological simulation results strongly influence the performance of the stormwater quality
model. Therefore, the accuracy of the hydrological simulations must be improved in applying the
proposed method. Some studies have accomplished this by dividing long time series into different
sub-periods for independent calibration to improve the performance of the hydrological models
(Zhang et al., 2011, Lan et al., 2018). Independent calibration of the hydrological models for the
different rainfall event types is also a potential approach. The hydrological simulation for a specific
period will be considerably affected by the initial hydrological conditions, leading to unreliable
computed responses (James 2010). Although this is a big challenge for the application of the RTB
approach for hydrological simulation, the benefits of this approach with respect to hydrological

simulations are worth exploring.

The RTB approach is a long-term continuous simulation, but the water quality parameters are only
calibrated for events of a single rainfall event type. This approach generates a separate optimal
model for each rainfall event type. At present, to obtain a continuous long simulation series, it
would be necessary to combine the simulation results of each rainfall event type events into a long
series. One possible way is to develop a tool that can automatically modify the model parameters
in the modeling process so that the stormwater quality model parameters can be automatically

updated as the model moves from one rainfall event type to another one.

2.5 Conclusions

This paper designed a data mining framework to improve the performance of urban stormwater
quality models. The influence of rainfall characteristics on stormwater quality was studied by using
data mining technology which allowed for the screening of major rainfall characteristics. Rainfall
events were clustered using a K-means method and a rainfall event type-based model (RTB) was

developed. The main findings and conclusions are as follows:

(1) PCA and correlation analysis showed that the number of antecedent dry days (ADD), average
rainfall intensity (RI-avg) and rainfall duration (RD) were the most critical rainfall characteristics
affecting the event mean concentrations (EMCs) of TSS, TN and TP. ADD was the only rainfall
indices that showed an obvious positive correlation with all stormwater quality indices because
ADD affected the build-up process of the pollutants. RI-avg was positively correlated with the
EMCs because a high average rainfall intensity could provide more kinetic energy to wash off
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pollutants. RD was negatively correlated with the pollutant concentrations, that is, the EMC values
were lower for the longer duration rainfall events. The total rainfall depth had a negligible
relationship with the stormwater quality indices and other rainfall characteristics, as it was

determined jointly by RI-avg and RD.

(2) The K-means method facilitated effective clustering of the rainfall events in the study areas
into four types with their own characteristics. Type I was the most common rainfall event type
with a shorter rainfall duration, a lower average rainfall intensity and a shorter number of
antecedent dry days while Types II, III and IV had a higher average rainfall intensity, a longer
rainfall duration and a higher number of antecedent dry days, respectively. The pollutants showed
different responses to the four rainfall event types. The rainfall event types with a stronger average
rainfall intensity and a higher number of antecedent dry days produced higher pollutant
concentrations, while longer duration events produced lower pollutant concentrations. The first
flush phenomenon was observed in all four catchments. Rainfall process plays a non-negligible

role in the first flush phenomenon.

(3) The RTB approach was calibrated for each rainfall event type independently and optimal sets
of stormwater quality parameter were obtained for the different rainfall event types. Overall, the
RTB approach was better than the CS approach during both the calibration and the validation
period. Compared with the CS approach, the relative error of the RTB approach with respect to
the simulation of the three pollutants was reduced by 11.4% to 16.4% in the calibration period and
6.5% to 12.5% in the validation period, respectively. The RTB approach improved the simulation
performance for all rainfall event types, especially for Types I and II, while the CS approach
sacrificed simulation accuracy for some events in order to achieve good average performance. In
the validation period, the RTB approach was still better than the CS approach, indicating that

application of a RTB approach could yield superior simulation performance.

(4) The performance of the models diminished when the calibrated stormwater quality parameters
were transferred to other catchments, but the RTB approach remained better than the CS approach.
The performance of the RTB approach was acceptable (i.e., < 50 % relative error) when the
parameters were transferred to an adjacent catchment with similar characteristics. However, the

performance of both models was unacceptable when the parameters were transferred to catchments
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located at a long distance from the originally calibrated catchment and that had non-negligible
differences in catchment characteristics. The influence of the catchment characteristics should be
carefully evaluated when calibrated stormwater quality model parameters are transferred to other

catchments with similar precipitation conditions.
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3. Land cover based simulation of urban stormwater runoff and

pollutant loading

3.1 Introduction

In urban areas, the presence of impervious surfaces greatly increases volumes and peaks of surface
runoff (Ebrahimian et al., 2016). Various pollutants contained in urban runoff pose serious threats
to public health and environment (Li et al., 2016). Urbanized areas are typically comprised of a
variety of land covers such as roads, buildings, parking and green spaces with the urban

hydrological cycle being considerably impacted by different land covers (Niemi et al., 2019).

Urban stormwater models such as the Storm Water Management Model (SWMM) are important
tools for managing stormwater quantity and quality (Gironas et al., 2010). The complexity of land
covers poses a number of challenges in urban stormwater modeling. Semi-distributed stormwater
models require a large number of parameter sets to describe a catchment (Petrucci et al., 2014).
Accurate description of the catchment is required to achieve accurate and successful applications
of stormwater models (Wu et al., 2017). The standard methods of catchment delineation are based
on Digital Elevation Models (DEMs) and Geographic Information System (GIS), such as the built-
in Watershed Delineation Tool (WDT) in PCSWMM. Typically, subcatchments are considered to
have the same hydrological characteristics (i.e., they share the same set of model parameters) and
are called Hydrological Response Units (Sun et al., 2014). This traditional method is acceptable
for undeveloped, natural areas (Gorgoglione et al., 2016). Subcatchments covered by different land
types are nonhomogeneous and a single set of parameters cannot describe their spatial
heterogeneity. A number of studies have shown that spatial heterogeneity can affect the accuracy

of runoff simulation (e.g., Elliott et al., 2009; Krebs et al., 2014; Leandro et al., 2016).

Urban stormwater models have a number of calibration parameters that are difficult to estimate a
priori, so they are usually calibrated using measured data (Bardossy et al., 2007). Collection of
data is often not only time-consuming and expensive, but also the quality of the data is not
guaranteed for a variety of reasons (McKenzie et al., 2013). For example, the main sources of error
in rainfall measurement are related to both rainfall catching and counting errors. Battery, logger

and computer clock failures are also sources of uncertainties in rainfall measurements. The lack
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of reliable measurement data makes it difficult to apply the model directly to ungauged catchments

(Patil et al., 2014).

A number of studies have researched spatial transferability of model parameters in neighboring
catchments. The term regionalization referred in rainfall-runoff modeling context to the transfer
of parameters from neighboring gauged catchments to an ungauged catchment (Oudin et al., 2008).
Model parameters can be transferred from gauged catchments to similar ungauged catchments.
Similarity between gauged catchments and ungauged catchments is typically identified using an
approach that is either based on spatial proximity or physical similarity (Patil et al., 2015). These
approaches usually use physical descriptors such as catchment area, mean slope, median altitude,
river network density and fraction of forest cover to evaluate watershed similarity without
considering the composition of land cover types (Oudin et al., 2008). These approaches regionalize
the parameters of the entire catchment without considering the complex composition of the land
cover types, so it is not suitable for application in the urban catchments. If we determine parameter
sets based on land cover types, it would make sense to apply these parameters to ungauged
catchment because the same land cover type in different catchments are comparable. However,
there are few studies on parameterization of urban stormwater models based on land cover types
and on parameter transferability between urban catchments. Krebs et al. (2014) reported that that
the parameter values calibrated for the high-resolution model are suitable for regionalization to
larger, ungauged urban areas. Sun et al. (2014) stated that the posterior parameters from the high-
resolution model could provide higher confidence in parameter transferability for other ungauged
urban areas. Rio et al. (2020) found that discretized catchment into uniform surface types enhances
the hydrological and water quality outputs compared to the representation as pervious and

impervious surfaces.

To control runoff and contaminants near these source areas, management concepts such as Low
Impact Development (LID) have been developed (Elliott et al., 2007). Urban stormwater
management increasingly requires water quality models that account for urban land cover types to
assess the impact of land use planning scenarios and effectiveness of LID (Rio et al., 2020). In
many applications of PCSWMM, different water quality functions and parameters have been
applied to different land cover types (Bonhomme et al., 2017). However, PCSWMM cannot report

runoff and pollutant loads on each land cover type because they did not discretize catchment by
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land cover types. Therefore, traditional catchment delineation methods in PCSWMM cannot be

used to assess the different runoff and pollutant sources and pathways.

Recent research focused on improving PCSWMM model’s performance by discretizing a
catchment based on land cover types (Tu et al., 2018; Rio et al., 2020; Palli et al., 2020). For
example, an 11.4 ha catchment was discretized into 600 subcatchments representing vegetation,
roofs, asphalt, sand/gravel, stone/tile pavers or open rock (Tuomela et al., 2019). They showed that
the performance of the model can be improved by increasing spatial variability and dividing the
catchment into several areas with homogeneous land cover and using separate parameter sets. In
another study, an automated tool was developed to delineate adaptive subcatchments with
homogeneous land cover (Niemi et al., 2019). The results showed that a model with adaptive
subcatchments could reproduced the observed discharge with high model-performance. However,
Niazi et al. (2017) concluded that the effects of spatial resolution can vary considerably on model
predictions. Ghosh et al. (2012) reported that the total outflow volume was relatively insensitive

to spatial resolution in their study catchment.

A comprehensive comparison between traditional delineation methods and land-cover based
methods has not been reported. Based on the above considerations, this paper developed a land-
cover based PCSWMM model and compared it with a traditional catchment delineation method to
study the impacts of land cover heterogeneity on simulating urban stormwater runoftf and pollutant
loading. We selected two mature, urban residential catchments as the study areas and applied the
two models. The specific objectives were to (1) evaluate the performance of the two methods in
simulating hydrographs and TSS, TN and TP loading; (2) parameterize different land cover types
for application to an ungauged area and test the transferability of model parameters; (3) use land
cover representation to assess the individual contributions of different land cover types to runoff

and water quality.
3.2 Materials and methods

3.2.1 Description of the study areas

The study areas include two residential catchments located in the City of Calgary, Canada: Rocky
Ridge (RR) and Royal Oak (RO). The climate of Calgary is continental, with cold winters and
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mild warm summers. The two neighboring catchments are mature with no considerable new

development for the past 5 years.

The RR catchment has a 14.0 ha drainage area that is directed to the RR wetland. The altitude of
RR catchment ranges from 1263m to 1270m and the average slope is about 9.5%. The land cover
types in RR had the following areal distribution: 23.6% roofs, 5.7% parking, 16.4% roads, 51.4%
greenspace and 2.9% trails. The RO catchment has a 14.5 ha drainage area that is directed to the
RO wetland. The altitude of RR catchment ranges from 1265m to 1283m and the average slope
is about 9.9%. The land cover types in RR had the following areal distribution: 20.2% roofs, 5.5%
parking, 25.2% roads, 46.6% greenspace and 2.5% trails. The RR and RO catchments are located

only 300 m apart. Therefore, they are similar in terms of their physical characteristics and climate.

3.2.2 Field measurements

In each catchment, one weather station, flow meters and autosamplers were installed to collect
data. Field monitoring was conducted during the ice-free seasons (May - October) of 2018 and
2019. The weather station consisted of a HOBO RX300 Remote Monitoring Station Data Logger
equipped with a HOBO RG3-M Data Logger (Onset Computer Corp., USA) for collecting
meteorological data. Rainfall was measured with a tipping bucket, which was triggered at a

minimum of 0.2 mm cumulative rainfall and data was recorded at a 5-min interval.

Flow meters and autosamplers were installed in the inlets of the wetlands. An ISCO 750 Area
Velocity Flow Module (Teledyne Isco, USA) and an ISCO 6712 autosampler (Teledyne Isco, USA)
were installed at the RR inlet. An ISCO 750 Area Velocity Flow Module, an ISCO 2150 Area
Velocity Flow Module (Teledyne Isco, USA) and an ISCO 6712 autosampler were installed at the
RO inlet. The collected water samples were analyzed for TSS, TN, and TP. The flow meters
monitored flow rates continuously at 5-min intervals. ISCO 6712 autosamplers collected water
samples with a maximum collection capability of 24x1 L bottles. Flow paced program was used
to collect samples that could be representative of the flow for the day. ISCO 6712 with 750 AV
sensor and ISCO 2150 flow module recorded water level and flow velocity on a continuous basis
for the purpose of triggering and pacing ISCO 6712 sampler programs. Given the limitations of
ISCO 6712 unit’s maximum collection capability, and the desires to maximize water quality
samples during a runoff event, three pacing configurations were used: low flow pacing, high flow
pacing and extreme event pacing. Therefore, weather conditions were monitored to forecast
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precipitation, then the water level at AV sensor location was adjusted to trigger or activate ISCO

6712 unit.

The volume of collected samples per rainfall event ranged from 1 L to 24 L, with an average of 11
L. A total of 25 composite water samples was successfully collected for around 60-70% of the
rainfall events over the two years. The study area is in a semi-arid cold temperate climate region.
In some small events, autosamplers were not triggered or activated and “No Liquid Detected”
errors appeared indicating missed aliquots. Battery power failures will also result in missed
aliquots or termination of the sampler program. These led to the incomplete samples for some rain
events. Nevertheless, larger rain events accounted for around 90% of the total rainfall of all events.
Water samples were successfully collected for most larger rainfall events in this study. In this study,
the aliquots sampled during each storm event were combined to generate composite samples,

resulting in event mean concentrations (EMC).

The monitoring campaign recorded rainfall, flow, TSS, TN and TP in 2018 and 2019.
Rainfall/runoff data related to all events, including maximum rainfall intensity (mm/hr), total
rainfall (mm), peak runoff (m?/s), and total flow (m?), are summarized in Table 3-1. The rainfall
and flow data have been checked to ensure the data quality. EMCs of TSS, TN and TP are also
listed in Table 3-1.

Table 3-1. Summary of rainfall-runoff events at the RR and RO catchment in 2018 and 2019
including EMCs for TSS, TN and TP.

Maximum Total Peak Total
TSS TN TP
Catchment Event Rainfall Rainfall Flow flow
(mgl) (mglL) (mgL)
(mm/hr) (mm) (m¥/s) (m%)
RR 6/15/2018 19.2 4 0.054 86
6/16/2018 7.2 5 0.048 141
6/23/2018 21.6 33.2 0.118 1188 144 1.21 0.18
6/28/2018 4.8 7 0.026 169 13 0.96 0.03
7/04/2018 7.2 2.1 0.013 26
7/10/2018 4.8 2.2 0.025 49 40 1.57 0.12
7/18/2018 19.2 2.6 0.069 54
7/24/2018 24 12 0.08 249 38 0.82 0.11

42



Continued Table 3-2. Summary of rainfall-runoff events at the RR and RO catchment in 2018
and 2019 including EMCs for TSS, TN and TP.

Maximum Total Peak Total
Catchment Event Rainfall Rainfall Flow flow 155 ™ r
(mgL) (mg/L) (mgL)
(mm/hr) (mm) (m?/s) (m?)
RR 7/25/2018 12 1.2 0.017 16
8/02/2018 7.2 2.2 0.024 47
8/03/2018 9.6 6.4 0.044 138
8/12/2018 50.4 7 0.148 128
8/24/2018 14.4 9.8 0.053 154 50 3.65 0.11
8/26/2018 7.2 8.2 0.026 145 28 1.07 0.06
9/03/2018 7.2 3 0.023 46
9/10/2018 4.8 2 0.028 47 22 0.95 0.06
9/20/2018 4.8 6.4 0.021 119 15 1.43 0.6
9/26/2018 7.2 10.8 0.016 188 17 0.66 0.04
5/07/2019 12 4.6 0.071 229
6/19/2019 52.8 11.8 0.37 461 184 1.52 0.25
6/27/2019 55.2 42 0.651 2853 142 1.83 0.25
7/09/2019 14.4 4 0.091 151 41 1.27 0.06
7/16/2019 26.4 10.4 0.096 308
7/18/2019 33.6 5.6 0.192 199
7/20/2019 12 5.8 0.071 257
8/6/2019 40.8 10.2 0.215 213 37 0.64 0.07
8/22/2019 12 5.6 0.066 100
9/01/2019 72 9.6 0.576 328 232 1.44 0.13
RO 6/23/2018 19.2 34.2 0.105 888
6/28/2018 4.8 8.2 0.026 141 71.7 1.55 0.42
7/18/2018 16.8 3.2 0.044 48
7/23/2018 28.8 15.2 0.243 412 116 2.08 0.25
8/03/2018 12 7 0.045 186
8/24/2018 14.4 9.8 0.05 81 96 3.13 0.1
8/26/2018 7.2 8.2 0.022 44 22 0.76 0.07
9/03/2018 7.2 3 0.019 17
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Continued Table 3-3. Summary of rainfall-runoff events at the RR and RO catchment in 2018
and 2019 including EMCs for TSS, TN and TP.

Maximum Total Peak Total
TSS TN TP
Catchment Event Rainfall Rainfall Flow flow
(mg/L) (mg/L) (mg/L)
(mm/hr) (mm) (m?/s) (m?)

RO 9/26/2018 7.2 11.6 0.009 48 25 0.5 0.05
4/28/2019 2.4 1.6 0.013 24 193 1.19 0.23
6/19/2019 72 12.8 0.215 293 148 1.1 0.2
7/06/2019 12 4.4 0.101 253
7/09/2019 14.4 4.2 0.07 110
7/16/2019 43.2 12 0.15 301 77 1 0.06
7/18/2019 24 5.6 0.077 127
8/06/2019 4.8 6 0.022 121 190 2.09 0.33
8/16/2019 45.6 11 0.23 241 137 0.6 0.13
8/22/2019 12 7 0.058 176 101 1.03 0.13

Note: Blanks mean that no water samples were collected.

3.2.3 Modeling methods

The built-in Watershed Delineation Tool (WDT) in PCSWMM delineates watersheds based on a
digital elevation model (DEM). The WDT automatically discretizes the watershed and generates
subcatchments and flow directions with assigned slopes and flow lengths. Usually, after this step,
modelers check the results and adjust it manually taking into consideration the topography and
drainage infrastructure. The subcatchments generated by this method include pervious areas and
impervious areas. The flow routing elements consist of an outlet and an internal subarea routing.
Users can specify the outlet and internal flow direction: pervious subarea to impervious subarea or
vice versa. RR and RO were divided by the WDT into 427 and 449 subcatchments, respectively
(Fig. 3-1a and 3-1c).

In the LCB approach, the catchment is delineated based on land cover such that each subcatchment
has only one land cover type. First, the built-in tile map service in PCSWMM is used to access
high-resolution geo-referenced satellite images that are used to identify the land types contained

in the catchment. The high-resolution satellite imagery can provide spatial resolution down to
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Smx5m which is needed to accurately delineate these small urban catchments. Typically, the land
covers of a catchment are classified into three categories: road, roof, and greenfield (Li et al., 2016).
In this paper, the catchment was divided into five land cover types manually based on the built-in
map in PCSWMM: roofs, roads, parking, trails, and greenspace. In this study, manually delineation
of urban surface is an effective method to identify land covers because the study areas are small
urban catchments. For large urban area, advanced automatic catchment-discretization approach
with homogeneous land cover is proposed (Niemi et al., 2019). Second, the catchment was
subdivided into subcatchments with a single land cover type. This method divided RR into 477
subcatchments: 23.6% roofs, 5.7% parking, 16.4% roads, 51.4% greenspace and 2.9% trails; and
RO into 482 subcatchment: 20.2% roofs, 5.5% parking, 25.2% roads, 46.6% greenspace and 2.5%
trails (Fig. 3-1b and 3-1d). As each subcatchment is homogeneous, it is assigned as either pervious
or impervious: roofs, roads and parking are 100% impervious, and greenspace and trails have 0%

imperviousness.

In the LCB approach, impervious cover is divided into direct impervious cover and indirect
impervious cover. The runoff from direct impervious covers such as roads is collected by the
drainage system directly (Direct impervious surfaces are defined as areas directly connected to
urban drainage system.). If an impervious cover i.e., roofs is connected to pervious cover and
runoff from the impervious cover flows to the pervious cover, the impervious cover is considered
indirect impervious cover because runoff from such impervious cover may infiltrate on the
pervious cover. However, how to accurately reflect building/rooftop runoff connectivity is a
common challenge in the modelling work in general. A portion of runoff from a certain percentage
of roofs may flow to pervious area and the rest may drain to the drainage system. Determination
of the exact portion is often difficult due to the scarcity of survey data. Therefore, it is assumed
that runoff from rooftops drains to pervious space in this work. Note this can be different in other
catchments. RR catchment was used to calibrate and validate PCSWMM model and RO catchment

was used to evaluate the transferability of model parameters.
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Fig. 3-1. WDT and LCB approach configurations for RR and RO catchment: (a-b) WDT
approach and LCB approach for RR; (c-d) WDT approach and LCB approach for RO.

PCSWMM is a GIS-based dynamic hydrologic-hydraulic simulation model used either single-
event or long-term continuous simulation of runoff quantity and quality primarily in urban areas.
In this study, the model was setup with subcatchments, conduits, manhole, storage junctions, and
a dual-drainage system (consisting of sewers as minor system and roads as major system). The
Green-Ampt method was applied to represent infiltration of rainfall in pervious subcatchments.
Flow routing was modeled using dynamic wave routing. The model was used to continuously

simulate the rainfall and runoff from May to October 2018 and 2019. The buildup and washoff of
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pollutants from the different land cover types were simulated using the exponential buildup and
washoff functions. The land cover types for the LCB approach include roofs, roads, parking,
greenspace and trails. The land cover types for the WDT approach include roofs, paved areas and

greenspace.
The exponential buildup function is given by,
B =C(1—e %Y (3-1)

where B = buildup (mass per unit area), C; = maximum buildup possible (mass per unit area or
curb length), C>= buildup rate constant (1/day) and t = buildup time interval (day). This function
is applicable when the buildup follows an exponential growth that asymptotically approaches a

maximum limit (James et al., 2003).
The exponential washoff function is given by,
W = C3q“B (3-2)

where W = washoff rate (mass/hr), C; = washoff coefficient, C,= washoff exponent and ¢ =

runoff rate per unit area (mm/hr) (James et al., 2003).

The Sensitivity-based Radio Tuning Calibration (SRTC) tool, a built-in tool in PCSWWM, was
used to quantify the sensitivity of the calibration parameters. The user inputs a percentage of
estimated uncertainty (e.g., +/- 30%) for each parameter that is considered for calibration based on
the accuracy and source of the initial input. This gives a low-end value and a high-end value for
each parameter. The SRTC tool executes a SWMMS run by using both the high and low values of
the designated uncertainty range generating sensitivity gradients for each parameter defined for
calibration. The sensitivity analysis can be performed with the SRTC tool before calibration.
Events in 2018 of RR were used to calibrate models, and events in 2019 of RR were used to
validate models. The Nash-Sutcliffe efficiency (NSE) and coefficient of determination (R?) were
chosen to assess the agreement between simulated and observed flows. An NSE greater than 0.5
and R? = 0.7 indicate acceptable model performance for PCSWMM simulations (Zhao et al., 2009;
Donigian et al., 2002). Relative error between simulated and observed pollutant concentrations
was used to evaluate model performance for water quality. A criterion of +50% for the simulated
pollutant concentrations was assumed to be an acceptable deviation from the measured value with

a targeted relative error lower than +25% (Tuomela et al., 2019).
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PCSWMM can automatically produce subcatchment summaries including contributions from
upstream subcatchments. Each subcatchment in the LCB approach is homogeneous with a single
land cover type. The runoff is either directly routed into the drainage system or into a downstream
catchment. The runoff routed into a downstream catchment area is called runon. Therefore, the
total runoff from a subcatchment includes the runoff generated by rainfall over the subcatchment
and any runon routed from upstream subcatchments. First, in order to accurately assess the
contribution of different land covers, it is necessary to classify the subcatchments into five
categories according to the land cover types. Second, the local runoff is then calculated based on
the runoff coefficients reported by PCSWMM for each subcatchment. The runon from upstream
subcatchments will be reduced by losses due to evaporation, infiltration and depression storage.
Therefore, in addition to local losses and these upstream losses must also be calculated. All

constituents can be calculated by the following equations:

R,=P-a (3-3)
I,=P—E R, R 34
Ion = Ron + R, — Reptar =11, (3'5)

where R; is the local runoff, P is the total precipitation, « is the runoff coefficient, I} is infiltration
of local precipitation, E is evaporation, R, 1s runon, /,, is infiltration of runon, R;,¢4; 1s the net
runoff from the subcatchment, I is total infiltration. Note thata , E , I, R,,, Rtotar are reported by

PCSWMM. All variables except the runoff coefficient have been converted into m>.
3.3Results and discussion

3.3.1 Model parameter sensitivity and calibration

A parameter sensitivity analysis was conducted for the two models and the ranked lists of the most
sensitive parameters are presented in Table 3-2 and Table 3-3. It was shown that five of the eight
most sensitive parameters were common to both models. It is noteworthy that Percent Routed,
defined as the percent of runoff routed between subareas, was the most sensitive parameter in the
WDT approach but was the least sensitive in the LCB approach. Knighton (2016) applied
PCSWMM in a wetland without consideration of land cover types. Their sensitivity analysis

results also showed that percent routed was the most sensitive parameter particularly for runoff
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volume and peak flow. In the LCB approach, each subcatchment contained just one type of land
cover so that there was no internal runoff exchange and as a result the LCB approach was
completely insensitive to Percent Routed. Imperviousness was sensitive in the WDT approach, but
for the LCB approach there was no need to calibrate it because it had been specified for each type
of land cover. Therefore, Percent Routed and imperviousness did not need to be calibrated in the
LCB approach. DStore Imperv, defined as the depth of depression storage on the impervious area
of the subcatchment, was the first and second most sensitive parameter for the LCB and the WDT
approach, respectively. This parameter should vary with land cover type, for example it should be
relatively small for inclined roofs and larger for roads with numerous cracks and seams on the

surface. Therefore, Dstore Imperv was sensitive in the LCB approach.

Table 3-4. Ranked list and calibrated value of hydrologic-hydraulic parameters based on

sensitivity (from most sensitive to least) for the WDT approach.

Order Parameter Name Calibrated value

1 Percent Routed (%) 25

2 Dstore-Imperv (mm) 1.1

3 Conductivity (mm/hr) 2

4 % Imperv 45

5 Width (m) 8.4

6 % Zero-Imperv 43.8

7 Dstore-Perv (mm) 1.8

8 N-Imperv 0.015

49



Table 3-5. Ranked list and calibrated value of hydrologic-hydraulic parameters based on

sensitivity (from most sensitive to least) for the LCB approach.

Calibrated value

Order Parameter Name
Roofs Roads Parking Greenspace Trails
1 Dstore-Imperv (mm) 0.4 2.2 1.5 / /
2 Width (m) 13.3 299 6.6 32 17.2
3 N-Imperv 0.012 0.02  0.062 / /
4 % Zero-Imperv 66 36.6 58.6 / /
5 % Slope 8.2 34 6 9.4 10.7
6 Suction head (mm) / / / 405 363
7 Initial deficit (mm/hr) / / / 2 2
8 Dstore-Perv (mm) / / / 0.45 0.45

Note: Percent Routed is the percent of runoff routed between subareas; Dstore-Imperv is the depth of
depression storage on the impervious portion of the subcatchment; Width is Characteristic width of the
overland flow path for sheet flow runoff; N-Imperv is Manning's n for overland flow over the impervious
portion of the subcatchment; % Imperv is the percent of land area which is impervious; % Zero-Imperv is
the percent of the impervious area with no depression storage; % Slope is the average percent slope of the
subcatchment; Dstore-Perv is the depth of depression storage on the pervious portion of the subcatchment;
Conductivity is the soil's saturated hydraulic conductivity; Suction head is the average value of soil capillary

suction along the wetting front; Initial deficit is the fraction of soil volume that is initially dry.

As shown in Table 3-2 and Table 3-3 that Dstore-Imperv for the WDT approach was 1.1 mm which
falls between the values for roofs and roads in the LCB approach. Dstore-Imperv for the WDT
approach demonstrated the average depth of depression storage on the entire impervious portion
of the catchment. The parameter values of soil properties for the WDT approach and the LCB

approach were close. For example, the conductivity for both models was 2 mm/hr.

Urban runoff pollution is heavily influenced by local site conditions. Therefore, the coefficients
Ci1, C2, Cs and Cyin Eq. 1 and 2, used to estimate buildup and washoff, are expected to vary with
land cover type. The LCB approach included five types of land use: roofs, roads, parking,
greenspace and trails. The land cover types in the WDT approach were grouped into three general

categories: paved areas, roofs and greenspace. SRTC Tool was used to quantify the sensitivity of
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the buildup-washoff parameters. Parameter sensitivity analysis showed that maximum buildup
possible (C;) and washoff exponent (Cy) are the most sensitive coefficients. The value of the four
coefficients were calibrated for the various land cover types in each model. The most sensitive
parameters were calibrated first, followed by the parameters with lesser sensitivity. Parameter

calibration results are shown in Table 3-4.

Table 3-6. Calibrated water quality parameters for WDT approach and LCB approach.

TSS TN TP
¢ G C; Cy C; C: Cs Cy ¢ G C; Cy

Model Land Cover

Roofs 299 0.77 0.0013 1.45 0.69 1.49 0.0001 1.32 0.10 0.8 0.0003 1.94
WDT  Greenspace 100 0.58 0.0013 1.66 3.12 1.49 0.0006 1.22 022 1.1 0.0001 2.04
Paved areas 369 0.96 0.0007 197 1.39 2.09 0.0078 1.73 1.72 4.2 0.0081 1.60

Roofs 154 0.54 0.0012 136 630 0.29 0.0016 086 057 0.6 0.0011 1.02

Roads 193 0.72 0.0016 1.82 840 039 0.0022 1.14 0.71 0.8 0.0015 1.36

LCB Parking 150 0.10 0.0100 1.00 2.00 0.05 0.0010 1.00 0.30 0.1 0.0010 1.00
Greenspace 39 0.18 0.0004 1.36 2.10 0.05 0.0006 0.86 0.28 0.2 0.0007 1.02

Trails 100 0.10 0.0010 1.60 0.50 0.05 0.0010 1.60 0.10 0.1 0.0010 1.60

3.3.2 Comparison of two models’ performance

Fig. 3-2 showed comparisons of NSE and R? values of all storm events simulated using both
models during the calibration and validation periods, 2018 and 2019, respectively, in RR. The NSE
and R? values were calculated for individual events. Each data point in Fig. 3-2 represented a NSE
or R? value of a single event calculated based on flow rate. As shown in Fig. 3-2a and 3-2b, in the
calibration period, the NSE and R? values for the LCB simulations were greater than or equal to
those for the WDT approach in 83% (15 out 18 events) and 72% (13 out of 18 events) of the
simulations, respectively. Based on NSE, the LCB and the WDT approach simulated 16 and 15
events out of 18 with acceptable accuracy (i.e., NSE > 0.5), respectively. Using the value of R* >
0.7 as the standard, the LCB approach simulated all events with acceptable accuracy while for the

WDT approach 15 of 18 events were acceptably accurate.

The comparisons in Fig. 3-2c and 3-2d showed that in validation period of 2019, the LCB approach
was better than the WDT approach simulating all ten events. The LCB simulations were

sufficiently accurate 100% of the time using either the NSE or R* standard while the WDT
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approach was only accurate for 30% to 40% of the events. Therefore, the LCB approach was more

accurate simulating flows during the validation period. Detailed hydrological modeling results of

LCB and WDT approaches can be found in Appendix F.
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Fig. 3-2. Comparison of the LCB and WDT approach performance simulating stormwater runoff
in RR: (a-b) NSE and R? for the calibration period of 2018; (c-d) NSE and R? for the validation
period of 2019.

Fig. 3-3 showed the comparison of two models’ performance for water quality in the RR catchment
in both 2018 and 2019. The dotted gray lines and dotted black lines showed the 25% and 50%
relative error envelope, respectively. Relative error lower than 25% indicates a good agreement

between simulated and observed EMC’s and relative error lower than 50% are deemed to be
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acceptable (Tuomela et al., 2019). For TSS simulation, 9 out of 14 events of the LCB approach
were acceptable and 6 of them had good agreement with observed TSS concentrations. Similarly,
9 out of 14 events of the WDT approach were acceptable but 7 of them had good agreement with
observed TSS concentrations. For TN simulation, 11 out of 14 events of the LCB approach were
acceptable and 8 of them have good agreement with observed TN concentrations. While only 9
out of 14 events of the WDT approach were acceptable, 7 of them had good agreement with
observed TN concentrations, and 3 out of 14 events are obviously overestimated. For TP
simulation, the LCB approach and the WDT approach had 8 and 6 events that were acceptable,
respectively, and 6 out of 14 events of the WDT approach are obviously underestimated. Both

models showed good performance in four events (i.e., relative was lower than 25%)).
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Fig. 3-3. Measured versus predicted concentrations of (a) TSS, (b) TN and (c) TP for storm
events in 2018 and 2019 in the RR catchment.
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Table 3-5 summarized two models’ performance for water quantity and quality simulations in both
2018 and 2019. Table 3-5 provided the range and mean value of NSE and R? to quantify overall
performance for water quantity simulation and presents the percentages of acceptable and accurate
events to all storm events to assess model performance for water quality simulation. It was shown
that both minimum and maximum value of NSE and R? for the LCB approach were larger than
that of the WDT approach. The mean value of NSE and R? for the LCB and the WDT approach
were 0.56, 0.77, 0.75 and 0.90, respectively, which indicates the LCB approach was more superior
than the WDT approach for water quantity simulation. This finding is in line with the studies of
Petrucci et al. (2014) and Rio et al. (2020). They reported that model performance for water
quantity simulation was clearly improved by discretizing catchment into homogeneous unit based
on land cover information. As can be seen from Table 3-5, 67% of storm events can be simulated
with acceptable accuracy by the LCB approach in term of water quality simulation, which was
slightly larger than that of the WDT approach (57%). Both models can simulate water quality with
good accuracy for 43% of storm events. Petrucci et al. (2014) reported that model with sufficient
land cover information had slight better performance than model with less land cover information,

which showed that that an increase in variability associated to land uses had no considerable effects.

Table 3-7. Summary of model performance for water quantity and quality simulations.

Water quantity Water quality
Criterion Model Range Mean Criterion Model % Acceptable events” % Accurate events*
WDT  0.12~0.93  0.56
NSE WDT 57% 43%

LCB 0.49~0.97 0.77 Relative

WDT  0.26~0.98  0.75 Error
R? LCB 67% 43%
LCB 0.7~0.98  0.90

Note: * % Acceptable events mean the percentages of acceptable events to all storm events calculated by
relative error, and % Accurate events mean the percentages of accurate events to all storm events calculated

by relative error.

3.3.3 Parameter transferability

To test the parameter transferability, the RO catchment was considered as an ungauged area. The
parameters resulting from calibration of the two models in the RR catchment were directly

transferred to the RO catchment. Fig. 3-4 showed the comparison of NSE and R? values of all
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events simulated for 2018 and 2019. By comparing the application of the two models, it was shown
in Fig. 3-4a and 3-4b that in 56% (five out of nine) of the events, the NSE of the LCB approach
lied at or close to the 1:1 line in 2018 and the NSE of the LCB approach was lower than WDT
approach in other four events. In 78% (seven out of nine) of events, R? of the LCB approach was
equal or higher than that of the WDT approach. Based on the Nash efficiency, the LCB and the
WDT approach both had five events that are acceptable (i.e., NSE =0.5). Based on coefficient of

determination, the LCB approach and the WDT approach had seven and eight events that were

simulated accurately, respectively (i.e., R =0.7).

Fig. 3-4c and 3-4d showed that in 2019, the LCB approach was better than the WDT approach for
all ten events. Based on the Nash efficiency, the LCB approach simulated 80% (eight) of events
with acceptable accuracy (i.e., NSE was higher than 0.5), while the WDT approach only simulated
10% (one) of event acceptably. Based on the coefficient of determination, the LCB and WDT
approach performed acceptably (i.e., R? was higher than 0.7) for 70% and 40% of the events.
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Fig. 3-4. Comparison of the LCB and WDT approach performance simulating stormwater runoff

in RO: (a-b) NSE and R? in 2018; (c-d) NSE and R? in 2019.
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In Fig. 3-5, a comparison of the two models’ performance predicting water quality in the RO
catchment in 2018 and 2019 was presented. Measurements of TSS, TN and TP are plotted versus
predicted values along with lines showing the 25% and 50% error envelopes. Relative error lower
than 25% and 50% indicates satisfactory and acceptable agreement between simulation and
observation pollutant concentrations, respectively (Tuomela et al., 2019). For TSS simulation, 27%
(3 out of 11) of simulated events of the LCB approach were acceptable and only 9% (1 out of 11)
had good agreement with observed TSS concentrations. Similarly, 4 out of 11 events of the WDT
approach were acceptable and two of them had good agreement with observed TSS concentrations.
For TN simulation, 4 out of 11 events of the LCB approach were acceptable and 3 of them had
good agreement with observed TN concentrations. While none events of the WDT approach had
good agreement with observed TN concentrations. TN concentrations of 82% of events were
overestimated by the LCB approach. The simulated TN concentrations for 55% of events were
larger than observed TN concentrations, while 45% of events are underestimated by the WDT
approach. For TP simulation, the LCB approach and the WDT approach had 3 and 2 events that
were acceptable, respectively. The range of TP concentrations simulated by the LCB approach was
0.11~0.33mg/L, which was smaller than the measured concentrations’ range (0.05~0.42mg/L).
The simulated TP EMCs by the WDT approach were scattered and did not fit well with the
measured TP concentrations. When the parameters were transferred to the elongated catchment

(RO catchment), both LCB and WDT approach could result in overestimation or underestimation

of TSS, TN and TP.
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Fig. 3-5. Measured versus predicted concentrations of (a) TSS, (b) TN and (c) TP for storm
events in 2018 and 2019 in the RO catchment.

Table 3-6 summarized parameter transferability of the two models for water quantity and quality
in both 2018 and 2019. Results for water quantity showed that the performance of the WDT
approach markedly decreased when model parameters were transferred from RR to RO catchments,
and the WDT approach was generally unacceptable (mean NSE < 0.5). Despite the performance
of the LCB approach also declined, it still showed better performance (NSE > 0.5, R? > 0.7). Both
minimum and maximum value of NSE and R? for the LCB approach were larger than that of WDT
approach. It showed that it was feasible to transfer hydrologic-hydraulic parameters to an
ungauged catchment with similar land cover types. As presented in Table 3-6, less than 30% of
storm events could be simulated with acceptable accuracy by the LCB approach and the WDT
approach, which means the two models had similar performances for water quality modelling.
Although the LCB approach could simulate water quality with good accuracy for more storm
events than the WDT approach, its performance was not satisfactory. Therefore, even in adjacent
catchments with similar catchment characteristics, the transfer of water quality parameters should

be done cautiously.
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Table 3-8. Summary of parameter transferability for water quantity and quality.

Water quantity Water quality
Criterion Model Range Mean Criterion Model % Acceptable events* % Accurate events*®
WDT -1.1~0.76 0.32
NSE WDT 27% 6%

LCB -0.02~0.82 0.53 Relative

WDT 0.33~0.92 0.73 Error
R? LCB 30% 15%
LCB 0.45~0.94 0.79

Note: * % Acceptable events mean the percentages of acceptable events to all storm events calculated by
relative error, and % Accurate events mean the percentages of accurate events to all storm events calculated

by relative error.

3.3.4 Assessment of runoff and pollutant loading from different land covers

Fig. 3-6 showed the contribution of land covers to runoff and the losses of rainfall runoff in RR
based on the water quantity simulation results. As shown in Fig. 3-6a, in the dryer year of 2018,
almost all the rainfall on the roofs generated runoff, with a runoff coefficient as high as 0.98. This
was because the roofs in this catchment were inclined roofs, which have negligible detention
storage. Parking was similar, with a runoff coefficient as high as 0.97. Even though they were
impervious, the runoff coefficient for roads was 0.83. This was likely because there were many
cracks in the roads, where rainfall was temporarily stored and eventually lost as evaporation. As
shown in Fig. 3-6a, in the dryer year of 2018, the volume of rainfall and runon for greenspace was
14,521 m? and 6102 m?, respectively. The local infiltration and infiltration of runon were 14,442
m? and 6,065 m>, respectively. The infiltration losses of rainfall and runon reached up to 99%. Not
only was the rainfall of greenspace mostly infiltrated, but also the runoff from any upstream
subcatchment was mainly lost through infiltration in greenspace. The runoff flowing into
greenspace was primarily from impervious areas, which shows the importance of greenspace in
reducing urban runoff. Although trails were also considered pervious, they had less impact on
runoff due to their small area. This analysis shows that Roof, Roads and Parking were main sources

of runoff for RR in 2018.

Fig. 3-6b showed the results for the wetter year of 2019. The results for performance of impervious
areas were similar to that of dryer year. Almost all rainfall on roofs and parking produced runoff,

and the runoff coefficient was higher than 0.98. Despite a lot of cracks and seams existed in the
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roads, the runoff coefficient was 0.89 which was higher than that of dryer year of 2018 due to the
heavier rainfall. The runoff coefficient reached 0.15, compared with 0.003 in the drye year of 2018.
Greenspace was not able to treat all rainfall and runon from upstream subcatchments. Infiltration

loss of runon was 84%, compared to 99% in 2018.
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Fig. 3-6. The contribution of land covers to runoff and the losses of rainfall runoff in RR based

on the water quantity simulation results. (a) 2018; (b) 2019.

The calibrated water quality module of the LCB approach in RR catchment was used to assess the
contribution of different land cover types to the output of pollutants in different precipitation
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conditions. It should be noted that the uncertainty of water quality modelling results could have
impacts on the assessment of runoff and pollutant loading. Model structure, input parameters and
measured data uncertainty are the main sources of uncertainty (Liu et al., 2015). Uncertainty
resulting from the model structure is primarily related to the lack of knowledge on the influential
factors on stormwater quality. For example, uncertainty inherent to pollutant build-up and wash-
off processes is not adequately represented in stormwater models (Wijesiri et al., 2016).
Insufficient input parameters are among the most important sources of model uncertainty. For
example, lumped parameters usually cannot accurately represent the variation of water quality
within a specific land use area (Liu et al., 2012). Measured datasets, such as rainfall data, have
inherent uncertainty, which increases the data requirements for model calibration (Dotto et al.,
2014). Even though the LCB approach improved the performance of water quality modelling, the
uncertainty is still inevitable. Therefore, the analysis was based on the assumption that the LCB

approach functioned well in water quality modelling.

Fig. 3-7 showed the contribution of different land cover types to pollutant loadings. Precipitation
from May to October 2018 was 201mm, and in 2019 it was almost double at 390 mm. As shown
in Fig. 3-7, roads accounted for only 14.8% of the catchment total area, but produced more than
55% of pollutants, with up to 58% of TSS loads. Roofs were the largest impervious area,
accounting for 21.3% of the catchment area and account for ~40% of the pollutant loading, which
was less than the contribution from the roads. In the dryer year of 2018, roads and roofs were the
main sources of pollutants. This is consistent with Ashley et al. (2004) who concluded that roads
and roofs are a principal source of pollutants of runoff water. They reported that pollutants washed
off from roofs during storm events have a number of different origins: pollutants from atmosphere
deposited during dryer weather periods; pollutants from chemical and physical degradation of the
roof and gutter material itself; pollutants from bird droppings, branches and leaves. Although
impervious areas accounted for only 41% of the catchment area, they were the source of 96-100%
of all pollutants. It is noteworthy that the contribution of impervious areas to water quality would
change seasonally. Carroll et al. (2013) reported that the influence exerted on the water
environment by seasonal factors is secondary to that of land use. The seasonal variation of
application of fertilizer and degradation of leaf litter could result in the change of inputs of nutrients
into the surface water. The most considerable difference between the wetter year of 2019 and the

dryer year 2018 was the greenspace pollutant loading which increased from approximately zero to
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~7%. However, compared with the contribution of pollutants from impervious areas, the pollutants
produced by greenspace were still small. Tuomela et al. (2019) found that vegetation in wet year
was the source of for ~10% of pollutants, which is similar to this study. During the wetter year,
the proportion of TP and TSS produced from roads increased 2% and 6%. In addition, the

percentage of pollution produced from roofs decreased 7% to 11% in the wetter year.

The pollutant loading in the two years was also compared in Fig. 3-7. The TSS loading from roofs
and roads was 2.3 and 3.6 times higher, respectively in the wetter year. TSS loading from
greenspace was 1.4 kg in 2018 and increased to 102 kg in 2019. Although parking was shown to
be an important source of pollution in some studies (Bannerman et al., 1993; Tuomela et al., 2019),
its contribution was small in this study as parking areas account for only 5.2% of the catchment.
Trails were only 2.6% of the area, and as a result its contribution was negligible. The total
precipitation in 2019 is ~2 times that of 2018, but the TSS load generated in 2019 is 3.3 times that
of 2018. TN and TP loads showed similar conclusions. Pollutant loading was larger for all land
cover types in the wetter year compared to the dryer year. Therefore, precipitation clearly had an

important influence on the pollutant loading during ice-free seasons.
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Fig. 3-7. Contribution of different land cover types to the output of pollutants in different
precipitation conditions in RR based on water quality simulation results: (a)TSS; (b) TN;
(c)TP. The values in bracket present the percentage of pollutant loading from different land

cover types.

3.3.5 Limitations and future work

The LCB approach outperforms the WDT approach in hydrological simulation, with better
accuracy due to enhanced land cover consideration. It can quantitatively evaluate the contribution
of different land covers to runoff and pollutant loads. However, the transfer of water quality

parameters in the LCB approach is not as satisfactory as its hydrologic-hydraulic parameters.

The result of this study may have been influenced by the limitation of the data used. Firstly, water

quantity and quality data were only collected during ice-free seasons in two years for the two
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catchments. Water samples were not adequately collected in some small rainfall events due to
some reasons (e.g., battery power failures, “No Liquid Detected” errors). Therefore, the water
quality conditions may not be sufficient for the analysis of model performance in small rainfall
events. In addition, land survey data might not be sufficient to accurately reflect the
building/rooftop connectivity, which may influence the model output of water quantity and quality.
Future work should also focus on more comprehensive sampling programs with a longer duration
and more detailed survey of building/rooftop drainages in order to produce more accurate model

predictions.

LCB approach usually has a high resolution which could describe some spatial variability of the
catchment characteristics. Manual delineation approach could be time consuming and laborious
when it is applied for large urban areas due to the diversity of urban land cover. Developing
advanced automatic delineation tool with detailed land cover will be necessary for the application
of LCB approach in large urban areas. Five major land cover types were considered in this study.
The relatively simple classification approach could conceal some important information. For
example, common roofs and green roofs behave differently in terms of runoff export. Pollutant
outputs of artificial garden and natural grassland are also different due to variable fertilization
patterns. Clustering of land cover may have an impact on the study of model performance and
parameter transferability. Therefore, whether increasing the number of land cover types can

improve simulation accuracy needs to be studied.
3.4 Conclusions

This paper built a new land-cover based (LCB) PCSWMM model to study the impacts of land
cover on the simulation of stormwater runoff and pollutant loading. The parameter sensitivity
analysis showed that the most sensitive parameters in the WDT approach were the Percent Routed
and Imperviousness, while these two parameters were completely insensitive in the LCB approach.
The hydrological simulations showed that the NSE range of the WDT approach was 0.12 ~ 0.93,
and that of the LCB approach was 0.49~0.97. The mean NSE values of the LCB and WDT
approaches were 0.56 and 0.77, respectively. It indicates that the LCB approach is better than the
WDT approach for hydrological simulation. In general, the LCB approach simulated all three
water quality variables with acceptable accuracy more often than the WDT approach, while the

model performance was comparable in simulating with good accuracy for both models.
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Testing the transferability of the model parameters showed that the mean NSE value of the LCB
approach (0.53) was larger than that of the WDT approach (0.32), which indicates that the
hydrologic-hydraulic parameters could be satisfactorily transferred from neighboring gauged
catchments to similar ungauged catchments. However, the transfer of water quality parameters did
not perform as satisfactorily. Therefore, even in adjacent catchments with similar catchment

characteristics, the transfer of water quality parameters should be done cautiously.

The LCB approach provides an opportunity to quantitively evaluate the contribution of different
land covers to runoff and pollutant loads. Roofs and roads were found to be major contributors to
urban runoff. In drier years, green spaces produced small proportion of pollutants, while in wetter
years they become a important contributor of pollutants. Roofs and roads were the main sources
of pollutants. Although impervious areas accounted for only 41% of the RR catchment area, over
92% of pollutants loading came from these areas. Precipitation conditions had an important

influence on the contribution of pollutant output from different land covers.
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4. Effects of mixed land use on urban stormwater quality under

different rainfall event types

4.1 Introduction

Urban stormwater quality is a concern in urban planning and environmental management due to
its considerable impact on water bodies and ecosystems (Goonetilleke et al., 2005; Roy et al.,
2008). The quality of stormwater runoff is influenced by complex factors, with land use patterns
and rainfall characteristics playing prominent roles (Reichwaldt et al. 2012; Beck et al. 2016;
Simpson et al. 2022; Yan et al. 2022). Nutrients are primary constituents of concern in stormwater
due to their potential to cause eutrophication and harmful algal blooms when present at excessive
levels. Suspended solids can impair water quality by reducing light penetration and oxygen levels
essential for aquatic life (Aryal et al. 2010; Behrouz et al. 2022). Land uses such as residential,
commercial, industrial, and recreational areas, coupled with varying rainfall characteristics,

contribute to the variability of urban stormwater quality (Liu et al. 2015; Guzman et al. 2022).

Numerous studies have explored the relationship between land uses and urban stormwater quality.
Research has shown that different land uses generate distinct types and levels of pollutants in
stormwater runoff. Industrial land use tends to produce more solids, particularly fine particles, than
other land uses from Gold Coast, Queensland State, Australia (Miguntanna et al., 2010). A three-
year study by Li et al. (2015) revealed that residential and commercial catchments in Dongguan
City, Southeast China exhibited the highest median event mean concentrations (EMCs) for various
pollutants, surpassing industrial and parking areas. Yazdi et al. (2021) found that EMCs of total
suspended sediment (TSS) in runoff from open space and industrial areas in City of Virginia Beach,
USA were notably higher than other urban land uses after analyzing water samples from
catchments with six different urban land uses during 30 storm events. Although studies have
primarily examined the impact of specific land uses on stormwater quality, the complexity
introduced by mixed land use, wherein diverse land uses coexist in close proximity, can further
complicate these influences (Lee et al., 2009, Zivkovich et al., 2018). Generally, diverse urban
catchments tend to produce a wider variety of pollutants. Previous research has conducted
monitoring and modelling works of urban stormwater quality from mixed land use catchments

(Kellner et al., 2017; Paule-Mercado et al., 2018; Kshirsagar et al., 2023). While there have been
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extensive studies on the impacts of individual land uses on urban stormwater quality, the specific
effects of mixed land use patterns, particularly their spatial configurations, have not been

thoroughly investigated.

Rainfall characteristics, such as intensity, duration, and antecedent dry days, also substantially
impact urban stormwater quality (Gong et al. 2016, Goonetilleke et al. 2005, Li et al. 2015, Wijesiri
et al. 2015). Rainfall intensity, driven by its kinetic energy, plays a crucial role in pollutant wash-
off. Research found that both the volume and intensity of rainfall typically elevate TSS
concentrations in runoff, regardless of land use (Yazdi et al. 2021). Antecedent dry days
considerably impacted TSS and metal loads in stormwater runoff, with pollutants accumulating
quickly at the beginning of the dry period (Murphy et al. 2015). Rainfall characteristics exert a
notable influence on water quality, not merely through their individual impacts but through their
combined effects, particularly when considering rainfall event types (Yan et al., 2023). Although
research has extensively examined the relationship between specific rainfall characteristics and
stormwater quality, the joint effects of rainfall event type and land use on urban stormwater quality

need to be further studied.

Land use can also affect nutrient forms, with nutrient components being crucial for effective urban
stormwater treatment (Taylor et al. 2005). For example, stormwater wetlands prioritize removing
coarse materials, then finer particulates, and lastly dissolved components (Tanner et al., 2011). A
study in Melbourne found stormwater nitrogen to be mainly dissolved, with ammonia being the
least common (Taylor et al. 2005). Research in Tampa Bay, Florida, United States emphasized
how urban heterogeneity, like residential development patterns, can influence nitrogen and
phosphorus transport even in similar geologic and climatic conditions (Yang and Toor 2017). A
study in South-east Queensland, Australia found that runoff from urban residential catchments
contained on average nitrogen oxides at 16% and ammonia at 9% of total nitrogen, with Total
Kjeldahl Nitrogen (TKN) averaging 84% of event-based total nitrogen concentrations (Lucke et
al. 2018). Despite existing research on nutrient composition across urban land uses, the temporal

variation under different rainfall conditions remains understudied.

This research aims to address these gaps by conducting a comprehensive two-year water field

program across four mixed land use areas in Calgary, Alberta, Canada. The primary objective is
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to investigate the effects of mixed land use on urban stormwater quality under different rainfall
event types. By assessing the joint impacts of land use and rainfall characteristics, this study seeks
to provide insights into the complex interactions shaping stormwater quality dynamics.
Additionally, the research aims to contribute to a deeper understanding of nutrient composition
variations across different urban land uses under varying rainfall conditions. The findings from
this study have the potential to inform more effective and targeted urban stormwater management

strategies.
4.2 Materials and methodology

4.2.1 Description of the study areas

The study sites include four urban catchments located in Calgary, Alberta, Canada, which are the
Royal Oak (RO), Rocky Ridge (RR), Cranston (CR) and Auburn Bay (AB) catchments, as shown
in Fig. 4-1. Calgary is in a semi-arid, cold temperate climate region, with cold winters and mild to
warm summers. Table 4-1 lists the catchment characteristics of the study areas. The four urban
catchment areas exhibit slightly land use and land cover characteristics. RR and RO, located only
300 m apart, are smaller suburban catchments with areas of 14 ha and 15 ha, respectively. They
primarily consist of single-family residential areas, with RR at 72% and RO at 51%. RO is slightly
more diverse, incorporating 7.3% multi-family residential area. Both catchments have
transportation and open space components, with imperviousness levels of 48% for RR and 51%
for RO. The land cover types are primarily composed of asphalt/concrete, landscaped area and

roofs. Both RO and RR have a wetland to receive the generated runoff.

In contrast, CR and AB are larger and more urbanized, located approximately 1.5 km apart. CR
has an area of 119 ha with 52% imperviousness, while AB, is 223 ha with 58% imperviousness.
Both catchments mix multiple land uses, incorporating commercial, institutional, and multi-family
residential areas. A unique feature of CR and AB is the presence of gravel lanes, covering 2% and
3% of their areas, respectively. The runoff generated in CR flows into a single wet pond, while
AB has an upstream pond that collects runoff from 69-ha that conveys this to a larger wet pond

that also receives runoff from the remaining 154 ha.
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Fig. 4-1. Location photos of the study sites: (a) locations of four catchments in Calgary (Google,
2023); (b) RR catchment; (c¢) RO catchment; (d) CR catchment; (e¢) AB catchment.
Table 4-1. Catchment characteristics of the study areas.

Catchment RR RO CR AB
Area (ha) 14 15 119 223
Imperviousness (%) 48 51 52 58

Single family residential 72 51 58 47
Multi-family residential 0.0 7.3 34 3.1

Land Use Transportation 18 28 19 20
(%) Open space 10 14 13 18
Institutional 0.0 0.0 3.7 6.1

Commercial 00 00 31 59

Roads 25 37 26 28

Land Cover Roofs 23 16 21 23
(%) Landscaped area 52 49 51 46
Gravel lanes 00 00 22 33
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4.2.2 Field measurements

Field monitoring was carried out during the ice-free periods (May to October) in 2018 and 2019.
Each catchment was equipped with a weather station, flow meters, and autosamplers to gather
required data. The weather station included a HOBO RX300 Remote Monitoring Station paired
with a HOBO RG3-M Data Logger (Onset Computer Corp., USA). A tipping bucket rain gauge
was used to measure rainfall, activated at a minimum of 0.2 mm cumulative rainfall, and data were
logged every five minutes. Flow meters and autosamplers were installed in the inlet pipes at the
stormwater wetlands and wet ponds to measure flowrates and collect water samples at catchment
outlets. Note that the catchment outlets are the inlets of stormwater wetlands and wet ponds. Table
4-2 provides details about the equipment used at the catchments' outlets during the two-year field
program in 2018 and 2019. The setup involved ISCO 6712 autosamplers (Teledyne ISCO, USA)
equipped with ISCO 750 area velocity flow modules and ISCO 2150 area velocity flow modules.
The utilization of multiple flow modules was to ensure the accuracy of measured flowrates. These
flow module sensors, installed in the inlet pipes, automatically calculated inflow rates using the

pipe diameter and the measured water depths and velocities.

Table 4-2. Equipment installed at the four catchments outlets for flow measurement and water

sampling.

Catchment Equipment 2018 Count 2019 Count

HOBO RX300 1 1
RR 6712 Autosampler 1 1
750 Flow sensor 1 1
HOBO RX300 1 1
6712 Autosampler 1 1
RO
750 Flow sensor 1 1
2150 Flow sensor 2 2
HOBO RX300 1 1
6712 Autosampler 2 2
CR
750 Flow sensor 2 2
2150 Flow sensor 0 2
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HOBO RX300 1 1
6712 Autosampler 2
750 Flow sensor 2
2

N NN

2150 Flow sensor

Note: The "/" in the table represents no equipment of that type installed during that year.

Flow meters recorded flow rates at five-minute intervals. ISCO 6712 autosamplers, equipped with
24x1 L sample bottles, were used for water sample collection. Water samples were used for
analyzing suspended solids and nutrient (nitrogen and phosphorus) concentrations. Each
autosampler was paired with either an ISCO 750 AV flow module or an ISCO 2150 flow module.
These recorded water levels and flow velocity control the ISCO 6712 sampler program.
Considering the maximum collection capacity of ISCO 6712, and to optimize water quality sample
volume during runoff events, three flow-paced configurations were utilized: low (targeting ~5 mm
to 10 mm rainfall events), high (up to 20 mm rainfall events), and extreme (above 20 mm rainfall
events). The selection of the suitable flow-paced setup was made by monitoring weather and

anticipated rainfall. The triggering water levels of ISCO 6723 unit were accordingly adjusted.

For this research, aliquot samples from each storm event were mixed to create composite samples,
representing approximately 75% of the storm runoff volume. To maintain sample quality,
composite sample bottles were sent to the laboratory within a day of collection or were frozen. At
the RR, RO, CR and AB catchments 15, 13, 18, and 11 events were recorded, respectively, totaling

57 events.
4.2.3 Analytical parameter and nutrient composition

To explore the effects of land use on stormwater quality, this study selected event mean
concentration (EMC) and event pollutant load (EPL) as the most relevant parameters. EMC is a
crucial parameter used in water quality studies to represent the average concentration of a pollutant
in runoff during a specific rainfall event (Li et al., 2015). EPL is another important parameter that
represents the total amount of pollutants discharged from a specific area during a rainfall event (Li

et al., 2015). These parameters effectively reflect the levels and loading of pollutants, offering
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insight into the environmental impacts under various land use conditions. EMC and EPL are

defined as follows:

=1 CiQ;At _ i=1 GV
i=1 QiAt i=1Vi (4-1)

M
EMC(mg/L) = 7=

noCc.V:
EPL(mg/m?) = - = —Z‘-Z Lt (4-2)

where M is the pollutant mass during the rainfall event; V' is the runoff volume during the rainfall
event; C is the pollutant concentration at time i; Q is the flow rate at time i ; At is the interval time

of sampling and A is the catchment area.

To ensure a comprehensive assessment, five forms of both nitrogen and phosphorus were
measured. The forms of nitrogen included Ammonia ( NH;), Nitrate and Nitrite( NO;/ NO3),
Total Organic Nitrogen ( TON ), Total Kjeldahl Nitrogen (TKN), and Total Nitrogen
(TN). Concurrently, the phosphorus evaluation included Total Dissolved Phosphorus (TDP),
Total Particulate Phosphorus (T PP), Total Reactive Phosphorus (TRP), Non-reactive Phosphorus
(NRP), and Total Phosphorus (TP). This extensive nutrient assessment contributes to a more
comprehensive understanding of the varied water quality dynamics across different land use and

rainfall conditions.

To explore the effects of mixed land use on urban stormwater quality under different rainfall event
types, it is important to classify rainfall events into different types that can reflect the rainfall
characteristics in the studied areas. The rainfall events classification follows the same procedure

as section 2.3.4. The approach and results will not be repeated here.

4.2.4 Statistical analysis

Statistical tests were performed on both EMCs and EPLs to assess whether there were significant
differences in pollutant levels between the study areas. The normality of the dataset was assessed
using the Shapiro—Wilk test method using a significance level of o = 0.05 before further statistical
analysis (Das and Imon 2016). The Kruskal-Wallis test, an analysis of variance (ANOVA) using
a significance level of 0=0.05, was performed to test whether there are significant differences

between the pollutant concentrations from the different study areas. Finally, the Tukey honest
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significant difference (HSD) test, a multiple comparison test, was conducted to determine which

land use differs from others.

Correlation matrix analysis was performed to determine the linear correlation between all pollutant
components. The degree of correlation was classified into five types based on the magnitude of
the Pearson correlation: 1) .00 to .30 (.00 to -.30): negligible correlation, 2) .30 to .50 (-.30 to -.50):
low positive (negative) correlation, 3) .50 to .70 (-.50 to -.70): moderate positive (negative)
correlation, 4) .70 to .90 (-.70 to —.90): high positive (negative) correlation, and 5) .90 to 1.00 (-.90
to -1.00): very high positive (negative) correlation (Mukaka, 2012).

4.3 Results and discussion

4.3.1 Correlation analysis

In Fig. 4-2 the correlation matrix between EMCs of TSS and the nitrogen and phosphorus
components is presented. TSS was highly positively correlated with NRP (0.87) and TP (0.88),
indicating that these phosphorus forms may predominantly exist in particulate form in urban runoff
(Li et al., 2018). This suggested that strategies focusing on reducing particulate matter in
stormwater could also substantially lower phosphorus levels (River et al., 2018). The moderate
positive correlation between TSS and TON (0.53), TKN (0.56), and TN (0.54) implies that these
nitrogen forms were partially present in particulate form (Janke et al., 2014), contributing to the
overall nitrogen levels in the stormwater. NH4+ (0.30) and NO,/ NOj3 (0.06) showed low
positive and negligible correlation with TSS, indicating they were predominantly dissolved in

runoff (Jani et al., 2020).

In the nitrogen components, a very high positive correlation (0.98) was observed between TKN
and TON, which was expected as TKN includes TON. The very high positive correlation (0.94)
between TON and TN emphasized the contribution of organic nitrogen to the total nitrogen in
stormwater (Jani et al., 2020), stressing the need to consider organic nitrogen sources such as plant
debris and leaf litter in nitrogen management strategies. The correlation between other nitrogen
components such as NH4+ and NO;/ NOj3 (0.30) was relatively low, indicating diverse sources
and different forms of nitrogen in the stormwater, which may not always be interconnected (Jani

et al., 2020).
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Regarding phosphorus components, a very high positive correlation between NRP and TP (0.98)
suggested that NRP is the dominant form of TP in stormwater. The low to negligible correlations
between TDP, TPP, and TRP indicated that these phosphorus forms may have varied sources and
pathways in the urban environment, contributing independently to the overall phosphorus levels

in stormwater (Yang et al., 2018).
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Fig. 4-2. Correlation coefficient matrix heatmap for EMCs of different pollutant components for

all sites and years.

Fig. 4-3 presents the correlation matrix between EPLs of TSS and various nitrogen and phosphorus
components. EPL of TSS showed a stronger correlation with nitrogen and phosphorus components
compared to the EMC. For instance, the correlation between TSS and NH4+ for EPL was 0.78,
while it was only 0.30 for EMC. This could be attributed to the relationship between EMC and
EPL. The relationship between EMC and EPL can be derived from equation 4-1 and 4-2 as follows:

M EPL (4-3)
AP-a P-a

EMC =

NIES
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where P is total rainfall of the rainfall event, a is rainfall-runoff coefficient of the rainfall event.

Equation 4-3 indicates that EPL is a function of EMC, total rainfall (P), and the rainfall-runoff
coefficient (o), which means EPL is influenced by both concentration (EMC) and the volume of
runoff (P - @). The volume of runoff is influenced by rainfall characteristics. For example, the
rainfall-runoff coefficient typically increases with rainfall intensity and duration in pervious areas.
Therefore, the relationship between EMC and EPL is determined by the characteristics of rainfall.
Higher runoff volumes in events may carry larger quantities of both TSS and other pollutants,

leading to a stronger correlation in EPLs compared to EMCs, which only consider concentrations.

Similarly, the correlations between different nitrogen components were generally higher for EPLs.
The correlation between NH4+ and TN was 0.83 for EPL compared to 0.41 for EMC. This
phenomenon could be explained by the cumulative effect of washed pollutant loads over the event.
Even if the mean concentrations do not correlate highly, the total loads might, as they were
influenced by the rainfall duration and intensity (Fletcher et al., 2013). The phosphorus
components also exhibited higher correlations for EPLs. For example, the correlation between EPL
of TRP and TP was 0.86, whereas it was 0.47 for EMC. This indicated that the total phosphorus
load was more closely related to the total reactive phosphorus load than the average concentrations

were.
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Fig. 4-3. Correlation coefficient matrix heatmap for EPLs of different pollutant components for

all sites and years.

4.3.2 EMCs and EPLs from different mixed land uses

The Shapiro—Wilk tests indicated that the raw data were not normally distributed for all study areas
and pollutant components. Therefore, a log-transformation was applied to meet the requirement of
normality. Table 4-3 and Table 4-4 present the results of the Tukey test for EMCs and EPLs. The
catchments were listed both horizontally and vertically. If a pollutant appeared in the intersection
of two catchments, it indicated that the pollutant was significantly higher in the catchment listed
horizontally compared to the one listed vertically. Take Table 4-3 as an example, NO,/ NO; was
listed in the cell intersecting RR (horizontal) and RO (vertical), indicating that the EMC for Nitrate
and Nitrite was significantly higher in RR compared to RO.

Table 4-3 showed that RR had a higher EMC of Nitrate and Nitrite compared to RO, which was
likely related to the largest percentage of landscaped areas in RR (Simpson et al., 2023). A large
proportion of nitrogen fertilizer used in landscaped areas (i.e., gardens and lawns) would be nitrite

and nitrate, which is known to be a significant source of nitrogen in urban stormwater runoff (Yang

75



et al., 2018). RO did not exhibit significant higher EMCs for any pollutants compared to the other

catchments.

For AB catchment, the EMCs for NRP and TP were significantly higher compared to RR and
higher NO;/ NOj3compared to RO. Given the complex mix of all land uses in AB, including
multi-family residential, institutional, and commercial alongside significant transportation and
open space, the more diverse land cover characteristics might be contributing to these higher
phosphorus levels and higher NO,/ NOj concentrations. CR, with the varied land use and the
largest presence of gravel lanes, showed higher EMCs for a range of pollutants compared to RR
and higher NO,/ NO3 compared to RO. The mixed land use and land cover characteristics in CR,
including the presence of gravel lanes (Thenoux et al., 2002), might be contributing to the elevated
levels of various pollutants, reflecting the impact of diverse urban development on stormwater

quality (Paule-Mercado et al. 2018).

Table 4-3. Tukey test for EMCs.

RR RO AB CR
RR NO;/NO3
RO
AB NRP TP NO;/ NO3
TSS TON TKN TN
CR NO;/ NO3
TRP NRP TP

In Table 4-4, which examined the significant differences between EPLs from different catchments,
CR catchment again stood out with higher EPLs for TSS, NRP, and TP compared to RR. This was
consistent with Table 4-3 where CR also showed higher values for these pollutants, reinforcing
the observation that the unique land use and land cover characteristics of CR catchment contribute

to elevated pollutant levels.

Comparing Table 4-3 and Table 4-4, it was notable that while the EMCs in CR were higher for a
broader range of pollutants (TSS, TON, TKN, TN, TRP, NRP, TP) compared to RR, the EPLs
were higher specifically for TSS, NRP, and TP. This could be attributed to the fact that EPLs,
representing the total amount of pollutants discharged from a specific area during a rainfall event,
were influenced not just by the concentration of pollutants (as in EMCs) but also by other factors

such as the volume and rate of runoff (Brezonik et al., 2002). The higher EPLs for TSS, NRP, and
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TP in CR could indicate that these pollutants were not only present in higher concentrations but

were also being discharged in larger volumes during rainfall events.

Table 4-4. Tukey test for EPLs.
RR RO AB CR

RR
RO
AB
CR TSS NRP TP

To further evaluate the difference of EMCs in four catchments, the violin plots presented in Fig.
4-4 illustrate the distribution of EMC for various pollutants for the different catchments. Violin
plot can show a box plot and a kernel density plot. The thick black bar in the center represents the
interquartile range, the thin black line extending from it represents the 95% confidence interval,
and the white dot is the median. On each side of the black line is the kernel density plot that shows
the shape of the distribution of the data. Wider portions of the violin plot indicate a higher
probability of a given value and narrower portions indicate a lower probability. The violin plots
show a trend in median EMC values across different catchments: CR>AB>RO>RR, except for
NO,/NOj3, TDP, TPP and TRP. The plots demonstrate a wider distribution and higher median
EMC values for CR and AB, indicating a larger range and concentration of pollutants. For example,
the median EMC of TSS for CR and AB catchments (195 mg/L) were on average 122% larger
than median EMC of TSS for RR and RO catchments (88 mg/L).

The commercial and institutional areas in CR and AB, absent in RR and RO (Fig. 4-1), could
contributes to their elevated EMC values compared to RR and RO (McLeod et al., 2006, Bakri et
al., 2008). Despite the similarity in composition and proportions of land uses between CR and AB,
they exhibited notable differences in spatial distribution (Fig. 4-1). In CR (Fig. 4-1d), commercial,
institutional, and multi-family residential areas were more centrally located within the catchment.
Conversely, in AB (Fig.4-1e), these areas were situated upstream, farther from the catchment outlet.
Furthermore, AB, is double the size of CR, resulting in longer flow pathways. This means
pollutants from these land uses in AB took a longer route to the outlet. In the large sewer system
of AB, particulate pollutants would tend to settle in pipes during smaller rainfall events, reducing

concentrations measured at the pond inlet (Tang et al. 2020). This indicates that the spatial
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distribution of land uses can affect generation and transportation of pollutants. Additionally, the
upstream pond in the AB catchment treats approximately 69 ha drainage area, which may also

reduce the pollutant concentration (Yang et al., 2023).
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Fig. 4-4. Comparative violin plots of EMCs for (a) total suspended sediment (TSS); (b) ammonia
(NH4+); (c) total organic nitrogen (TON); (d) nitrate and nitrite (NO; / NO3'); (e) total kjeldahl
nitrogen (KN); (f) total nitrogen (TN); (g) total dissolved phosphorus (TDP); (h) total particulate
phosphorus (TPP); (1) total reactive phosphorus (TRP); (j) non-reactive phosphorus (NRP); (k)
total phosphorus (TP).

Examining the violin plots for EPLs (Fig. 4-5), a different pattern emerged that is different from
the EMC distributions. Except for TSS, NRP and TP, no significant differences at 5% level in
median values of EPLs across the study areas were observed. The fact that most of the EPLs across
different catchments were statistically similar suggests that variations in land use, area, and rainfall
characteristics do not necessarily lead to different pollutant loading levels per unit area. This could
imply that varying factors between catchments (such as land use and rainfall conditions)

counterbalance each other in terms of their impact on pollutant loads.
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Fig. 4-4 shows that there were obvious patterns and non-negligible differences in EMC values
between catchments, emphasizing that pollutant concentrations in runoff could be influenced by
site-specific factors. This difference between EMC and EPL trends emphasizes the complexity of
urban stormwater quality dynamics, where concentrations and loads are not always consistent
(Simpson et al., 2023). It emphasized the importance of understanding and addressing both
concentration and load in stormwater quality across varied urban landscapes (Cahn et al., 2014).
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Fig. 4-5. Comparative violin plots of EPLs for (a) total suspended sediment (TSS); (b) ammonia
(NH4+); (c) total organic nitrogen (TON); (d) nitrate and nitrite (NO; / NO3'); (e) total kjeldahl
nitrogen (KN); (f) total nitrogen (TN); (g) total dissolved phosphorus (TDP); (h) total particulate
phosphorus (TPP); (i) total reactive phosphorus (TRP); (j) non-reactive phosphorus (NRP); (k)
total phosphorus (TP).

4.3.3 Rainfall event type effects

In this section the extent EMCs and EPLS from the different catchments are a function of rainfall
event types is investigated. In Fig. 4-6 (a-f) median EMCs and EPLs for the different rainfall event
types are compared. The EMC of TSS (Fig. 4-6a) revealed a pattern across different rainfall event
types and catchments. During type I rainfall events, the EMC of TSS increased from RR to CR,

79



with CR having the highest value (137 mg/L). Type Il rainfall events, characterized by high rainfall
intensity and short duration, led to elevated TSS concentrations, particularly in the AB (457 mg/L)
and CR (358 mg/L) catchments. These elevated values are likely due to the ability of intense
rainfall to mobilize and wash off accumulated pollutants rapidly (Liu et al., 2013, Yazdi et al.,
2021). The TSS values were generally lower for Type I1I and then increase for Type IV, especially
in CR. The long antecedent dry days in Type IV might led to more pollutant build-up, resulting in
higher EMCs of TSS during rainfall events (Murphy et al. 2015, Yan et al., 2023), while long
rainfall durations in Type III may cause lower pollutant concentrations (Pitt et al., 2005, Kim et

al., 2007, Schiff et al., 2016).

Analyzing the EMC of nitrogen (Fig. 4-6b), most of the nitrogen components generally followed
a similar trend to TSS, with CR and AB showing higher values compared to RR and RO. Type II
and Type IV rainfall events again had higher EMCs (except for NO,/ NO3), particularly in the
AB and CR catchments. These catchments have more complex mixed land uses and this may have
contributed to the higher EMCs during these event types and indicating that catchment
characteristics have a non-negligible impact on nitrogen concentrations in stormwater. The EMCs
of phosphorus components (Fig. 4-6¢) followed a similar trend, with Types II and IV rainfall
events showing elevated concentrations (except for TDP). This could be attributed to the
accumulation of phosphorus over long antecedent dry periods during Type IV rainfall events and

wash-off during brief-intense rainfall events like Type II.

The plot of EPLs for TSS in Fig. 4-6d shows that Type Il rainfall events contributed to higher TSS
loads, particularly in the CR catchment. These brief-intense rainfall events would tend to cause
substantial erosion and particle transport, resulting in elevated TSS loads (Li et al., 2015). Type
IIT rainfall events, despite their low intensity, also contributed to slightly higher TSS loads
compared to Type I rainfall events, reflecting the prolonged wash-off period due to their long

rainfall duration (Egodawatta et al., 2007, Muthusamy et al., 2018).

For nitrogen (Fig. 4-6¢), Type Il rainfall events led to highest EPLs in AB and CR. Type III rainfall
events even produced higher EPLs in RR compared to Type IV rainfall events for other catchments.
This pattern emphasized the role of rainfall duration in transporting more pollutant loads (Jani et
al., 2020). The EPLs of phosphorus (Fig. 4-6f) also showed similar pattern. Fig. 4-6 shows
differential influence of rainfall event types on EMCs and EPLs. While Type IV rainfall events
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led to higher EMCs due to accumulated pollutants, the longer duration of Type III rainfall events
compensates for the lower concentrations by washing off pollutants over a long period, leading to

similar or even higher EPLs.
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Fig. 4-6. Median EMCs of (a) TSS; (b) nitrogen components; (c) phosphorus components and
median EPLs of (d) TSS; (e) nitrogen components; (f) phosphorus components under different

rainfall event types.
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4.3.4 Seasonal effects

Apart from rainfall event types, seasons could also impact the EMCs and EPLs in runoff. Pollutants
were assessed seasonally, by assessing them for three-month intervals that represent spring (March
to May), summer (June to August), and fall (September to November) (Valtanen et al., 2014). In
Fig. 4-7 the median EMCs and EPLs in the different seasons are presented. For TSS (Fig. 4-7a),
the median EMC in fall (76 mg/L) was obviously lower than the spring and summer, as the season
was generally characterized by drier conditions and reduced runoff. This observation was
consistent with Smith et al. (2020), who found TSS concentrations were higher in the spring and
summer than the fall in Ohio, USA. The higher median EMC (142 mg/L) in the spring could be
attributed to the influence of rain events washing off pollutants that accumulated in winter season
(Yang and Lusk 2018, Chen et al., 2018). The higher median EMC (162 mg/L) in the summer was

likely due to frequent storm events that contributed to increased pollutant concentrations.

The EMCs for the nitrogen components are presented in Fig. 4-7b. The EMCs of NH4+ (0.39
mg/L) and NO,/ NO3 (0.57 mg/L) were highest in spring and then decreased in summer and
further decreased in fall (0.17 mg/L). The high spring concentration may be related to lawn
fertilizer used in the spring (Yang and Toor 2017). The low value in summer suggests that warmer
temperatures in summer might facilitate their uptake by plants (IPCS 1986). TON and TKN peaked
in summer, indicating possible organic matter decomposition and the subsequent release of organic
nitrogen (Yang et al., 2018). The warm temperatures of summer have been shown to accelerate
microbial activities, leading to a higher breakdown of organic matters (Barthélémy et al., 2022).
Reflecting the patterns of its components, TN was highest in summer (1.62 mg/L), followed by
spring (1.43mg/L) and then fall (1.16 mg/L). The EMCs of the phosphorus components are
presented in Fig. 4-7c. TDP (0.08 mg/L) and TRP (0.08 mg/L) were higher in spring, while TPP
and NRP were higher in spring and summer, indicating that particulate phosphorus was more
prevalent in spring and summer. Following the trend of its components, TP was higher in spring
(0.24 mg/L) and summer (0.23 mg/L), and lowest (0.12 mg/L) in fall, which is consistent with the
findings of Pitt et al. (2018).

The EPLs of TSS (Fig. 4-7d) in summer, spring and fall were 472, 404 and 194 mg/m2,
respectively which is similar to the pattern for EMCs (Fig. 4-7a). The EPLS of all nitrogen

components (Fig. 4-7¢) were lowest in the fall compared to the summer and spring. The highest
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EPL values of NH4+ (1.16 mg/L), NO,/ NO3 (2.00 mg/L) and TN (5.09 mg/L) were observed in
the Spring, while the highest EPL values of TON (2.70 mg/L) occurred in the summer. EPLs of
phosphorus components (Fig. 4-7f) exhibited higher values in spring and summer compared to the
fall (except for TDP). The highest EPL values of TDP (0.19 mg/L), TPP (0.48 mg/L) and TRP
(0.21 mg/L) were observed in the spring, while the highest EPL values of NRP (0.54 mg/L) were

observed in the summer.

These results clearly indicate that seasonal variations impact both EMCs and EPLs in stormwater
runoff. These variations were influenced by factors like storm events, anthropogenic activities and
biogeochemical processes. A decreasing pattern summer-spring-fall was observed for EMC and
EPL of TSS. For EMCs, a decreasing pattern spring-summer-fall occurred in 2 of 5 for Nitrogen
components, and 4 of 5 for Phos. For EPLS, the decreasing pattern spring-summer-fall occurred
in 3 of 5 for both nitrogen and phosphorus. EMC and EPL of TSS was lowest in the fall and EPLs
in the fall were lowest all the time for both nitrogen and phosphorus. For EMCs, 3 out 5 nitrogen

components and 4 out of 5 phosphorus components were lowest in the fall.
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Fig. 4-7. Median EMCs of (a) TSS; (b) nitrogen components; (c) phosphorus components and
median EPLs of (d) TSS; (e) nitrogen components; (f) phosphorus components in different

s€asons.

4.4 Conclusions

The joint impact of mixed land use and rainfall event types on urban stormwater quality was
explored. Water quality data were collected and analyzed from four catchments with mixed land

use types in Calgary, Alberta, Canada. The main findings and conclusions are as follows:

(1) The correlation analysis between various pollutant components in urban runoff revealed that
the EMC of TSS was highly correlated with Non-Reactive Phosphorus (0.87) and Total
Phosphorus (0.88), and moderately with Total Organic Nitrogen (0.53), Total Kjeldahl Nitrogen
(0.56), and Total Nitrogen (0.54), suggesting these phosphorus and nitrogen forms may exist
primarily in particulate form. Moreover, EPLs generally exhibited higher correlation coefficients

compared to EMCs.

(2) Differences in EMCs across the four study catchments is evidence that mixed land use could

influence the generation of stormwater pollutants. The presence of multi-family residential,
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commercial, and institutional areas tended to elevate EMCs compared to single residential areas.

The spatial configurations of mixed land uses could affect EMCs.

(3) Type II rainfall events, characterized by high intensity and short duration, tended to elevate
TSS and nutrient concentrations, especially in complex land-use catchments. Type IV rainfall
events, notable for long antecedent dry days, also exhibited increased pollutant concentrations,
while Type III rainfall events, despite lower intensities, could result in higher EPLs due to their

longer durations.

(4) Seasonal variations markedly influence the EMCs and EPLs of pollutants in runoff, as
demonstrated by patterns in TSS and nutrient components. Spring typically exhibited elevated
EMCs and EPLs due to pollutants accumulated in winter and fertilizer usage in spring, while
summer saw varied impacts on different pollutants, often due to storm events and biogeochemical
processes like organic matter decomposition and nutrient uptake by plants. Fall generally
witnessed a decline in pollutant concentrations and loads, attributed to drier conditions and reduced

runoff.

This research provided insights into understanding the complexities introduced by mixed land use
and rainfall event types in managing urban stormwater quality, thereby contributing to the

advancement of sustainable and resilient urban environments.
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5. Particle size distribution of suspended sediments in urban

stormwater runoff: effect of land uses and rainfall conditions

5.1 Introduction

Road deposited sediment (RDS), also known as surface particles or road dust, is the sediment that
accumulates on paved surfaces such as roads and parking lots (Wang et al. 2020). RDS on the
urban surface is a non-negligible stormwater pollution source and the primary carrier of other

particulate pollutants such as particulate nutrients and heavy metals constituents (Zhao and Li 2013,

Shen et al. 2016). Large amounts of various pollutants can be adsorbed by RDS and transported
by urban runoff to receiving water bodies causing water quality deterioration during rainfall and
snowmelt events (Yang and Lusk 2018). The particle size distribution (PSD) of suspended
sediments in urban runoff has been considered an essential factor affecting the transport and fate
of sediment and the associated pollutants (Kim and Sansalone 2008, Zhao et al. 2010). Coarser
particles could be temporarily or permanently deposited in long pipes of drainage systems during
small rainfall events (Chow et al. 2011). Many studies have found that finer particles have affinity
for various and large amounts of pollutants (Vaze and Chiew 2004, Wijesiri et al. 2016, Wang et
al. 2020). In addition, PSDs of suspended sediments in urban runoff are also necessary for the
effective treatment of urban stormwater (Selbig et al. 2016). For example, stormwater wetlands
remove coarse materials first, then finer particulates, and finally dissolved components (Kadlec
1999). Hence, characterizing PSD of suspended sediments in urban runoff is critical to

understanding pollutant fate as well as designing efficient stormwater treatment measures.

Land use types can considerably impact PSD (Bian and Zhu 2009). For example, eroded soils from
riverside parks are easily trapped by the ground, so riverside park soil can provide more fine
particles than commercial areas (Bian and Zhu 2009). Road construction materials and industrial
inputs can produce sediments with different particle sizes (Taiwo et al. 2014). Furthermore, winter
road sand, street cleaning and traffic conditions can change PSD (Amato et al. 2010, Buonanno et
al. 2011). Some studies have investigated PSD from different land use types. A study reported that
the mean particle size of three impervious surface types in Beijing decreased in the following order:
roads in residential areas > roofs > main traffic roads (Shen et al. 2016). Characterizing PSD from

different land use types is helpful for watershed managers to design efficient stormwater treatment
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from different land uses. However, collection and analysis of water samples are often time-
consuming and expensive (Yan et al. 2022), so few long-term studies conducted research on
multiple sites and land uses. Long-term studies can provide more reliable and comprehensive data

that can be used for statistical analysis.

PSD of suspended sediments in runoff can also be impacted by rainfall characteristics. Rainfall
characteristics has been shown to influence PSD during sediment build-up and wash-off processes
(Wijesiri et al. 2016). During antecedent dry days, sediments of different sizes accumulate on
urban surfaces, and the distribution will change with time, influenced by vehicle-induced
turbulence and wind effect (Sabin et al. 2006, Gunawardena et al. 2013). It was found that finer
particles were more easily mobilized by runoff than coarser particles (Miguntanna et al. 2013,
Wijesiri et al. 2015). High rainfall intensities can wash off sediments with a broader particle size
range, particularly for the transport limited case (Egodawatta et al. 2007). However, there are

knowledge gaps in the study of the impacts of rainfall event types on PSD in runoff.

Pollutants can be accumulated in snow in cold regions, then released during snowmelt runoff and
enter receiving water bodies (Chen et al. 2018). In early spring, the ecosystems of receiving water
bodies are fragile and have poor self-purification capacities (Zhu et al. 2012). Hence, pollutants in
snowmelt runoff could seriously threaten the receiving water body, e.g., in northern Sweden,
pollutant concentrations and loads were significantly higher during snowmelt events compared to
rainfall events (Westerlund and Viklander 2006). Westerlund and Viklander (2006) reported that
the particle concentrations of suspended solids in road snowmelt runoff decrease as the particle
size increases. Cristina et al. (2002) collected samples from the entire cross section of the
snowbanks from 10 highway shoulder sites immediately before the snowbanks dissipated through
melting and a subsequent rainfall runoff event that followed the snow dissipation. They reported
that all sites had similar PSD and more than 50% of particles were larger than 1225 pm. These
studies only collected samples from a single land use type during limited snowmelt events to
analyze the PSD. Few researchers conducted field studies in multiple land uses during long periods

and compared PSDs between snowmelt and rainfall events.

This study aims to examine the effects of land use and precipitation conditions on PSD in
stormwater and snowmelt runoff. This research collected water samples in 15 urban areas in

Calgary, Alberta, Canada, during 179 rainfall and 118 snowmelt events from 2016 to 2021 to
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analyze PSD of suspended sediments in runoff. Specifically, there are four objectives of this study:
(1) to characterize PSD of suspended sediments in runoff from different land uses; (2) to compare
the results with previous literature to provide more comprehensive information about PSD from
different land uses. (3) to study the effects of rainfall event types and seasons on PSD of suspended
sediments in runoff during ice-free seasons; (4) to compare PSDs between snowmelt and rainfall

events.
5.2 Materials and methodology

5.2.1 Description of the study sites

The study sites include 15 catchments located in Calgary, Alberta, Canada (Fig. 5-1). With a
population exceeding one million people, Calgary is in a semi-arid, continental climate region with
cold winters and mild to warm summers. Warm, dry Chinook winds routinely blow into the city

during winter from the Rocky Mountains and can raise the temperature by 30 °C in a few hours,

which can cause rapid snowmelt. The average annual precipitation of Calgary is 418 mm, with 22%

of that being snow (Government of Canada).

The study sites have six land use types: gravel lane residential (GLR), paved residential (PR),
commercial (CO), roads (RO), industrial (IN), and mixed land use (MLU) (Table 5-1). It should
be noted that there will be roads in some of the other larger catchments as well. In this study, roads
specifically refer to catchments consisting of only roads. Each land use had at least two sampling
sites. GLR (Millrise and Mt. Brewster) have gravel lanes, while PR (Douglas Park and McKenzie
Lake) only have paved lanes. RO include a highway and an arterial street. CO mainly consist of
supermarkets, shopping centers, and parking lots without green space and gravel lanes. MLU
consisted of residential areas with gravel lanes and commercial areas. IN are light industry and
there is no heavy industry in Calgary. The study site areas range from 8.4 ha to 2619.4 ha, where
RO and CO have smaller average areas (15.9 ha and 72 ha, respectively), and IN and MLU have
larger average areas (422 ha and 1241 ha, respectively). Study sites with the same land use type

are located relatively close to each other, which make them similar in terms of climate conditions.
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Fig. 5-1. Map of study areas and rain gauge sites in Calgary, Alberta, Canada: The numbers are

the numbering of rain gauges.

5.2.2 Sample collection

Water samples were collected during and after rainfall and snowmelt events using an autosampler

from a manhole in each study site. Autosamplers have be widely and effectively used to collected
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rainfall-runoff samples to analyze suspended particulate matters (Furumai et al. 2002, Selbig et al.
2015, Winston and Hunt 2017). Therefore, the bedload typically was excluded when using
autosamplers. The energy needed to move sediment through a pipe with a higher flow rate can
change rapidly. This can result in sediment that was previously transported as bedload being
transported as suspended load (Selbig and Bannerman 2011). In this study, since the sample intake
orifices were fixed near the pipe floor, the particulate matter in water samples consisted mainly of
suspended sediment but also included some particles larger than 500 um. A flow-paced program
was used to collect composite samples representative of the events. Composite samples were
constructed of multiple individual samples (aliquots) taken over a specific volume of flow for PSD
analysis. Given the limitations of the maximum collection capability of autosamplers and the
desire to maximize the volume of water quality samples during a runoff event, different flow

pacing programs were used for different events.

Table 5-1 summarizes the information on data collection. Samples were taken during 2016 - 2021
by Water Quality Services of the City of Calgary and Advisian (A Worley Group Company).
Rainfall-runoff samples were collected at all sites, with the number of events ranging from 1 to 32,
with a total of 179 composite samples. Snowmelt samples were taken at six sites using
autosamplers, totaling 118 composite samples. On average, the collected samples covered 63% to
93% of the runoff hydrograph duration in the individual rainfall events at each site, which indicates

that the composite samples were representative of the rainfall event.

Data from City of Calgary rain gauges (Fig. 5-1) located near the study sites were used to calculate
rainfall characteristics, including average rainfall intensity, maximum rainfall intensity, total
rainfall, rainfall duration, and antecedent dry days. To avoid errors using a single rain gauge, data
from several rain gauges near the study site was used to calculate the average rainfall parameter
values. For example, Rain Gauges 14, 15, and 18 are close to Douglas Park, so their data were
used to calculate the average rainfall parameter values for Douglas Park. The rain gauge locations

are plotted in Fig. 5-1 and the gauges used for each site are listed in Table 5-1.

94



Table 5-1. Summary of catchment characteristics and data collection.

Average
Numbering Number of samples
Land use Catchment Sampling coverage
Site of rain
type area (ha) years of event
gauge Rainfall Snowmelt
(%)
Douglas
Paved 14, 15, 18 57.4 2018-21 32 24 90%
Park
Residential
McKenzie
(PR) 14, 15, 18 147.8 2018-21 31 19 88%
Lake
Gravel lane Millrise 16, 17 35.9 2018-21 22 21 92%
residential Mt.
15,18 48 2018-21 26 23 92%
(GLR) Brewster
Heritage
Commercial 12,13 28.7 2018-20 25 25 93%
Meadows
(CO)
Dalhousie 1,5,6 8.4 2017-21 6 / 74%
Country
2,3,4 16.5 2017-21 4 / 89%
Hills
Roads (RO)
Anderson
13 15.3 2017-21 3 6 /
Road
Bowmont
1,2 1073.3 2019-21 11 / /
Mixed land East
use (MLU) Greenview 4,7,8 2619.4 2016-18 5 / 75%
Britannia 9,10, 11 30.5 2020-21 6 / 90%
Highfield 9,11 1084.2 2016-17 3 / 63%
Foothills
12 78.1 2017 2 / 93%
Industrial west
(IN) Bonnybrook 9,11,12 375.5 2017 2 / 89%
Wigmore
12 151.9 2020 1 / /
west

Note: Average coverage of event (%) refers to the percent of the collected runoff to the runoff hydrograph.
For example, 90% means that on average, the collected samples covered 90% of the runoff hydrograph

duration for the entire sampling period.
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5.2.3 Particle size analysis

The laboratory analytical method followed an approach developed by the U.S. Geological Survey
(Selbig and Bannerman 2011). Approximately 500 g of water from each composite water sample
was analyzed for PSD analysis. First, particles larger than 32 pm were wet sieved into five separate

particle-size fractions through a series of stacked nylon-mesh sieves: = 500, 250-500, 125-250,

63-25, and 32-63 pm. Second, particles in each sieve were dried overnight and then weighted.
Materials less than 32 um were quantified using a Coulter counter into five separate particle-size
fractions: 14-32, 8-14, 5-8, 2-5, and < 2 um (Li et al. 2005, Anta et al. 2006, Westerlund and
Viklander 2006). Finally, the mass of each particle-size fraction was measured and used to develop

a PSD curve and the median particle size (Dso) was calculated for each sample.

5.2.4 Statistical analysis

Statistical tests were performed to assess whether PSDs show significant differences between land
uses. Rainfall water samples were collected at all sites while snowmelt samples were only collected
at six sites (see table 5-1), so the Dso of the rainfall-runoff was selected as the foundation for

statistical analysis.

The normality of the Dso datasets were assessed using the Shapiro—Wilk (S-W) and Kolmogorov—
Smirnov (K-S) test methods first before further statistical analysis. The S-W test was used if the
sample size was less than 50 and the K-S when the sample size exceeded 50 (Das and Imon 2016).
The null hypothesis of these two tests was that the Dso of each land use follows a normal
distribution. The hypothesis was rejected if the p-value was less than the indicated significance
level of a = 0.05, and then the Dso data was log-transformed and tested again for its normality (i.e.,
tested to see if it was log-normal). An analysis of variance (ANOVA) using a significance level of
0=0.05 was performed to test whether there were significant differences between the means of Dso
from the different land uses. When the p-value is less than a = 0.05, it indicates that at least one

land use differs from others.

Then multiple comparison tests were conducted to determine which land use differs from others.
The Tukey honestly significant difference (HSD) test is an easy and frequently used multiple
comparison technique that can not only indicate whether one group is significantly different from

other groups but also assign one group into one or more subsets based on homogeneity of variance
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(Abdi and Williams 2010). In this study, the results are presented with letters representing subsets.
Each land use type could own one letter representing one subset. If land uses share a letter, it means

differences between them were not statistically significant.

5.2.5 Rainfall event classification

To study the effects of rainfall event type on PSD, the rainfall events should be effectively
clustered into different types representing the rainfall characteristics in the study areas. In our
previous study (Yan et al. 2023), number of antecedent dry days (ADD), average rainfall intensity
(Agl), and rainfall duration (RD) were found to be the most critical rainfall characteristics affecting
the event mean concentrations (EMCs) of total suspended solids. Therefore, these three rainfall
indices were selected in this study as the basis for dividing rainfall events into different clusters
using the K-means clustering algorithm. This algorithm is a widely used unsupervised learning
method to identify groups in a dataset (Choi and Beven 2007). K-means clustering method
includes four key steps: (1) Select K random data points from the dataset as the initial clustering
group centers; (2) Calculate the distance of each data point from all clustering group centers and
assign it to its nearest clustering group; (3) Recalculate the new clustering group centers of all data
points assigned to the clustering groups and; (4) Repeat the second and third steps until a partition
is found in which data points in each clustering group are as close to each other as possible and as
far away as possible from data points in other clustering groups. An elbow method was used to

determine the best cluster number based on the sum of squared errors (SSE) (Yuan and Yang 2019).
5.3 Results and discussion

5.3.1 Statistical analysis results

The normality test for PR was performed by K-S test because the sample sizes is more than 50,
and the S-W test was conducted for other land use types. The results in Table 5-2 show that the
raw data were not normally distributed for gravel lane residential. Therefore, a log-transformation
was applied for all land uses. The normal distribution tests show that the log-transformed data are
normally distributed for all land uses (p-value > 0.05). Then the ANOVA tests were performed
for these land uses, and the results show that the p-value (<0.001) is less than the indicated

significance level of 0=0.05, which means that there was a significant difference between different

sites for the mean Dso (marked as < Dso> below).
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Table 5-2. P-values from normality test results of raw D50 and log transformed D50 in land uses.

Raw Dsg Log Dso
Land use

S-W K-S S-W K-S

PR / 0.119 / 0.2
GLR  0.017 / 0.094 /
CO 0.655 / 0.684 /
RO 0.068 / 0.241 /
MLU  0.064 / 0.892 /
IN 0.479 / 0.606 /

The Tukey HSD test (Fig. 5-2) classified <Dso> into three subsets labeled A, B, and C, with subset
relationships as <Dso> of A>B>C. The land uses RO and IN share the same subset C, indicating
that their <Dso> values are not significantly different. On the other hand, PR and CO belong to
subsets A and AB, respectively, which are different from RO and IN. Therefore, the <Dso> of PR
and CO is significantly higher compared to RO and IN. The land use GLR falls into the subset
ABC, which intersects with all other land uses, indicating no significant difference in <Dso>
between GLR and the others. MLU belongs to subset BC, with PR being the only land use that
does not intersect, making the <Dso> of MLU significantly lower than that of PR. In summary, the
<D50> decreases in the following order: PR>CO> GLR>MLU>IN, RO.
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Fig. 5-2. Tukey HSD test results for land uses.
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5.3.2 Rainfall event classification

A data matrix (179 x 3) consisting of 179 rainfall events and three rainfall indices (i.e., ADD, Agl,
and RD) was used to classify the rainfall events. Fig. 5-3 shows the variation of SSE with the
number of clusters. The SSE decreases with an increase in cluster number, with the magnitude of
the decline slowing down after 4 clusters, indicating that the classification is not considerably
improved by increasing the cluster number beyond 4 clusters. Therefore, the optimal number of
clusters was determined to be 4. Fig. 5-4 displays how close each data point in one cluster is to the
points in the neighboring clusters. The silhouette value of each object is a measure of how similar
that object is to other objects in the same cluster. The silhouette value ranges from -1 to 1. A value
of 1 indicates the data point is tightly clustered within its assigned cluster and well-separated from
other clusters. A value near 0 denote overlapping clusters, and the worst value is -1. The average
silhouette values are 0.8, 0.67, 0.52, and 0.83 for four Clusters, respectively. This indicates that
the rainfall events can be successfully divided into four types. The four clusters were used to define

rainfall event types, representing Type I, I, I, and IV, respectively.

SSE

Cluster

Fig. 5-3. Variation of the SSE index with the number of clusters.
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Fig. 5-4. Variation of the silhouette value with the number of clusters.

The mean value and range of rainfall parameters of the four rainfall event types are summarized
in Table 5-3. The characteristics of the four types are as follows. 1) Type I rainfall events have a
short rainfall duration (4.8 h), a low average rainfall intensity (2.5 mm/h), and a small number of
antecedent dry days (4.3 days). Type I rainfall events represent small and frequent rainfall events
in Calgary, amounting to 120 out of the 179 events. 2) Type II rainfall events have a short rainfall
duration and a small number of antecedent dry days, while they have the highest average rainfall
intensity (36.2 mm/h). These events have a high rainfall intensity with relatively short duration,
consistent with the characteristics of typical convective rainfall events (Thyregod et al. 1999).
Type II rainfall events amounted to 18 out of the 179 events. 3) Type III rainfall events have a
small average rainfall intensity and a small number of antecedent dry days, but the rainfall duration
is much longer (21.3 h). These events are relatively continuous and uniform in intensity, consistent
with typical stratiform rainfall events (Lowe et al. 2016). Type 11l rainfall events amounted to 36
out of the 179 events. 4) Type IV rainfall events have the largest number of antecedent dry days
(37.8 days) and a long rainfall duration (20.8 h). Type IV rainfall events amounted to 5 out of the

179 events.
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Table 5-3. Summary of the four rainfall event types.

Total Rainfall Event
Rainfall event types RD (h) Agl (mm/h) ADD (days)
(mm) number
Average 4.8 23 43
Type 1 11.0 120
Range  0.2-13.0 0.02-14.9 0.2-16.0
Average 0.3 36.2 4.5
Type 11 10.9 18
Range 0.2-0.6 21.6-70.5 1.0-9.0
Average 21.3 0.8 6.7
Type 111 17.0 36
Range 12.0-38.0 0.1-1.7 0.4-16.7
Average 20.8 0.5 37.8
Type IV 10.4 5

Range  13.0-32.0 0.1-0.9 32.1-50.0

Table 5-4 summarizes the number of the recorded rainfall events for each of the different land use
types. Type I rainfall events were captured for every land use type, while Type IV rainfall events
were only captured for the residential areas. This does not mean that Type IV rainfall events can
only occur in residential areas, but rather it reflects differences in the duration of the monitoring
period at the individual study sites. For example, for the industrial land use areas, samples were
only collected from 8 events from 2016 to 2017 and in 2020. This shorter duration resulted in only

Type I and III rainfall events being observed for the industrial land use areas.

Table 5-4. Summary of number of recorded rainfall events for each of the different land use

types.

Land use Typel Typell Typelll TypelV
Paved residential 48 / 13 1
Gravel lane residential 31 1 13 4
Commercial 21 2 8 /
Roads 4 2 1 /
Mixed land use 9 13 / /
Industrial 7 / 1 /

5.3.3 PSD for the different land uses

The particles in rainfall-runoff were classified into six types: clay (< 2 um), silt (5-32 um), very

fine sand (32-125 pm), fine sand (125-250 pm), medium sand (250-500 pm), and coarse sand (>
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500 um). The PSD was presented in terms of the percentage of all particles in a water sample that
are finer (by mass) than a specific particle size. Given that multiple samples were collected for
each land use type, average PSDs for the runoff resulting from the rainfall events from different
land uses are summarized in Fig. 5-5. The x-axis is the particle size, and the y-axis is the cumulated
mass fraction finer than corresponding size. For example, the first point for RO means that there
are 10.2% particles in runoff are less than 2 pm for roads. The last point of RO means that there

are 92.2% particles are less than 500 pm for roads.

Fig. 5-5 shows that the mass fractions of particles less than 250 pum are over 75%, and the mass
fractions of particles less than 63 um are over 43%. Particles from 32 to 63 pm account for about
20%. Therefore, fine particles are the dominant particles of suspended solids in urban runoff in

Calgary.

The percentage of particles less than 32 um decreased in the following order: RO, MLU/IN, GLR,
CO, and PR. Above this size the curves cross and the order changes slightly. Comparing the RO
curve to the PR, 17% is finer than 32 pm for PR but 49% is finer for RO. These two roads are a
highway and an arterial street with a high volume of traffic. Vehicle emissions, tire wear, and
abrasion of the road could provide a large number of fine particles that are carried into the runoff
during rainfall events (Miiller et al. 2020). Sixty-one % of the particles in runoff from IN are less
than 63 pum, which could be related to the presence of Oil-Grid separator. Coarse particulate
matters were effectively removed by Oil-Grid separators (Tang et al. 2018). The removal
efficiency for particles larger than 75 pm could reach more than 80% (ETV 2016). Therefore,

greater proportion of fine particles were found in runoff from industrial land use.

GLR has finer particles than PR (33% vs. 17% for particle size less than 32 pm). Gravel lanes can
provide a large number of particles of various sizes (Thenoux et al. 2007). Vehicles on the gravel
lanes also grind to produce more fine particles. It was found that coarser particles on rougher
surfaces need higher rainfall intensities that provide higher kinetic energy to mobilize compared
to smoother surfaces (Zhao et al. 2018). Therefore, the rough gravel lanes and the low intensity of
rainfall runoff characteristic of Calgary resulted in greater proportion of fine particles being
mobilized compared to smoother paved roads. Greater proportion of coarse particles will be carried

into runoff in smoother paved roads under the same rainfall conditions.
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MLU tends to produce more fine particles which could be due to the larger area of the mixed land
use and the grinding effect that occurs during sediment transport in long pipes, resulting in the
production of more fine particulate matters (Garde. 1956). In addition, it was found that coarse
materials are easily deposited at the upstream end of the storm trunk sewer (Tang et al. 2020),

which could result in proportionally more fine suspended solids at the downstream end.

We compared our PSD with Calgary design manual (The City of Calgary 2011), ETV (ETV 2016)
and NJDEP (NJDEP 2021). PSD curve of Calgary design manual is between the lower and upper
envelopes of our study. For the particles finer than 150 um, Calgary design manual has similar
percent as commercial and mixed land use. NJDEP and ETV used the same PSDs where 90%
particles are less than 250 um.
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Fig. 5-5. PSDs from different land uses.
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Table 5-5. Comparison of urban runoff PSDs with previous studies (modified from Kim (2008) and Charters (2015)).

Number of  Number of
Land use Sample method Analytical method Dso Sources
sites samples
1 9 Autosampler Wet sieve <50 (Furumai et al. 2002)
3 172 grab sample Particle analyzer 2.7-7.1 (Li et al. 2006)
) Wet sieve; particle _
) 2 8 Grab, runoff collection tank 136 (Kim and Sansalone 2008)
Highways analyzer
4 20 Autosampler 74.6 (Winston and Hunt 2017)
Wet sieve; particle
1 4 Autosampler 55 Present
analyzer
N/A at least 12 Grab Particle analyzer <100 (Drapper et al. 2000)
Wet sieve; particle .
1 48 Autosampler 95 (Selbig and Bannerman 2011)
analyzer
Wet sieve; particle _
2 17 Autosampler 43 (Selbig 2015)
analyzer
Arterial streets ) ]
N/A domestic vacuum cleaner 80-350 (Borris et al. 2016)
2 13 autosampler 38 (Winston and Hunt 2017)
1 3 Grab Particle analyzer 150%* (Zhao et al. 2022)
Wet sieve; particle
1 3 Autosampler 17 Present
analyzer
1 64 Autosampler 8 (House et al. 1993)
Residential 1 N/A Autosampler Settling tests <4 (Greb and Bannerman 1997)
46 A, B Particle analyzer 9 (Burton Jr and Pitt 2001)




Continued Table 5-6. Comparison of urban runoff PSDs with previous studies (modified from Kim (2008) and Charters (2015)).

Number of Number of Sample
Land use Analytical method Dso Sources
sites samples method
Wet sieve; particle _
4 68 Autosampler 250 (Selbig and Bannerman 2007)
analyzer
2 10 Grab dry sieved 180-710 (Bathi et al. 2009)
1 62 80 (Bian and Zhu 2009)
Residential 1 12 Autosampler Particle analyzer 81 (Charters et al. 2015)
Wet sieve; particle _
1 19 Autosampler 80 (Selbig 2015)
analyzer
Wet sieve; particle
4 198 Autosampler 80 Present
analyzer
1 51 Grab dry sieved 63* (Hoffman et al. 1984)
1 5 Grab dry sieved 300-450 (Bathi et al. 2009)
1 62 108 (Bian and Zhu 2009)
Commercial Wet sieve; particle )
3 94 Autosampler 54 (Selbig and Bannerman 2011)
analyzer
Wet sieve; particle
3 56 Autosampler 86 Present
analyzer
1 76 Grab dry sieved (Hoffman et al. 1984)
1 18 Grab dry sieved 20-105* (Jeong et al. 2020)
Industrial
Wet sieve; particle
4 5 Autosampler 46 Present

analyzer
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Continued Table 5-7. Comparison of urban runoff PSDs with previous studies (modified from Kim (2008) and Charters (2015)).

Land use = Number of sites Number of samples Sample method Analytical method Dso Sources
1 4 Autosampler Particle analyzer 31 (Anta et al. 2006)
1 20 Autosampler ~ Wet sieve; particle analyzer 42 (Selbig and Bannerman 2011)
Mix land use
1 10 Autosampler ~ Wet sieve; particle analyzer 95 (Selbig 2015)
3 22 Autosampler ~ Wet sieve; particle analyzer 40 Present
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A comparison urban runoff PSDs was made with previous studies (Table 5-5). In addition to PSD
in runoff, a study of PSD of road deposited sediment was included in this comparison (Bian and
Zhu 2009) because they collected sediment samples from various source areas. These studies were
compared from different aspects including land use, number of sites, number of samples, sample
method, analytical method and Dso. Dso varies among land uses. For instance, the Dso for
residential ranged from 710 to less than 4 pm. Most studies have similar Dso (80 um) as this study
for residential areas. Mixed land use tends to generate finer particles less than 95 um. The variation

was related to the number of sites, sample method and analysis method.

The variability of PSD among rainfall events has been found in these studies, and the number of
samples and the number of sampling points can affect the characterization of PSD. Therefore,
more sampling numbers and rainfall classifications are needed to characterize the PSD accurately.
The sampling method can also affect the PSDs in runoff. Automatic sampling is a common method
in most studies and grab sampling also has been used in some studies. Although the automatic
sampling method is convenient, it can only obtain the PSD of the suspended solids from specific
locations. When the intake of sampling tube is near the bottom, it is susceptible to bedload, and
when it is near the top, the sampling of PSD may be under sampled (Selbig 2011). For the analysis
of the suspended fraction, a combination of wet sieve and particle analyzer is usually used, which
can cover the entire range of particle sizes in runoft for suspended fraction. The particle analyzer

measures the finer particles, while the wet sieve method measures the coarse particulate matters.

5.3.4 PSD for the different land uses under the same rainfall conditions

Fig. 5-5 compares the PSD from different land uses but ignores the possible effect of rainfall on
the PSD. Fig. 5-6 compares the PSD from different land uses under the same rainfall event type.
The solid line is the PSD containing all events, and the dotted line is the PSD under specific rainfall

event type.

Compared to the original PSD from RO, the percentage of particles less than 63 um increased from
64% to 73% under type I rainfall events (Fig. 5-6a). Among the other land uses, the changes in
PSD were relatively minor. The percentage of particles less than 63 pm decreased in the following
order: roads, mixed land use/industrial, gravel lane residential, commercial, and paved residential
land uses. During type II rainfall events (Fig. 5-6b), the PSD curve of RO exhibited noticeable
changes compared to the original PSD. The road had a straight and uniform PSD curve. However,
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the PSD curves of other land use experienced some position shifts without obvious changes in

shape and order.

During type III rainfall events (Fig. 5-6¢), the PSD curve of RO exhibited obvious changes in
shape. The proportion of particles smaller than 63 pm decreased from 64% to 38%. On the other
hand, the PSDs of other land uses experienced some shifts in position, but the overall shape and
order remained relatively stable. During type IV rainfall events (Fig. 5-6d), both the shape and
position of PSDs from PR and GLR underwent obvious changes. The peak in the PSD from gravel
lane residential disappeared, and the proportion of particles smaller than 63 pm increased from 54%
to 76%. Similarly, paved residential also exhibited a similar trend, with the proportion of particles
smaller than 63 um increasing from 43% to 54%. However, it is worth noting that the particles

from gravel lane residential remained finer compared to those from paved residential.

In summary, under the same rainfall conditions, the positions of PSDs from land uses other than
roads showed slight changes under types I, 11, and III rainfall events, but the overall order remained
relatively consistent. However, the PSD from roads exhibited obvious changes under type III, and
residential areas experienced dramatic changes under type IV rainfall events. This indicates that
land use could indeed influence the PSDs and determine the order of the decreased fine particle
fraction. Additionally, these findings reveal that rainfall event types could also impact PSDs from

different land uses.

In this study, the rainfall events are assumed to be independent of each other. It should be noted
that the individual sampling events may not be independent. Factors such as sediment build-up
and wash-off can influence the sediment transport between events, which could impact
interpretation of the statistical analysis. Collecting sediment samples on urban surface and
incorporating a time-series analysis into the methodology would be a valuable direction for future

research in this area.
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Fig. 5-6. PSDs from different land uses under (a) Type I rainfall events; (b) Type II rainfall
events; (c) Type III rainfall events; (d) Type IV rainfall events.

5.3.5 Effects of rainfall event types on PSD

The aforementioned results demonstrate that rainfall event types could have varying impacts on
the PSDs from different land uses. Therefore, this section evaluates to what extent the PSDs for
the different land uses is a function of the rainfall event type. Fig. 5-7 (a-f) s compared PSD under
different rainfall event types to evaluate the effects of rainfall. The PSD curves for PR, GLR, and

RO showed obvious variability for the different rainfall event types.

In the case of PR (Fig. 5-7a), the availability of particulate matter is limited. The PSD in runoff is
primarily influenced by the accumulation process of particulate matter during antecedent dry days
(Vaze and Chiew 2002). Type I and III rainfall events have short antecedent dry days, resulting in
similar PSD curves. While during long antecedent dry period under Type IV rainfall events with

long rainfall duration, more particles could be accumulated on urban surface and finer particles are
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more easily to be mobilized (Miguntanna et al. 2013, Wijesiri et al. 2015). Compared to type I and
IIT rainfall events, type IV rainfall events demonstrate a notable increase in particles smaller than

32 um, with the percentage rising from 16% to 37%.

For GLR (Fig. 5-7b), the availability of particulate matter is abundant due to the presence of gravel
lanes, resulting PSD in runoff being primarily influenced by the wash-off process during rainfall
events (Vaze and Chiew 2002). Type III rainfall events have a longer duration and higher total
rainfall compared to Type II rainfall events (Table 5-3). Consequently, type III rainfall events
exhibit a greater proportion of coarse particles than type II rainfall events (13% compared to 4%
for particles larger than 500 um). Additionally, during long antecedent dry period, the movement
of vehicles on gravel lanes can generate significant amounts of dust (Thenoux 2007), which are
susceptible to being entrained and transported by rainfall. This may be one explanation of why
there is a obvious increase in the percentage of particles ranging from 8 to 32 um during type IV

rainfall events.

There is no discernible variation in the PSD from commercial areas under different rainfall event
types (Fig. 5-7c). This could potentially be attributed to frequent cleaning activities in the
commercial area, which help maintain the surface PSD close to its initial state. It is found that as
a particle size weighted average, the removal efficiency of a vacuum sweeper (60 to 92%) was
higher than that of a mechanical sweeper (20 to 30%) (Breault et al. 2005). Higher rain intensity
could transport more large particles, while longer rainfall durations also contribute to this effect.
Therefore, compared to type I rainfall events, type Il and III rainfall events tend to exhibit a higher

proportion of coarse particulate matter from RO (Fig. 5-7d).

The PSDs from MLU (Fig. 5-7e) showed similar results. This could be attributed to the
representativity of rainfall data. The mixed land use areas in the study are larger than other land
uses, and rainfall data from one to three nearby rain gauges were used to represent the rainfall
conditions. However, heavy rainfall events such as Type II rainfall events tend to be localized,
which means that they are unlikely to occur on a catchment-wide basis. More representative
rainfall data need to be obtained by installing more rain gauges in larger catchments. PSDs from
IN during Type I and III rainfall events exhibit similar patterns (Fig. 5-7f). The PSD curves
intersect in the 8-14 pum range, with slightly more fine particles observed for Type III rainfall

events and slightly more coarse particles for Type I rainfall events, although the difference is not
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obvious. Besides the issue of rainfall representativeness, the presence of an oil-grit separator may

also contribute to the resemblance of PSDs.
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MLU; (f) IN.

111



Apart from rainfall event types, seasons could also impact the PSDs in runoff. Fig. 5-8 illustrates
the PSDs under different seasons, with similar trends for different land uses. The PSD in spring
exhibits the finest particles. Taking RO as an example (Fig. 5-8d), in spring, 62% of particles are
smaller than 32 pm, compared to 48% in summer and 13% in fall. This observation could be
attributed to the street sweeping activities in the spring. In Calgary, a significant street sweeping
operation is conducted in the spring. Previous studies indicate that sweepers have high removal
efficiency for particles larger than 63 pm but poor efficiency for finer particles (Amato et al. 2010).
This leads to an increase in the proportion of fine particles on the streets, consequently resulting
in a higher proportion of fine particles in the spring runoff. The increase of coarse particles in the
fall may be due to the accumulation of leaf litter and the reduction of vegetation on greenspaces
and landscapes. These factors make the soil more susceptible to erosion by rainfall runoff, resulting

in a higher percentage of coarse particles in the runoff.
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5.3.6 Comparison of PSD between rainfall events and snowmelt events

Fig. 5-9. compares PSD curves for rain event and snowmelt from different land uses. The particle

size increases in the order of roads, gravel lane residential, commercial, and paved residential areas.
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Roads have the finest particles compared to other land uses except in the 8-14 um fraction. The
snowmelt PSDs have similar trends as the rain event PSDs, i.e., the paved residential land use
tends to have coarser particle sizes compared to the commercial and gravel lane residential land
uses. The particles during snowmelt events are finer for the same land use compared to those
during the rainfall events. This could be attributed to the fact that rainfall-runoff flows tend to be
orders of magnitude larger than snowmelt flows, which therefore could only mobilize and carry

finer particles.
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Fig. 5-9. Comparison of PSDs from different land uses during rainfall and snowmelt events.
5.4 Conclusions

This research is based on the findings from a long-term (2016 - 2021) water sampling program at
multiple sites in a cold-region, semi-arid and summer rain dominated city to study the PSD from
different land uses under different weather conditions. The main findings and conclusions are as

follows:

(1) The mean Dso from roads and industrial areas are not significantly different, while the mean

Dso from paved residential and commercial area are significantly higher compared to roads and
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industrial areas. In all, the order of the mean Dso is paved residential>commercial>gravel lane

residential>mixed land use>industrial, roads.

(2) Fine particles less than 125 pm are the dominant particles (over 75%) of suspended sediments
in runoff in Calgary. The PSD curves of runoff from different land use showed obvious differences.
Roads have largest percentage of particles finer than 32 pm (49%) due to vehicle emissions, tire
wear, and abrasion of the road. Gravel lane residential areas have finer particle sizes than paved

residential areas due to the grinding effect and the rough properties of gravel lanes.

(3) Rainfall event types could impact PSD in runoff from residential areas and roads. Typically, A
long antecedent dry period tends to result in the accumulation of fine particles. A high rainfall
intensity and long duration could wash off more coarse particles. The effects of rainfall event types
could vary depending on land use types. The impact of rainfall event types for commercial and
industrial areas is negligible due to the removal efficiency of street sweeping and oil-grid
separators. The season is a factor in the PSD of suspended sediment in runoff. The PSD in spring

exhibits the finest particles due to the street sweeping.

(4) The order of particle size during snowmelt events is similar to rainfall events. Particles in
snowmelt are finer for the same land use than that during rainfall events because the rainfall-runoff
flows are usually an order of magnitude larger than the snowmelt flows, which could only tend to

mobilize and carry finer particles.
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6. Prediction of urban stormwater quality in data-deficient areas

using a semi-supervised machine learning framework

6.1 Introduction

Urbanization can introduce large number of pollutants into receiving water bodies through
stormwater runoff, which can have detrimental effects on environment and public health (Li et al.,
2016). Urban stormwater quality models are crucial tools for the planning, analytical assessment,
and design of drainage system to manage stormwater quality (Gironas et al., 2010, Liu et al., 2013).
Stormwater quality models may generally be classified into two primary modelling approaches:
process-driven models such as PCSWMM, which are based on physical principles, and data-driven
models that rely on data analysis (Wijesiri et al., 2020). PCSWMM, a dynamic rainfall-runoff
simulation model, is widely used for managing urban stormwater quantity and quality. These
models offer detailed simulations of the processes involved in urban catchments (Rossman, 2010).
However, they come with the caveat of requiring extensive and detailed data, which encompasses
not only meteorological and water quality metrics but also necessitates intricate knowledge of the
catchment drainage systems (Fletcher et al., 2013). The need for comprehensive calibration and
validation data, often scarce or unavailable, constrains their utility, especially in data-deficient

regions (Chow et al., 2012).

Data-driven models, especially those utilizing machine learning (ML) algorithms, are based on
statistical relationships derived from observed data to apply in environmental research (Granata et
al., 2017, Ahmed et al., 2019, Behrouz et al., 2022). Data-driven models require processes-based
studies to determine a parsimonious selection of parameters. Data-driven models have emerged as
a simpler alternative of process-driven models due to their fewer extensive data requirements,
relying predominantly on weather, land use and water quality data. For example, using six factors
(rainfall depth, runoff volume, and antecedent dry days, drainage area, land use, percent of
imperviousness) as input features, effective machine learning models were developed to predict
total suspended solids (TSS) (Moeini et al., 2021). Data-driven models can capture complex, non-
linear relationships inherent in environmental systems when sufficient training data are available
(Xu et al., 2020). For instance, a machine learning approach was developed to predict pollutant

event mean concentrations (EMC) in urban runoff using the National Stormwater Quality Database
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(NSQD) that contained over 5000 stormwater samples from approximately 300 urban catchments
(Behrouz et al., 2022). Results demonstrate that machine learning is a powerful approach for
estimating EMCs from urban catchments and determined the characteristics that had the greatest

effects on EMCs prediction.

Despite their advantages, ML models are not without limitations. Their predictive power is
contingent on the quantity and quality of training data (same as process-driven models) (Zhi et al.,
2021). Collecting stormwater quality data, is often time-consuming and expensive, leading to a
lack of available stormwater quality data (McKenzie et al., 2013). The majority of urban
catchments suffer from a dearth of comprehensive water quality datasets, which can lead to poor
model performance and generalization in ML applications (Zhu et al., 2022). Furthermore, ML
models often lack interpretability and transparency, making it difficult to understand how they
make predictions and what factors influence their outputs (Rudin et al., 2019). This can limit the

trust and acceptance of ML models by decision makers.

Semi-supervised machine learning could be a promising solution to the challenge of data scarcity
in urban stormwater quality modeling (van Engelen and Hoos et al., 2020). Semi-supervised
learning is a machine learning paradigm that utilizes both labeled and unlabeled data for model
training (Berthelot et al., 2019). By effectively leveraging unlabeled data, it allows for improved
learning and generalization, especially in contexts where obtaining labeled data is challenging.
Therefore, by utilizing the abundance of rainfall data, which is more readily available and often of
high quality, in conjunction with limited water quality data, semi-supervised models could be
trained more effectively. In addition, random forest (RF) model, recently found favor machine
learning approach, can provide insights into variable importance (Yang et al., 2023). The selection
of input variables was typically based on the hypotheses that the influential variables of urban
stormwater quality can also affect stormwater quality predictions. This interpretability is important

in understanding which factors mostly influence stormwater quality predictions.

Therefore, this research aims to harness the strengths of semi-supervised machine learning based
on random forest algorithm to develop a framework capable of predicting urban stormwater quality
in regions where data are lacking and apply this approach in urban catchments in Calgary. Through
the integration of ample rainfall data with sparse water quality measurements, we anticipate the

formulation of a model that offers both accuracy and applicability, even in data-deficient areas.
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The ensuing sections will detail the methodology employed in this study, the results and discussion
thereof, and the conclusions drawn from our findings, thereby contributing to the ongoing

endeavor of sustainable and effective urban stormwater management.
6.2 Methodology of semi-supervised machine learning framework

6.2.1 Model selection: random forest (RF)

To address the challenge of predicting urban stormwater quality, we selected the Random Forest
(RF) model as the foundational machine learning approach, attributed to its benefits suitable for
urban stormwater datasets. RF demonstrates resilience against overfitting, a common defect in
machine learning models, especially when the dataset is limited (Diaz-Uriarte and Alvarez de
Andrés, 2006). Overfitting can lead to models that perform well on training data but failed on
testing data. The structure of RF, which involves bootstrapping data and building multiple decision
trees, can avoids this issue, ensuring a robust generalization capability. Urban stormwater datasets
often exhibit non-linear relationship due to the various interactions between different features. RF
model can use the existing data and capture the complex nonlinear relationships between input and
output data (Boulesteix et al., 2012). Despite being a machine learning model, RF can provide
insights into variable importance (Gromping., 2015). This interpretability is important in

understanding which factors mostly influence stormwater quality predictions.

Fig. 6-1 provides a comprehensive flowchart of the RF implementation in our study. This study
utilized the dataset from the four catchments in Calgary, Alberta, Canada, as described in Section
4.2. The individual catchments, Rocky Ridge, Royal Oak, Cranston, and Auburn Bay recorded 15,
13, 18, and 11 events respectively, totaling 57 events. The RF model requires a labeled dataset,
wherein each instance is paired with a corresponding output label (dependent variables). Labeled
data includes both input features (independent variables) and output labels. In this study, the

labeled dataset consists of input features and output labels from four catchments.

The input features encompass rainfall and catchment characteristics because they can significantly
affect stormwater quality: Potentially suitable rainfall characteristics were selected that could
impact urban stormwater quality. They include antecedent dry days (ADD), total rainfall amount
(RT), average rainfall intensity (RI-avg), rainfall duration (RD), maximum rainfall intensity (RI-

max), time to peak rainfall intensity (T-peak), and the initial 30-min total rainfall amount (RT-30).
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Catchment characteristics are primarily categorical variables, emphasizing the physical and
anthropogenic attributes of the catchments. They include catchment area (CA), imperviousness
(Imp), and detailed land use and cover categories. Land use consists of single family residential
(SFR), multi-family residential (MFR), commercial (CO), institutional (IN), open space (OS) and
transportation (TR). Land cover consists of Road, Roof, Landscaped (LS) and Gravel.

The primary objective is to predict Event Mean Concentrations (EMC) for three critical water
quality parameters: Total Suspended Solids (TSS), Total Nitrogen (TN), and Total Phosphorus
(TP). These parameters are important indicators of water quality and have significant impacts on

the environment.
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Fig. 6-1. Flowchart of random forest for four scenarios.

6.3.2 Base model development: RF-B

The initial stage involved developing a base RF model, termed RF-B. Given the data scarcity, RF-
B model utilized only the Cranston catchment data, which had relatively more water samples. For
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this model, only rainfall data was employed as the input features. The 2019 dataset was designated
for training and validation, ensuring a recent and representative data subset. The RF model
hyperparameters—namely the number of trees (NumTrees), maximum number of splits
(MaxNumSplits), and minimum leaf size (MinLeafSize)—are crucial to its performance (Tyralis
et al., 2019). NumTrees represents the total decision trees in the forest, influencing robustness and
computational intensity (Probst and Boulesteix, 2017). MaxNumSplits defines the maximum splits
in each tree, controlling the tree size and complexity, while MinLeafSize is the minimum number

of observations contained in each leaf node in each decision tree.

To optimize these hyperparameters, a 5-fold Cross-Validation is embedded within a Genetic
Algorithm (GA) framework based on 2019 dataset. GA iteratively searches for the optimal
hyperparameter set, evaluating each set performance using the Cross-Validation average Root
Mean Square Error (RMSE). This integrated approach ensures a comprehensive assessment of the
hyperparameters, focusing both on model accuracy and ensuring that there are no signs of

overfitting (Yang et al., 2023).

Upon determining the optimal hyperparameters, the RF models are retrained and validated on the
complete 2019 dataset. The dataset was randomly divided into a training dataset (80%) and a
validation dataset (20%). Following retraining, the model performance is assessed on the 2018
dataset, serving as an independent testing set. Testing dataset can evaluate the performance of the
model on unseen data, i.e., the model generalization ability. This evaluation phase utilizes RMSE

and Nash-Sutcliffe Efficiency (NSE) as index to quantify predictive accuracy and model efficacy.

6.3.3 Model enhancements: RF-R and RF-RC

Based on the RF-B model, we attempt to improve model performance through data and feature
enhancement: The RF-R model extends the dataset by integrating data from all catchments and
using rainfall data as input features. RF-RC, representing a more comprehensive approach, utilized

data from all catchments and enriched the feature set by including catchment characteristics.

6.3.4 Semi-supervised RF model development (FR-Semi)

The success of semi-supervised learning depends on the accuracy of pseudo-labeling (Lee et al.,
2013). Selection of pseudo-labels with high confidence as training targets helps ensure that the

model learns from correct predictions rather than uncertain predictions (Zhou., 2021). In ensemble
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methods like Random Forests, the variance in predictions across different models can serve as an
indicator of confidence (Sohn et al., 2020). In this study, we employed the ensemble method for
the selection of high-confidence pseudo-labels (Fig. 6-2). The ensemble was created by slightly
varying the hyperparameters (number of trees, maximum depth, and minimum leaf size) within
specified ranges around their optimal values, resulting in 27 unique RF-RC models. Each model
independently predicted outcomes for the unlabeled dataset, and the coefficient of variation (CV)
across these predictions was calculated for each sample to assess prediction dispersion. Samples
with lower CV values, indicating higher agreement among models, were selected as high-
confidence pseudo-labels. The average predictions of these selected samples formed the pseudo-
labels, which were combined with the original labeled dataset to create an enriched training set.
This enriched set was used to retrain the RF-RC model, aiming to improve its predictive accuracy
and generalization capabilities in scenarios with limited labeled data.
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Fig. 6-2. Flowchart of semi-supervised random forest model.
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6.3 Results and discussion

6.3.1 Selection of Pseudo-Labeling samples

The process of pseudo-labeling involves using the predictions of a model on an unlabeled dataset
and incorporating those predictions back into the training process as if they were labeled data. Fig.
6-3. shows the boxplots of Coefficient of Variation for Pseudo-Labeling selection, which represent
the variability of 27 RF-RC models in predicting TSS, TN and TN using unlabeled dataset. Each
data point in the figure represents one unlabeled rainfall event. The upper extreme of the CV
boxplot is set as the threshold for each parameter. Accordingly, the CV thresholds for TSS, TN,
and TP have been set to 0.12, 0.06, and 0.09, respectively. After applying these thresholds, 55 out
of the 65 unlabeled samples were retained for pseudo-labeling, indicating that most of the model
predictions are consistent enough to be considered for retraining the model and hopefully

improving its performance.
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Fig. 6-3. Boxplots of Coefficient of Variation for Pseudo-Label Selection.
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6.3.2 Performance of RF model (Compare with other studies)

To evaluate the performance of the different RF models for TSS, TN and TP, the Nash-Sutcliffe
NSE and RMSE values are shown in Fig. 6-4 and Fig. 6-5, respectively. The base model (RF-B)
shows high NSE value (0.90) for TSS during training period (Fig. 6-4a), indicating good fit to the
training data. However, the NSE for testing dataset is -0.76, which is worse, suggesting the model
is not generalizing well to unseen data. The RMSE on the test dataset is 127 mg/L (Fig. 6-5a),
reflecting the poor performance. With an NSE of -1.81 on the test and 0.15 on validation (Fig. 6-
4b), the model performs worse than a simple mean predictor, and the high RMSE of 1.37 mg/L
(Fig. 6-5b) on the test dataset confirms this. The NSE of TP on the test dataset is 0.54 (Fig. 6-4c)
with an RMSE of 0.14 mg/L indicating better performance for TP. RF-B model performed better
than RF-R and RF-RC model during training and validation period, which indicates that relying

on limited data may lead to overfitting.

RF-R model shows improvement in the test dataset for TSS and TP compared to RF-B model. The
NSE of TSS during testing period improves to 0.37 (Fig. 6-4a), and the RMSE decreases to 104
mg/L (Fig. 6-5a), showing better prediction capability than RF-B model. The NSE of TN is still
negative at -0.21 (Fig. 6-4b) for the testing dataset, but the RMSE lowers to 0.57 mg/L (Fig. 6-5b),
which is an improvement, although the model still struggles with TN prediction. With an NSE of
0.21 (Fig. 6-4c) for TP on the test dataset and an RMSE of 0.16 mg/L (Fig. 6-5c), the model is
somewhat effective but not satisfactory. Overall, by integrating data from different catchments,
the model predicting accuracy could be enhanced although the performance during training and

validation period decreased.

RF-RC see slightly improvements in TSS and TP than RF-R model. RF-RC model shows a larger
NSE of 0.55 (Fig. 6-4a) for TSS during testing period, indicating a better fit than RF-R. The NSE
of TP for testing dataset increased from 0.21 to 0.46 (Fig. 6-4c). This indicates that consideration
of catchment characteristics could improve the model capacity for generalization. TN, however,
remains problematic, which might be due to the complex dynamics of nitrogen in urban stormwater

that are not well captured by the model.

The RF-Semi model shows the best performance across all parameters, with high NSE values for

the test and validation datasets, and the lowest RMSE values for the test dataset. The NSE of TSS

for testing dataset achieves the best (0.62, Fig. 6-4a), showing better predictive accuracy. During
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the testing period, the NSE and RMSE for TP reached 0.62 (Fig. 6-4c) and 0.11 mg/L (Fig. 6-5¢),
respectively, confirming the good predictive capability of the semi-supervised approach. The RF-
Semi model has a more complex model structure due to additional data from pseudo-labeling,
which provides a richer dataset for training (Berthelot et al., 2019). This indicates that
incorporating pseudo-labeling has effectively improved the model's ability to predict unseen data,
which allow the model to learn more generalized patterns. Although RF-Semi model performed
well during training and validation periods for TN, NSE for testing period remain negative (-0.03),

indicating a need for further model refinement for TN.
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6.3.3 Comparison with previous studies

Machine learning prediction have been widely applied in environmental research. Although water
quality data is not readily available, recently some studies attempt to apply machine learning in
prediction of stormwater and stream water quality. A comparison of model performance was made

with recently published studies (Table 6-1).

Moeini et al., (2021) used six features (drainage area, land use, imperviousness, rainfall depth,
runoff volume, and antecedent dry days) to train random forest model with TSS concentration as
the target parameter. This study shows a comparable NSE (0.79 vs. 0.76) during training period
and a slightly lower NSE (0.62 vs. 0.67) during testing period than Moeini et al. (2021) study.
Considering the larger range of TSS concentration in their study, the RMSE for testing dataset is
also comparable (69 mg/L vs. 150 mg/L). It is worth noting that Moeini et al. (2021) study used a
larger dataset with 530 events from 7 states in the USA, which explains whey they were able to

obtain good model performance despite using only six features as input variables.

Wang et al. (2021) utilized a dataset comprising 868 events from Texas, USA, to predict TP
concentrations in stream using a random forest model. This study considered various factors that

could explain the variation in TSS concentration, such as the characteristics of the land cover, the
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climatic conditions, the soil properties, the terrain features, and the human population density.
Their study achieved an NSE of 0.91 during training and 0.61 in testing, with an RMSE of 0.88
mg/L for the testing dataset. In contrast, our study achieved a slightly lower NSE (0.86) during
training period but demonstrated a close NSE (0.62) during testing period. Our model exhibited
enhanced precision in the testing period, with an RMSE of 0.11 mg/L for TP, which is substantially
lower than that reported by Wang et al (2021). This is attributed that their study covered a broad
TP concentration range (0-4 mg/L).

Behrouz et al. (2022) utilized NSQD dataset gathered from over 300 cities across the United States,
encompassing more than 5000 events to train random forest models for predicting TSS, TN, and
TP. In their study, the considered input variables include climatological characteristics (i.e.,
Antecedent Dry Period or ADP, Precipitation Depth or P, Duration or D, and Intensity or I) and
catchment characteristics including land use-related parameters including Imperviousness or Imp,
Saturated Hydraulic Conductivity or Ksat, and Available Water Capacity or AWC), and site-
specific parameters including Slope (S), and Catchment Size (A). They reported NSE values of
0.79 (TSS), 0.81 (TN), and 0.79 (TP) during training period, with a obvious drop in the NSE to
0.3 for TSS, 0.35 for TN, and 0.33 for TP during testing period. This study presents similar NSEs
for TSS (0.79) and TP (0.86) during training period, but substantially improved NSEs of 0.62
during testing period, indicating better generalization to unseen data. Conversely, the prediction

of TN underperforms (NSE of -0.03 during testing period).

Kshirsagar et al. (2023) trained a Support Vector Regression (SVR) model to predict TSS in Pune
City, India. The samples were collected for 22 storm events, which is only study that utilized less
data than us. Rainfall and Antecedent Dry days (ADD) are the independent variables of SVR model.
They reported a RMSE of 278 mg/L for testing dataset, which is larger than our RMSE of 69 mg/L
for TSS. Despite the difference in data sizes and environmental conditions, our model

demonstrates better accuracy.

Jalagam et al. (2023) developed a Random Forest model for TSS prediction in urban streams. Land
use data and precipitation data were utilized as input variables. They reported RMSE of 59 mg/L
for validation and a RMSE of 25 mg/L for testing dataset. Our study yielded a lower RMSE of 24
mg/L for validation and a slightly higher test RMSE of 69 mg/L for testing dataset.
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Overall, the previous studies primarily utilized labeled datasets for water quality analysis, without
incorporating unlabeled data. Their model performances were influenced by the size of the datasets,
with larger datasets generally contributing to better model training and potentially improved
prediction accuracy. Our semi-supervised approach that utilized both labeled and unlabeled data
indicates that data utilization efficiency could also play critical roles in application of machine

learning in data-deficient areas
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Table 6-1. Comparison of model performance of machine learning with recent studies.

Water quality Evaluation index Range of observed water
Model Period Database Sources
parameters NSE RMSE quality parameters
Train 0.76 110 530 events from
RF TSS 0-1100 mg/L (Moeini et al., 2021)
Test 0.67 150 7 states in USA
Train 0.91 0.40 868 datapoints from
RF TP 0-4 mg/L (Wang et al., 2021)
Test 0.61 0.88 Texas in USA
Train 0.79
TSS
Test 0.30 Over 5000
Train 0.81 events from
RF TN (Behrouz et al., 2022)
Test 0.35 over 300 cities
Train 0.79 in USA
TP
Test 0.33
22 events from
SVR TSS Test 278 Mean: 927 mg/L ) (Kshirsagar et al., 2023)
Pune City in India
Validation 59
RF TSS 5 0-600 mg/L Stream water quality from North Carolina, USA (Jalagam et al., 2023)
Test 5
Train 0.79 48
TSS Validation 0.85 24 11-593 mg/L
Test 0.62 69
Train 0.79 0.34
57 events from
RF TN Validation 0.38 0.56 0.41-3.74 mg/L Present
Calgary in Canada
Test -0.03 0.92
Train 0.86 0.06
TP Validation 0.68 0.07 0.03-0.66 mg/L
Test 0.62 0.11

Note: The empty space in this table indicates the variables are not mentioned from the sources. RF is Random forest model, SVR is support vector regression model.
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6.3.4 Variable importance

The variable importance (Fig. 6-6) provides insight into the contribution of each input variable in

the semi-supervised random forest model to predict EMCs of TSS, TN and TP.

Rainfall duration (RD) is the most influential variable for prediction of EMCs of TSS, accounting
for 38.5% of the importance, followed by antecedent dry days (ADD) at 24.8% (Fig. 6-6a). This
suggests that both the length of the rainfall and the antecedent dry period impact TSS
concentrations in stormwater, likely due to the accumulation and subsequent wash-off of
suspended particles (Salim et al., 2019). Detailed land use/land cover categories like single-family

residential (SFR) and transportation (TR) have lesser importance for predicting TSS.

The total rainfall amount (RT) has the highest importance (28.7%) for prediction of EMCs of TN
(Fig. 6-6b), indicating the overall volume of rainfall contributes to nitrogen runoff. RD and ADD
are also crucial, indicating that both the duration of the rainfall and the conditions prior to the storm

are key factors affecting nitrogen transport (Murphy et al., 2015).

For TP prediction (Fig. 6-6¢), RT again plays an important role (25.8%), followed by maximum
rainfall intensity (RI-max) at 13.0% and average rainfall intensity (RI-avg) at 13.3%. This
emphasizes that the intensity of the rainfall, along with the volume, is vital in predicting TP
concentrations, as heavier rainfalls can lead to increased runoff and phosphorus loading (Li et al.,
2015). Catchment area (CA) and Imperviousness (Imp) has a noticeable importance for TP, which
is not as evident for TSS and TN, suggesting that the size of the catchment may influence
phosphorus levels more than nitrogen or suspended solids. Behrouz et al., (2022) reported that land

use-related characteristics were effective variables for predicting EMCs for TP.

In summary, rainfall characteristics are consistently important across all three pollutants, with
varying focus on duration, amount, and intensity, indicating their crucial role in the mobilization
and transport of pollutants. ADD also plays an important role in predicting pollutant levels,
particularly for TSS and TN. The inclusion of catchment characteristics, such as prediction for TP,
suggests that catchment-specific factors can also be influential and should be carefully considered

in urban water quality modeling using machine learning.
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Fig. 6-6. Variable importance of RF-Semi model for predicting (a) TSS; (b) TN; (c) TP.
6.4 Conclusions

This paper proposed a semi-supervised machine learning (random forest) framework to predict
urban stormwater quality in data-deficient areas. This approach was applied in four catchments in
Calgary, Alberta, Canada to predict event mean concentration (EMC) of Total Suspended Solids
(TSS), Total Nitrogen (TN) and Total Phosphorus (TP). The main findings and conclusions are

as follows:

(1) The results show that machine learning is an effective tool for predicting EMCs of TSS and
TP. Machine learning approach could capture the complex interplay of factors that influence

stormwater quality and model the non-linear relationships.

(2) An over-reliance on limited datasets and the selection of rainfall as single input features could
potentially lead to overfitting. When only rainfall characteristics in one catchment were selects as
input features to train RF model, the model performed well for prediction of TSS during training

period (NSE=0.90) but failed on testing dataset (NSE=-0.76). This limitation of overfitting could
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obstruct the application of the ML models due to decreased predictive effectiveness on unseen

data.

(3) The augmentation of training dataset with information from multiple catchments effectively
improved the model predicting accuracy although the performance during training and validation
period decreased. The introduction of catchment characteristics as input variables within the ML
models could further enhance model capacity for generalization. This finding emphasizes the

potential benefits of integrating catchment-specific data into predictive modeling.

(4) The application of pseudo-labeling as a semi-supervised learning technique has yielded
positive results by enriching the training dataset. This approach utilizes the model predictions to
generate labels for unlabeled data, thereby expanding the training set and providing additional
information that could refine the model learning process. The semi-supervised machine learning

strategy has proven to enhance the model predictive accuracy.

(5) The variable importance shows that rainfall characteristics are important variables for
predicting TSS, TN and TP. Rainfall duration, total rainfall, and rainfall intensity played crucial
role in the mobilization and transport of pollutants. ADD also plays an important role in predicting

pollutant levels, particularly for TSS and TN.

In conclusion, while machine learning models are effective tools for stormwater quality prediction,
the model performance is impacted by the availability and quality of the dataset. The integration
of comprehensive datasets, including catchment characteristics, along with semi-supervised
machine learning techniques such as pseudo-labeling, could improve the accuracy and

applicability of predictive models in data-deficient areas.
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7. Practical application in urban stormwater quality management

and design

This thesis conducted a research based on the field monitoring data in Calgary to study the response
of urban stormwater quality to rainfall characteristics and LULC and the improvement of
performance of urban stormwater quality model. The findings have implications for effective
stormwater management and design that account for the specific pollutant contributions of
different land uses and the variability in rainfall characteristics. In addition, this research has
potential to enhance stormwater quality modeling and prediction, which is crucial for effective
urban water management and planning. This chapter will discuss the practical application of the
research for Calgary from three aspects: water quality design event, particle size distribution and

water quality modelling.

7.1 Water quality design event

7.1.1 General introduction of current approach in Calgary stormwater management and

design manual

Selection of water quality design event is crucial when designing stormwater control practices
(SCPs) or best management practices (BMPs) such as bioretention areas, wet ponds. Water quality
design event is used generate pollutographs using computer water quality model. In Calgary, the
Intensity-Duration-Frequency (IDF) curve is utilized for selection of design event. A Chicago
distribution is the applied to formulate the synthetic design storm. A 1:100 year storm event is
used in the design of the major system, while runoff from more frequent events should be
controlled and treated to improve water quality of the runoff. Two key considerations pertaining
to the analysis and design of SCPs include the following: 1) For Calgary, the water quality design
event has a rainfall depth of 15 mm. 2) Typically, a duration of 1 hour is used to examine the

operation of SCPs. 3) A 1:5 year event must be used to quantify any benefits of these SCPs.

However, the IDF curve derived from extreme rainfall intensities for a specific duration through
annual maximum analysis, which does not reflect the average rainfall level of the year. The design
event chosen should be responsible for generating the majority of pollutants from a catchment.

This choice enhances the efficiency of the stormwater treatment system, as events with higher
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pollutant production are targeted. It is not clear if the design event from IDF curve can contribute
most of the pollutant generated from a catchment. In addition, the EMCs from the design event
need to be estimated by computer water quality models (e.g., process-based models), which are
relatively complex and tend to be less accurate than quantity models. Therefore, a simpler
alternative of process-based models with good accurate is needed. The following sections will
evaluate the contribution of different rainfall types on pollutant loads and provide an approach to

estimating EMCs for design event.
7.1.2 Contribution of different rainfall event types on pollutant loads.

The pollutant loads from four catchments during four rainfall event types were estimated by the

following formula:

Loads =ZA-PL--a-EMCi (7-1)

where A is the catchment area, P is the total precipitation, a is the rainfall-runoff coefficient, EMC

is the event mean concentration, 1 is the number of target rainfall type events.

For example, to calculate TSS load during Type I events, the pollutant loads from the four
catchments during all Type I events need to be added together. Fig. 7-1 shows the pollutant loads
from four catchments during four rainfall event types. For TSS loads, although the number of Type
IT events only account for 16% (Table 2-3) of all rainfall events, they contributed to 60% of the
total TSS loads. Type I events are the most frequent events (30 out of 57 events), while they only
generated 14% of the total TSS loads. Similarly, Type II events are major contributors to TN and
TP loads (42% and 55%, respectively).
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Fig. 7-1. Contribution of different rainfall event types on pollutant loads.

Fig. 7-2 shows the IDF curves (used in Calgary stormwater management and design) combined
with observed four rainfall type events. The IDF curve is derived from Meteorological Service of
Canada (MSC) rainfall data taken from the International Airport. Rainfall, which has been
collected from 1947 to 1998 (48 years), has been analyzed using Gumbel distribution. As shown
in Fig. 7-2, Type I and Type IV events are distributed below the 2-year IDF curve and 77% of
Type II events (10 out of 13 events) are also distributed below 2-year IDF curves. Observing the
distribution of Type II events in relation to the IDF curves, it appears that these events generally
align with, or closely approximate the IDF curves (except for 5-year and 10-yearcurves). This
pattern may be attributed to the relatively short monitoring period (only two years), which could
limit the representativeness of the data for these specific return periods. The distribution of Type
IT events indicates that they can be somewhat representative of events within specific return periods.
As shown in Fig. 7-1, Type II events can contribute most of the pollutant generated from
catchments. Therefore, events from IDF curves could be suitable water quality design events for

effective SCPs or BMPs design.
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Fig. 7-2. IDF curves combined with observed rainfall events.

7.1.3 Estimation of EMCs for design event

To estimate the EMCs for water quality design event, the developed semi-supervised machine

learning approach in Chapter 6 is selected as a simpler alternative tool of process-driven models.

Based on the requirements of Calgary stormwater management and design, a 1:5 year event is
selected as water quality design event with a duration of 1 hour. From the adjusted MSC IDF
Curve, the design event has a rainfall depth of 15 mm. The Chicago Hydrograph Method is used
to create a rainfall distribution curve for the selected design event. The created hyetograph is shown
in Fig. 7-3. Based on the Chicago distribution of the design event, the rainfall input features for
semi-supervised machine learning approach are determined: average rainfall intensity: 19.40
mm/hr, total rainfall: 19.40 mm, rainfall duration: 1 hr, maximum rainfall intensity: 87.48 mm/hr,
time to peak rainfall intensity: 0.3 hr, the initial 30-min total rainfall amount: 14.83 mm. The

antecedent dry period is selected as the average value of Type II events: 6.6 day.
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Fig. 7-3. Chicago distribution of the design event.

To predict the EMCs of TSS, TN and TP for the design event using machine learning approach,
Royal Oak catchment is selected as an example, whose catchment characteristics are selected as
catchment input features. The predicted EMCs of TSS, TN and TP are 226 mg/L, 1.71 mg/L and
0.27 mg/L (Table 7-1). To evaluate if the predicted EMC values are reasonable, two observed
events (occurred on Royal Oak catchment) that are most likely close to the design event in IDF
cures (Fig. 7-2) are selected. These two events are located at the 1:2 year IDF curve. The duration
and average intensity of two events are 0.8, 16.0 and 1.3, 12.5, respectively. The average EMCs
values of two observed events are shown in table 7-1. The relative error for TSS, TN and TP are
less than 25%, which means that the predicted EMC values are slightly larger than the average of
observed events. This is reasonable because the design event with higher rainfall intensity can

carry more pollutants.

Table 7-1. Estimated EMCs by machine learning and average observed events.

EMC (mg/L) ML Average of observed events Relative error (%)

TSS 226 181 25
TN 1.71 1.37 25
TP 0.27 0.23 17
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7.2 Particle size distribution

The particle size distribution (PSD) of suspended sediments in urban runoff has been considered
an important factor affecting the transport and fate of sediment and the associated pollutants. PSDs
of suspended sediments in urban runoff are necessary for the effective treatment of urban

stormwater. It is necessary to consider the PSD for soils and their settling velocities.
7.2.1 PSD curves for different land use types

To estimate the total suspended solids removal rate from wet ponds, wetlands, and other devices
or technologies requiring sediment removal, City of Calgary provides Particle Size and Settling
Velocities. The particle size distribution follows the New Jersey Department of Environmental
Protection curve. This PSD curve was compared to the PSD curves derived from the water samples
in 15 urban areas in Calgary, Alberta, Canada, during 179 rainfall and 118 snowmelt events from
2016 to 2021 (Fig. 7-4). PSD curve of Calgary design manual is between the lower and upper
envelopes of our study. For the particles finer than 50 um, Calgary design manual has similar
percent as gravel lane residential land use. This indicates that the PSD curve of Calgary design
manual can represent the average particle size distribution. However, when BMPs are designed
for specific land use type, the PSD curves from Calgary field monitoring program are more suitable

for effective design. The PSD curves in Chapter 5 can provide reference for effective BMPs design.
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Fig. 7-4. Proportions of PSDs from different land uses.
7.2.2 Recommendation of TSS removal criteria for specifc conditions

Current stormwater quality criteria for the City of Calgary requires the removal of a minimum of
85% Total Suspended Solids (TSS) for particle sizes greater than, or equal to, 50 pm. Based on
the PSD curves in Fig. 7-4, the proportion of particles sizes greater than, or equal to, 50 um for
paved residential land use is approximately 65%, which indicates most particles can be removed
following the TSS removal criteria. However, only 40% particles in mixed land use are greater
than, or equal to, 50 um. Large proportion of particles will remain in runoff if BMPs follow the
current removal criteria. Therefore, appropriately adjusting removal criteria for specific land use
types can contribute to effective removal of TSS. In addition, this research found that PSDs of
different land use types vary with rainfall event types. Type II events align with water quality
design event, so PSDs from different land uses under Type II events (Table 7-2) are suitable for

BMPs design.

In general, treatment ponds are effective in removing solids, but less effective for removing BODs,
phosphorus, and nitrogen. Many studies have found that finer particles have affinity for various

and large amounts of pollutants (e.g., phosphorus, and nitrogen). This research found that the EMC
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of TSS was highly correlated with Non-Reactive Phosphorus (0.87) and Total Phosphorus (0.88),

and moderately with Total Organic Nitrogen (0.53), Total Kjeldahl Nitrogen (0.56), and Total

Nitrogen (0.54), suggesting these phosphorus and nitrogen forms may exist primarily in particulate

form. Therefore, increasing forebay's TSS removal criteria could help reduce nitrogen and

phosphorus concentrations through sedimentation.

Table 7-2. PSDs from different land uses under Type II events as accumulated volume fraction
%.
<500 <250 <125 <63 <32 <14 <8 <5 <2

Land Use
(nm) (nm) (@um)  (um)  (pm)  (pm)  (pm)  (pm) (pm)

Gravel_lane
95.7 92.8 84.5 64.1 37.6 34.5 20.6 9.3 3.6

Residential
Commercial 86.6 74.8 57.6 42.5 22.8 18.9 7.8 3.0 1.2
Roads 90.4 79.8 70.0 59.3 48.6 39.3 29.9 21.1 12.7

Mixed land use 92.2 86.9 80.7 67.5 44.1 33.1 19.6  10.5 4.4

7.3 Water quality modelling

Urban stormwater quality models are essential tools for effective stormwater management and
design. This research attempts to improve water quality modelling performance through catchment
delineation approach and model calibration approach. The research findings could provide some

insight into model improvement.
7.3.1 Singel event vs continuous simulation

Stormwater computer models can be used to model a drainage system for either single or
continuous rainfall events. Continuous simulation is required to model urban runoff water quality
from all wet ponds and wetlands to estimate overall sediment removal rates (TSS). To achieve the
total loading objectives for stormwater and wastewater, which were developed as part of the Total
Loading Objective Assessment (TLOA) project by City of Calgary, a City-Wide Stormwater
modelling work was conducted by Tetra Tech, Inc. The goal of the continuous model calibration
is to obtain low relative error when all the calibration sites are considered. The TSS calibration
generated results with an overall relative error for TSS loading estimation at 0.2%. However, the
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continuous model may result in large error from the point view of events. The rainfall event type-
based calibration approach established in Chapter 2 calibrate water quality parameter for events of
a single rainfall type during a continuous simulation. This approach will provide the optimal water
quality parameter set for different rainfall types. This calibration approach could take advantage
of both continuous simulation and event-based simulation. The calibrated Build-up and Wash-off
Coefficients for different rainfall types (Table 2-5) could be reference for related modelling work

in Calgary.
7.3.2 Model parameter transferability

Collecting stormwater quality data, is often time-consuming and expensive, leading to a lack of
available stormwater quality data for model calibration. Therefore, it is anticipated that the
calibrated stormwater model could be applied in ungauged catchments to predict hydrographs and
associated pollutant loads, mitigating the data shortfall. In the current Calgary design manual, little
calibration information is available to verify the accuracy of the parameters. This research tested
parameters transferability of land cover-based catchment delineation approach. The results
indicates that the hydrologic-hydraulic parameters can be satisfactorily transferred from
neighboring gauged catchments to similar ungauged catchments. However, the transferring of
water quality parameters did not perform as satisfactory. Therefore, even in adjacent catchments
with similar catchment characteristics, the transfer of water quality parameters should be done
cautiously. Much more efforts should be taken to calibrate water quality model parameters that

can be widely used in Calgary catchments.
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8. General conclusions and recommendations for future research

8.1 General conclusions

This thesis studied the response of urban stormwater quality to rainfall characteristics and LULC
and the improvement of performance of urban stormwater quality model from five major aspects.
Detailed conclusions can be found in each of the preceding five major chapters. Specific

conclusions for the study catchments in Calgary are summarized as follows:

In Chapter 2, the impact of rainfall characteristics on urban stormwater quality was studied using
a data mining framework. The K-means method effectively clustered the rainfall events into four
types that could represent the rainfall characteristics in the study areas. Compared to the traditional
continuous simulation model, the relative error of the rainfall type-based (RTB) approach was
reduced by 11.4% to 16.4% over the calibration period for the four catchments in Calgary. The
calibrated stormwater quality parameters could be transferred to adjacent catchments with similar

characteristics in Calgary.

In Chapter 3, the impacts of land cover on the simulation of stormwater runoff and pollutant
loading were investigated. The land cover-based approach's better performance in hydrological
simulation and its ability to be regionalized based on land cover types can be applied to similar
urban catchments in Calgary. Transferring of hydrologic-hydraulic parameters from gauged to
ungauged catchments in Calgary is feasible. In Calgary, roads and roofs were major contributors
to urban runoff and pollutants, while green spaces became important contributor during large storm

events.

In Chapter 4, the effects of mixed land use on urban stormwater quality under different rainfall
event types was studied using the database from a two-year field monitoring program in Calgary.
The correlation analysis showed that the event mean concentrations (EMCs) of total suspended
solids (TSS) was positively correlated with most nutrient components, and event pollutant loads
(EPLs) exhibited higher correlation compared to EMCs in Calgary. The differences in EMCs
across four catchments indicated that mixed land use could influence the generation of stormwater
pollutants in Calgary, with spatial configurations affecting EMCs. Seasonal variations were found

in EMC and EPL, with higher values in the spring and summer compared to the fall in Calgary.
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In Chapter 5, the effects of land use and rainfall conditions on the particle size distribution (PSD)
of suspended sediments in stormwater and snowmelt runoff was investigated using dataset from a
six-year water sampling program across 15 study sites in Calgary. The results revealed that the
median particle size decreased in the order: paved residential, commercial, gravel lane residential,
mixed land use, industrial, and roads. Fine particles less than 125 pm are the dominant particles
(over 75%) of suspended sediments in runoff in Calgary. Paved roads have the largest percentage
of particles finer than 32 um (49%) due to vehicle emissions, tire wear, and road abrasion. Gravel
lane residential areas have great proportion of fine particle sizes compared to paved residential
areas due to the rough properties of gravel lanes. The season is a factor in the PSD of suspended
sediment in runoff in Calgary. The PSD in spring exhibits the finest particles due to the street
sweeping. Particles in snowmelt are finer for the same land use than that during rainfall events

because the rainfall-runoff flows are usually an order of magnitude larger than the snowmelt flows.

In Chapter 6, a semi-supervised machine learning framework was proposed to predict urban
stormwater quality in data-deficient areas. Semi-supervised machine learning using pseudo-
labeling could effectively predict stormwater quality in Calgary, even with limited labeled data.
Rainfall characteristics were more significant than catchment characteristics in predicting urban

stormwater quality in Calgary.

In Chapter 7, the practical application of this research outcomes in urban stormwater quality
management and design was explored in Calgary. It is important to consider specific rainfall event
types and land use in stormwater management strategies. For instance, Type II events, though less
frequent, contribute significantly to total pollutant loads, emphasizing the need for targeted
strategies in urban stormwater management. PSD of suspended sediments is an important factor
for effective stormwater treatment, and it is recommended to adjust TSS removal criteria based on

specific land use types.
More general conclusions are summarized as follows:

The results revealed that antecedent dry days, average rainfall intensity, and rainfall duration were
the most critical rainfall characteristics affecting the EMCs of TSS, total nitrogen (TN), and total
phosphorus (TP), while total rainfall was found to be of negligible importance for the four
catchments. The RTB calibration approach could improve PCSWMM model accuracy in

simulating water quality model. The Land Cover-Based (LCB) approach can effectively evaluate
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the contribution of different land covers to runoff and pollutant loads. Intense rainfall and long
antecedent dry days could yield higher EMC and EPL, whereas long rainfall duration could
generate lower EMC and higher EPL. The impact of rainfall event types on PSD in runoff could
vary depending on land use types. A long antecedent dry period tends to result in the accumulation
of fine particles. High rainfall intensity and long duration could wash off more coarse particles.
Relying on limited dataset and input features may lead to overfitting, which affects model
predictive effectiveness. The semi-supervised machine learning framework can be generalized for
predicting stormwater quality in other urban catchments, emphasizing the importance of
integrating datasets from multiple catchments and considering catchment characteristics for model

generalization.
8.2 Recommendations for future research

Overall, this thesis contributes to the knowledge of response of urban stormwater quality to rainfall
characteristics and LULC and the improvement of performance of urban stormwater quality model.
However, there are still many aspects left to continued research in these broad areas. The

followings are recommended for future study:

1. This research mainly based on the dataset from a two-year field monitoring program in
four urban catchments in Calgary. To capture a broader range of weather patterns and their
impact on stormwater quality, extending the monitoring program beyond two years could
provide a more comprehensive dataset.

2. In this study, monitoring sites were set at the outlets of catchments to ensure that the
collected data can represented the pollutant levels across the entire catchments.
Understanding the spatial distribution of pollutants within urban catchments will benefit
for identifying the specific contributions of different land use/land cover types to overall
pollution form the point view of catchments. Therefore, it is recommended to set
monitoring sites at different land use/land cover types within the same catchment to collect
and analyze runoff samples more comprehensively.

3. While the current study utilized data from Calgary, it would be beneficial to include more
geographically diverse catchments to enhance the model's robustness and applicability to

various urban environments.

146



4. There are some sources of uncertainties in PCSWMM in this research including input
uncertainty, parameter uncertainty and model structure uncertainty. For example, the
rainfall data from the solo rain gauge in large catchment (e.g., Auburn Bay) may not
represent the average rainfall level, which could introduce input uncertainty. The
representative of pollutant build-up and wash-off process using four parameters in
PCSWMM could bring model structure uncertainty. The uncertainty analysis can provide
useful information for evaluating model reliability. Therefore, uncertainty quantification
in urban stormwater quality modelling is recommended.

5. Monitoring water quality parameters is crucial for urban stormwater quality control.
Monitoring large number of water quality parameters are often time-consuming and
expensive. Selection of suitable parameters that can be reprehensive of other parameter
could be a potential cost-saving strategy. For example, the strong correlation between TON
and TKN suggest that monitoring TON might be a suitable representative parameter of
TKN in the water quality monitoring.

6. PSD can affect pollutant transport and their fate in receiving water. Further research on
PSD should be along with pollutant concentrations and loading.

7. Random forest algorithm is selected as foundational machine learning approach, while
other machine learning approaches also have their distinct advantages. In the future work,

comparing model performance between different approaches is recommended.
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Appendix A. Summary of rainfall events.

Table Al. Summary of rainfall events in 2018 and 2019 including EMC values for TSS, TN and TP.

Catehment Date RD RI-max RlI-avg RT ADD RT-30 T-peak TSS TN TP
(h) (mm/h) (mm/h) (mm) (days) (mm) (h) (mg/L) (mg/L) (mg/L)

6/28/2018 3.9 4.8 1.9 7.6 5.4 1.0 0.3 72 1.55 0.04

7/24/2018 5.1 9.6 1.4 7.0 4.9 0.6 1.9 116 2.08 0.25

8/24/2018 53 14.4 1.9 9.8 4.2 3.4 0.9 96 3.13 0.10

8/26/2018 5.4 7.2 1.5 8.2 22 1.0 1.9 22 0.76 0.07

5/2/2019 2.5 7.2 22 5.6 17.0 0.8 1.0 1328 3.89 0.89

6/8/2019 1.3 12 4.2 5.6 30.1 3.8 0.3 636 0.76 0.48

6/19/2019 0.8 72 16.0 12.0 32 10.8 0.3 148 1.10 0.20

RO 6/20/2019  17.3 52.8 5.0 85.8 1.6 0.4 5.0 115 0.41 0.14
6/27/2019  18.0 64.8 23 41.4 22 2.2 14.0 215 1.63 0.25

7/3/2019 18.5 7.2 1.6 30.0 6.0 0.8 13.7 11 091 0.08

7/16/2019 1.8 43.2 6.9 12.0 2.5 1.2 1.3 77 0.99 0.06

8/6/2019 1.1 4.8 22 3.6 13.2 0.4 2.0 190 2.09 0.33

8/16/2019 1.5 45.6 6.3 9.4 5.0 7.0 0.2 136 0.61 0.13

8/22/2019 1.3 12 4.6 5.8 6.4 1.8 0.9 130 1.15 0.16

9/1/2019 0.3 88.8 38.0 9.6 7.2 9.6 0.2 247 1.35 0.32

6/23/2018 7.3 21.6 4.5 33.2 6.6 4.0 0.5 144 1.21 0.18

RR 6/28/2018 3.5 4.8 2.0 7.0 54 1.0 1.0 13 0.96 0.03
7/10/2018 2.8 4.8 0.9 2.6 5.7 0.4 2.5 40 1.57 0.12
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7/23/2018 0.7 24 8.1 54 4.9 5.2 0.3 38 0.82 0.11
8/24/2018 1.0 14.4 7.6 7.6 11.8 34 0.9 50 3.65 0.11
8/26/2018 53 7.2 1.5 8.2 2.2 1.0 1.9 28 1.07 0.06
9/10/2018 1.5 4.8 1.6 24 4.6 0.4 1.3 22 0.95 0.06
9/20/2018 6.1 4.8 1.1 6.4 4.6 0.8 0.6 15 1.43 0.06
9/26/2018  15.0 7.2 0.8 11.4 2.8 1.2 11.8 17 0.66 0.04
5/2/2019 1.2 12 4.1 4.8 43 0.8 0.8 562 3.47 1.13
6/6/2019 17.7 7.2 1.0 17.2 12.4 1.0 0.8 11 0.82 0.06
6/8/2019 1.4 14.4 4.4 52 1.2 4.0 0.3 99 1.58 0.16
6/27/2019 179 55.2 23 42.0 2.2 2.2 14.0 129 1.95 0.24
7/16/2019 1.3 26.4 7.8 10.4 2.5 2.8 1.1 34 1.29 0.06
8/6/2019 2.6 4.8 1.1 2.8 17.0 1.2 0.3 20 0.77 0.05
8/16/2019 1.8 40.8 5.0 9.2 1.5 6.6 0.3 46 0.63 0.05
9/1/2019 0.3 72 26.4 8.8 1.5 8.8 0.3 187 0.85 0.05
7/23/2018 0.7 153.6 42.0 28.0 13.1 27.4 0.2 457 2.66 0.66
8/24/2018 1.5 19.2 8.1 12.2 11.8 4.2 0.9 202 3.08 0.25
8/26/2018 5.5 4.8 1.6 8.6 23 1.0 0.3 37 1.56 0.35
9/26/2018  15.8 24 0.7 10.6 2.7 0.4 0.1 87 1.34 0.17
AB 10/3/2018 1.8 7.2 3.5 6.4 4.5 2.2 0.3 120 1.78 0.18
5/17/2019  37.8 24 0.4 14.2 7.2 0.4 0.1 108 1.65 0.18
6/20/2019  15.2 7.2 0.8 12.0 1.7 0.4 13.8 51 0.83 0.11
6/23/2019 0.8 19.2 9.1 6.8 2.1 6.4 0.1 207 1.10 0.32
7/16/2019 1.6 24 4.6 7.4 1.7 5.4 0.4 181 1.62 0.22
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9/9/2019  29.6 4.8 0.6 17.0 8.4 0.6 9.9 23 0.98 0.10

9/19/2019 7.0 9.6 2.3 15.8 8.4 1.0 0.6 48 1.06 0.14
6/22/2018 4.2 91.2 11.8 49.4 5.8 12.0 0.8 169 1.99 0.39
6/28/2018 2.5 4.8 2.2 5.6 3.5 1.2 0.3 121 3.17 0.09
7/10/2018 0.3 48 16.20 7.6 7.6 5.4 0.3 345 3.74 0.58
7/23/2018 0.7 153.6 37.3 28.0 9.8 27.4 0.2 326 1.85 0.38
8/24/2018 1.5 19.2 8.4 12.6 22.0 44 0.9 238 3.17 0.46
9/27/2018  14.6 4.8 0.9 12.4 2.8 1.2 0.2 72 1.55 0.04
5/17/2019  34.5 4.8 0.4 13.4 7.1 0.4 7.2 41 1.18 0.11
6/19/2019 1.3 19.2 6.8 9.0 10.4 3.2 0.5 588 2.36 0.58
6/20/2019  15.7 4.8 0.9 13.8 1.7 0.4 13.0 126 0.93 0.22
R 6/23/2019 1.3 7.2 4.20 6.6 2.1 0.4 0.6 313 1.03 0.34
6/27/2019 1.3 38.4 29.92 44.2 3.2 1.6 17.0 593 2.5 0.61
7/3/2019 1.0 16.8 4.8 4.8 1.5 3.2 0.2 158 2.09 0.22
8/6/2019 1.2 48 6.9 8.0 16.7 7.4 0.3 500 2.13 0.43
8/16/2019 1.2 26.4 4.8 5.6 2.8 44 0.2 182 1.16 0.23
8/22/2019 3.3 16.8 23 7.6 6.4 2.8 0.2 92 1.85 0.13
8/31/2019 6.9 9.6 2.8 19.0 6.5 1.8 2.7 44 0.72 0.09
9/9/2019  27.7 4.8 0.6 17.0 8.4 0.6 9.9 28 1.06 0.11
9/19/2019 5.1 9.6 3.0 15.4 8.5 34 0.6 48 0.90 0.14

Note: RD is the rainfall duration, RI-max is the max rainfall intensity, RI-avg is the average rainfall intensity, RT is the total rainfall amount, ADD is the number of

antecedent dry days RT-30 is the initial 30-min total rainfall amount, and T-peak is the time to peak rainfall intensity.
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Appendix B. Boxplots of measured EMCs for TSS, TN and TP

from four catchments.
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Fig. B1. Boxplots of measured EMCs for TSS, TN and TP from four catchments (central bar =

Q,; hinges = Q, and Q3; empty circle = outliers; cross = average).

Appendix C. Results of K-means clustering.
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Fig. Cl1. Variation of the SSE index with the number of clusters.
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Fig. C2. Variation of the silhouette value with the number of clusters.

Appendix D. Examples of rainfall histograms for four rainfall

event types.
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Fig. D1. Examples of rainfall histograms for four rainfall event types: (a) Type I; (b) Type II;
(c)Type II; (d) Type IV

Appendix E. Hydrological and water quality modeling results of

RTB and CS approaches in Cranston catchment.
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Fig. E1. Simulation results during a validation event on 6-28, 2018.
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Fig. E2. Simulation results during a validation event on 6-22, 2018.
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Fig. E3. Simulation results during a validation event on 9-27, 2018.
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Fig. E4. Simulation results during a validation event on 8-24, 2018.
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Fig. ES. Simulation results during a calibration event on 7-3, 2019.
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Fig. E6. Simulation results during a calibration event on 6-27, 2019.
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Fig. E7. Simulation results during a calibration event on 6-20, 2019.
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Fig. E8. Simulation results during a calibration event on 8-6, 2019.
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Appendix F. Hydrological modeling results of LCB and WDT
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Fig. F2. Simulation results during an event on June 23, 2018, for RR catchment.
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Fig. F3. Simulation results during an event on June 27, 2019, for RR catchment.
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Fig. F4. Simulation results during an event on July 6, 2019, for RO catchment.
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