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Abstract
In this research, the applicability of using back-propagation artificial neural networks
(ANNs) to model urban stormwater quality at unmonitored catchments is investigated.
The study used data collected by the United States Geological Survey (USGS) and the
United States Environmental Protection Agency (USEPA) as a part of the Nationwide
Urban Runoff Program (NURP). Two main sets of analyses were undertaken. The first
set focused upon modelling total phosphorus, while the second set analysed a number of
water quality constituents.
Total phosphorus was initially analysed, since it was the most prevalent variable
available in the dataset. Data was logarithmically transformed, and then regression
models were constructed using both event mean concentration (EMC) and event load as
the dependent variable.

It was found that using EMC as the dependent variable

produced the most accurate results.

Therefore EMC was modeled in subsequent

analyses. Regression models were then constructed on the entire dataset, and on a
smaller regional subset defined using mean annual rainfall (MARN). It was found that
the regression model constructed on the smaller subset of data produced the most
accurate models. This was assumed to result from the increased homogeneity of the
smaller subset, and increased number of variables used in the associated regression
model. ANN models were then constructed using both datasets. It was found that ANN
models were only slightly more accurate than the regression models. However, the
ANN models were deemed to be less appropriate, due to their lack of transparency,
increased calibration time, and increased potential to overfit the limited amount of data
available.
The second set of analyses sought to compare a number of different statistical
techniques capable of predicting urban stormwater quality. Additional variables from a
variety of sources were combined with the NURP data, and missing values present in
the NURP dataset were infilled using simplistic statistical techniques. Analyses were
then undertaken upon a total of 14 constituents; ammonia (NH3), cadmium (Cd),
chemical oxygen demand (COD), chloride (Cl), copper (Cu), dissolved phosphorus
(DP), dissolved solids (DS), lead (Pb), nitrogen oxides (NOx), suspended solids (SS),
total Kjeldhal nitrogen (TKN), total nitrogen (TN), total phosphorus (TP), and zinc
xiii

(Zn). Regression models were constructed and compared to site mean concentrations,
mean metropolitan area concentrations, landuse based mean concentrations and
nationwide mean concentrations.
Constant concentration estimates based upon geometric means were generally found to
be more appropriate than arithmetic means. Geometric mean estimates were less likely
to be biased by large potentially outlying EMCs, and generally predicted the lower
EMCs which were correlated with large runoff volumes, leading to accurate predictions
of long term yields. Constant concentration models were then compared with the
regression models. Overall, it was observed that site mean concentration estimates
produced the most accurate results. However, these models were unable to be applied at
unmonitored sites.

Various models capable of predicting EMCs at unmonitored

metropolitan areas were then compared. It was observed that regression models were
more accurate than landuse averages. Surprisingly, landuse averages were less accurate
than a broad scale average of the entire dataset. Models capable of predicting EMCs at
unmonitored catchments were then compared. It was found that the regression models
produced more accurate estimates of EMCs than the mean metropolitan area
concentration models, though both models produced very similar predictions of long
term yields at single sites. However, the mean metropolitan area concentration models
could not be applied at metropolitan areas with limited or no prior sampling.
Furthermore, regression models provided valuable insight into the most significant
processes influencing urban stormwater quality.
ANN models were then constructed to predict five highly sampled constituents;
chemical oxygen demand, lead, suspended solids, total Kjeldhal nitrogen, and total
phosphorus. Inputs used to construct ANN models were obtained from the previous
regression analyses. ANN network parameters were then optimized using a trial and
error approach, and the final ANN models compared to regression models. In general,
the regression models were more accurate than the associated ANN models when
validated upon independent data. In addition, ANN models were significantly more
time consuming to construct and less transparent. Consequently, it was concluded that
ANN models are currently not a viable technique for predicting urban stormwater
quality at unmonitored catchments.
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1 Introduction
1.1 General
The adverse impacts of urbanization on the aquatic environment have been recognized
for a long period of time. Initially, point sources were believed to be the main cause of
urban water quality impairment.

Non-point sources only became recognized as

important contributors of water pollution when stricter point source pollution regulations
became enforced (Stauffer, 1998).
A number of important changes occur to the natural environment as development
proceeds. The increased portion of impervious area in an urban catchment increases the
rate and volume of surface runoff. The altered flow regime, combined with additional
anthropogenic sources, contribute to the degradation of urban surface waters.
High concentrations of heavy metals present in urban runoff can be toxic to aquatic
organisms. In addition, heavy metals may also bioaccumulate along the food chain,
eventually leading to health problems for both wildlife and humans. Furthermore, high
concentrations of nutrients such as phosphorus and nitrogen can lead to eutrophication
in receiving waters. The nightly respiration and eventual decay of the algae can deplete
the oxygen levels in the surface water, leading to the death of many aquatic species.
Recent stormwater legislation has focused upon the key concept of sustainability. This
has led to the development of water sensitive urban design (WSUD). In order to design
appropriate measures to control polluted urban stormwater runoff, the extent of the
problem must be known.

However, stormwater sampling programs are both time

consuming and expensive. Therefore, a need has arisen for the generation of accurate
stormwater quality models capable of predicting pollution levels at unmonitored sites.
These models have enabled the creation of pollutant prevention measures, treatment
techniques and subsequent harvesting of stormwater for reuse.

1.2 Processes
The modelling of diffuse pollution is much more difficult than the quantification of
point source contributions. This is due to the fact that many different space and time
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scales influence the generation and transport of urban runoff pollution (Ahyerre et al.,
1998; Marsalek, 1991).
Two main processes are thought to influence urban stormwater quality. The deposition
of atmospheric contaminants and general accumulation of pollutants on the impervious
surfaces during dry weather periods is represented by the “buildup” process. The
“washoff” process describes the subsequent removal of these accumulated contaminants
during a storm event. However, other processes may also influence stormwater quality
in an urban catchment. A schematic diagram of some of the more important processes
influencing urban stormwater quality is presented in Figure 1.1.

Rainout

Washout

Washoff

Erosion

Sedimentation

Dissolution

Resuspension

Figure 1.1: Key processes influencing urban stormwater quality during a storm event

Two atmospheric processes influence rainwater quality. Small condensation nuclei
present in the atmosphere encourage the formation of raindrops in a process termed
“rainout”. Significant quantities of contaminants, such as nitrogen oxides, may then
“washout” of the atmosphere by the falling rain.
As the rain impacts upon the catchment surface, large amounts of sediment and attached
pollutants may be washed off the impervious surfaces. In addition, particulates and
attached pollutants may be eroded from pervious areas and dissolved constituents
2

absorbed into the runoff.

Furthermore, depending on the size of the catchment,

processes occurring in the drainage system may also have a significant influence on
urban surface water quality. These include both sedimentation and resuspension.

1.3 Stormwater quality modeling
The wide range of interrelated processes influencing urban stormwater quality makes
the task of modelling extremely difficult. The construction of models that accurately
replicate all the processes occurring in reality is virtually impossible.
This has led to the development of semi-empirical, physically based models such as the
buildup-washoff model (Huber, 1992). As the name implies, buildup-washoff models
are comprised of two main parts. The first section of the model attempts to model the
buildup of pollutants on the catchment surface during periods of dry weather. The
second section of the model defines how much of the built up pollutant is washed off the
catchment surface during a given storm event. Although buildup-washoff models are
physically based, they still rely heavily upon at site calibration data for the optimisation
of model parameters. It is possible to apply the buildup-washoff models to unmonitored
sites by selecting values for the calibration parameters from the literature. However,
poor model predictions are generally observed in these situations (Driver and Tasker,
1990).
The high costs associated with the collection and analysis of stormwater quality
sampling data has created a demand for models capable of predicting urban stormwater
quality at unmonitored catchments (Driver and Tasker, 1990; Brezonik and Stadelmann,
2002; Sliva and Williams, 2001). The predictions of water quality obtained by such
models are generally used for preliminary analyses or planning purposes.
Simple estimates of pollutant loads at unmonitored sites are often obtained using mean
or median event mean concentration (EMC) values from prior sampling programs in the
immediate locality or region. The high variability of water quality data observed at site
and between sites has contributed to the limited success of these models. Data may also
be grouped according to the dominant landuse. However, it is often observed that broad
urban landuse categories generally have a low explanatory power (Duncan 1999).
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National and regional data has also been used to develop multiple linear regression
equations

between

water

quality

variables

and

geographic,

climatic

and

landuse/landcover data (Driver and Tasker 1990; Brezonik and Stadelmann 2002). The
accuracy of these models varied depending upon the contaminant and region of the
country modeled.
Artificial neural networks (ANN) are a new empirical approach for this area of research,
potentially capable of modelling urban stormwater quality at unmonitored catchments.
The complexities of the interrelated, nonlinear processes believed to contribute to the
observed variability in stormwater quality are difficult to replicate using traditional
algorithmic approaches. Simple statistical techniques including multiple regression are
constrained to the functional forms anticipated by the modeller, while artificial neural
networks are not. They are a nonlinear, non-algorithmic approach to modeling, inspired
by the brain’s parallel processing ability.

The ability of ANN models to model

nonlinear relationships makes them suitable for modelling natural systems (Maier and
Dandy, 1996). The models have recently been used in many prior water resources
applications (Holmberg et al. 2006; Mazvimavi et al. 2005; Riad et al. 2004; Sarangi
and Bhattacharya 2005; and Tayfur et al. 2005). This suggests they may be able to
accurately predict urban stormwater quality.

1.4 Aims and objectives
The overall aim of the thesis is to assess the applicability of using artificial neural
networks to predict urban stormwater quality at unmonitored catchments. The other key
objectives of the thesis are:
1. to determine the predominant contaminants in urban stormwater runoff and
identify their impacts upon the aquatic environment;
2. to identify the important sources of pollutants in urban catchments;
3. to identify important processes influencing urban stormwater quality;
4. to identify the most important types of explanatory variables influencing urban
stormwater quality;
5. to determine the obstacles associated with urban stormwater quality modeling;
6. to compare various types of models used to predict urban stormwater quality,
highlighting their advantages and disadvantages;
4

7. to determine the most appropriate measure of central tendency to define site
mean concentration;
8. to determine the optimum number of storms required to define site mean
concentrations.

1.5 Scope of the study
A broad scale literature review was undertaken to assist in the achievement of the first 6
objectives listed in the section 1.4. However, the major goal of the study was to assess
the applicability of using ANN in urban stormwater quality modelling.

It was

hypothesised that ANN models, developed using a combination of general geographic
and climatic data, may allow the prediction of water quality at unmonitored urban
catchments. The validity of using ANN models to predict urban stormwater quality at
unmonitored catchments was assessed by comparison with a variety of simpler constant
concentration models and regression models. It was assumed that if ANN models were
not more accurate than simpler models, it would not be deemed applicable in urban
stormwater applications. Significant variables used in the various models were also
used to determine the most important sources of pollutants in urban catchments, along
with the most important processes influencing pollutant generation and transport.
Furthermore, the construction of models allowed the identification of a variety obstacles
associated with urban stormwater quality modelling. Analyses were undertaken to
provide guidelines for calculating site mean concentration; specifically the most
appropriate measure of central tendency and optimum number of storms.
Data from the Nationwide Urban Runoff Program (NURP), collected in the late 1970’s
and early 1980’s by the USGS and USEPA were combined into a single database. The
data consisted of water quality constituent data and associated climatic and geographic
data from various sites located throughout the United States. This dataset was deemed
the largest, most comprehensive homogeneous set of data readily available anywhere in
the world at the current time.
The contaminant total phosphorus was initially analysed, since it was the most
thoroughly sampled constituent in the dataset. Two analyses were undertaken upon
single catchments. The first sought to determine the most appropriate measure of
5

central tendency for defining site mean concentration.

Five measures of central

tendency were analysed; arithmetic mean, median, geometric mean, harmonic mean and
flow-weighted mean. The second analysis sought to determine the optimum number of
storms required to generate a geometric mean estimate of site mean concentration.
A series of analyses were then undertaken using total phosphorus data from multiple
catchments. Outliers were removed, and logarithmic transformations were applied on
both dependent and independent variables.

Stepwise regression models were

constructed using event load or EMC as the dependent variable. Input variables found
significant in the regression models were then used as inputs for the ANN models, and
various network parameters optimized using trial and error.

ANN and regression

models were verified a cross validation analysis, then compared to determine the most
applicable method for predicting TP concentrations in urban stormwater runoff.
Missing data was then infilled using simplistic statistical techniques, and a total of 14
constituents analysed; ammonium (NH3), cadmium (Cd), chemical oxygen demand
(COD), chloride (Cl), copper (Cu), dissolved phosphorus (DP), dissolved solids (DS),
lead (Pb), nitrogen oxides (NOx), suspended solids (SS), total Kjeldhal nitrogen (TKN),
total nitrogen (TN), total phosphorus (TP), and zinc (Zn).

Constant concentration

estimates were constructed on various subsets of data, segregated based upon landuse or
locality. These models were then compared to regression models to determine the most
applicable technique for predicting urban stormwater quality.
Five of the most thoroughly sampled water quality constituents were then used to
construct ANN and regression models. They were chemical oxygen demand (COD),
lead (Pb), suspended solids (SS), total Kjeldhal nitrogen (TKN) and total phosphorus
(TP). ANN inputs were selected using the results from the previous regression analyses.
ANN models were then optimized using trial and error, and compared to regression
models.
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1.6 Stucture of thesis
A schematic diagram showing the research undertaken is presented in Figure 1.2. In this
figure, the scientific papers (P1-P6) generated during the course of the research are
presented along with the main chapter headings.
A review of important urban stormwater contaminants is undertaken in Chapter 2. The
review identifies the most important water quality parameters present in urban surface
waters, and discusses the effects of these pollutants on the aquatic environment.
Chapter 3 summarises the important processes controlling pollutant generation, transport
and transformation within an urban catchment. The various techniques for modelling
surface water quality are reviewed in Chapter 4, along with some of the major obstacles
faced during stormwater quality modelling. In Chapter 5, the most important variables
influencing urban stormwater quality is identified. ANN principles are discussed in
Chapter 6. In addition, the applicability of using ANNs to predict urban stormwater
quality is also discussed in the final section of Chapter 6. The methodology of the
current study is presented in Chapter 7 and the results from these analyses presented in
Chapter 8.

Finally, the general conclusions are presented in Chapter 9, and

recommendations for future research presented in Chapter 10.
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Figure 1.2: A schematic diagram showing the research undertaken
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P1

2 Water quality constituents and processes
2.1 Water quality constituents
Many water quality constituents present in urban surface waters are not necessarily
considered to be pollutants. They are only classified as pollutants when their levels
exceed a certain limit. Wanielista and Yousef (1993) define pollutants as substances
causing undesirable physical, chemical and biological changes in receiving waters. This
includes constituents causing detrimental effects to humans and/or modifications to the
diversity and populations of native species.

The definition of impairment within

receiving waters is dependent upon a number of factors (Athayde et al. 1983). The type
of receiving water can influence the extent of the impairment.

In addition, the

anticipated use of the receiving water also influences the selection of pollution
guidelines.
Pollutants can produce acute or chronic impacts on receiving waters. The temporal
resolution of the impact depends upon the constituent type, type of receiving water body
and various site specific environmental characteristics. Table 2.1 shows the typical
response time of key constituents associated with various types of receiving waters
(Huber 1992). In general, the smaller the receiving water the faster the response time.
In addition, dynamic systems are less likely to display chronic impacts, due to the
increased flushing of pollutants.

Table 2.1: Required temporal detail for receiving water analyses (Huber 1992)
Type of

Key

Response

Receiving Water

Constituents

Time

Lakes, Bays

Nutrients

Weeks-Years

Estuaries

Nutrients, OD*, Bacteria

Days-Weeks

Large Rivers

OD*, Nitrogen

Days

Streams

OD*, Nitrogen, Bacteria

Hours-Days

Ponds

OD*, Nutrients

Hours-Weeks

Beaches

Bacteria

Hours

*OD = oxygen demand
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There are a number of important water quality constituents present in urban stormwater
runoff. The predominant sources and adverse impacts of the major constituents are
presented in Table 2.2.

Table 2.2: Sources and adverse impacts of urban stormwater quality constituents
Constituent
Suspended
solids

Sources
Atmospheric deposition, erosion of
roads, vehicular wear, construction
activities, vegetation, soil erosion,
various combustion processes,
sewerage effluent.

Dissolved
solids

Atmospheric scavenging, lawn and
garden chemicals, de-icing
compounds, salt spray, detergents,
animal wastes, lubricants, landfill
leachate, fertilisers, corrosion of
building materials, sewerage effluent.
Sewerage (treated and untreated),
fertilisers, atmospheric deposition,
atmospheric scavenging, fossil fuel
combustion, animal wastes, soils,
lightning, decaying vegetation,
windblown pollen spores, industrial
wastewater, landfill leachate.
Fertilisers, sewerage (treated and
untreated), animal wastes,
detergents, lubricants, vegetation,
atmospheric deposition, industrial
wastes.
Eroded soils, industrial activities (e.g.
casting and siding manufacturing),
coal combustion.
Combustion of fossil fuels, corrosion
of galvanised metal (e.g. pipes),
industrial emissions (e.g.
electroplating), vehicular wear (brake
pads and tyres), lubricating oil,
sewerage sludge (esp. use in
agriculture), pesticides and fertilisers,
discarded batteries, plastic stabilisers,
paints, pigments.
Waste incineration, industrial
emissions (e.g. electroplating), septic
systems, laundry detergent, bleaches,
paint pigment, fertiliser.
Corroding construction materials (e.g.
roofs, pipes, gutters, flashings), wear
of brake linings and tyres, engine part
wear, burning of lubricating oils,

Nitrogen

Phosphorus

Aluminium

Cadmium

Chromium

Copper
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Adverse impacts
Obstruction of pipes and
channels, water treatment plant
blockages, reduction of
chlorination efficiency at water
treatment plants, decrease in the
light penetration reducing the
growth of aquatic plants,
decrease in the survival rate of
fish species, habitat smothering,
reduction in spawning locations,
major transport medium for toxic
pollutants.
Increase in salinity levels beyond
limits acceptable for freshwater
organisms, adverse effect on both
drinking and irrigation water.

Eutrophication subsequently
causing the loss of biodiversity in
the aquatic ecosystem, adverse
reactions upon young mammals,
fish mortality.

Eutrophication subsequently
causing the loss of biodiversity in
the aquatic ecosystem.

Increase the prevalence of
Alziehmers.
Bioaccumulation in aquatic plants
and animals sometimes causing
mortality, causes osteoporosis,
renal dysfunction or chronic
kidney and liver disease in
humans.

Can cause lung, liver and kidney
damage to aquatic organisms and
humans.
Toxic to aquatic plants and
animals, excessive exposure to
humans can cause liver and
kidney damage.

Constituent

Iron

Sources
industrial and metallurgical emissions,
sewerage treatment plant wastes,
atmospheric deposition, pesticides,
fungicides, fertilisers, paint pigments,
reagent used in water supplies to
control algae.
Waste from industrial sites,
groundwater, leaching of cast iron
pipes.

Lead

Emissions from vehicles using leaded
fuels, tyre wear, atmospheric
deposition, industrial emissions,
building materials (e.g. pipes,
soldering, plastic rain gutters),
batteries, paint.

Mercury

Sewage, fungicides, electrical
equipment, amalgams, mirror
coatings.

Zinc

Vehicular wear (tyres and brake
pads), lubricating oil, corrosion of
building materials (e.g. roofs),
corrosion of metal objects (e.g.
galvanised steel, brass), atmospheric
deposition.
Sewage effluent, animal wastes.

Microorganisms
(pathogens,
coliforms)
pH

Atmospheric washout of carbon
dioxide, sulphur and nitrogen.

Biochemical
oxgen demand
(BOD),
chemical
oxygen
demand (COD)
Organic
chemical
contaminants
(e.g. PCBs,
PAHs,
pesticides, etc.)

Vegetation, animal wastes, sewerage.

Combustion of organic material (e.g.
coal, gasoline, refuse), discharges
from manufacturing industries,
landfills, animal and human wastes,
pesticides, solvents, dyes, lubricants,
aerosols, hydraulic fluids, old
transformer fluids, wood products,
fire-retardant chemicals, fumigants,
atmospheric washout.
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Adverse impacts

The formation of hydroxide flocs
in the presence of dissolved
oxygen can cause the smothering
of aquatic habitats, adversely
effect the taste of water and stain
clothes.
Toxic effect on humans (e.g. brain
damage, nerve damage, kidney
damage, blood disorders, renal
impairment, anaemia,
hypertension), bioaccumulation in
benthic bacteria, plants,
invertebrates and fish
subsequently adversely affecting
both the growth and reproduction
of the organism.
Toxic effect on humans and other
organisms (e.g. birth defects,
brain damage, nerve damage,
kidney damage, skin rash).
Adverse affect on the morphology
and physiology of fish, adverse
impact on aquatic plants and
invertebrates.

Pathogens cause diseases in
humans (e.g. gastroenteritis,
typhoid fever, cholera, salmonella
infection, dysentery)
Adverse effect on aquatic
organisms, exacerbation of heavy
metal leaching.
Reduction in dissolved oxygen
(DO) to levels which can no
longer sustain aquatic life.

Toxicity resulting in the mortality
of aquatic organisms, adverse
impact on humans (e.g.
reproductive damage,
mutagenicity, endocrine
disruption, carcinogenicity).

2.2 Water quality processes
Urban stormwater quality is governed by a number of interrelated processes. They
include a number of other meteorological and hydrologic processes. Four of the more
important meteorological processes include precipitation, dry deposition, rainout and
washout. Significant hydrologic processes include a number of physical, chemical,
biological processes. In particular, important physical processes include rainfall-runoff,
erosion, washoff, dissolution, disintegration, leaching, sedimentation and resuspension.

2.2.1

Meteorological

There are two main categories of meteorological processes influencing urban
stormwater quality. Those that occur in dry weather periods, and those that occur during
a storm event. The most significant process affecting urban stormwater quality in dry
periods is atmospheric deposition, while the most significant process occurring in wet
periods is precipitation.

Two main processes influence water quality during

precipitation events. Rainout refers to the condensation of water vapour onto particles
in the air to form precipitation, while washout refers to the cleansing of the atmosphere
below cloud formations by falling rain.

2.2.1.1 Precipitation

Precipitation is the process by which water is deposited from the atmosphere to the
ground surface. Types of precipitation include rainfall, hail, snowfall and sleet (Chow et
al., 1988).

Precipitation arises from the condensation of water vapour onto small

particles in the atmosphere. The condensation is promoted when clouds rise and cool in
the atmosphere. The rising is caused by three main phenomena. The precipitation
resulting from these three phenomena are defined as oragraphic precipitation, frontal
precipitation and convective precipitation.
Oragraphic precipitation occurs when clouds are forced to rise over mountainous
regions. In general, oragraphic storms produce more snowfall than the other storm types
(Ward and Elliot 1995).
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Frontal precipitation occurs when a mass of warm air rises on meeting a mass of cool
air, at a location called a front. Frontal precipitation events often result in long duration
drizzles occurring over large areas (Ward and Elliot 1995).
Convective precipitation is typically caused by the warming and associated rising of air
due to solar energy. The resultant thunderstorms typically occur late in the day during
the warmer seasons, especially within humid areas (Ward and Elliot 1995). Convective
storms generally have high rainfall intensities and relatively short durations compared to
the other two main storm types. In addition, the intensity of rainfall in convective
storms varies over a relatively small area. Rainfall intensities at the centre of convective
storms are generally much greater than the intensities at the outer fringes.
The shape of the cloud may also have a bearing on the type of rain. In particular, cloud
height can influence the intensity of rain. Thick cumulus clouds generally have much
greater rainfall intensities than thinner stratus clouds (Wayne 1985). This is due to the
fact that droplets falling from a greater height can grow in size via continued
condensation or agglomeration. In general, cumulus clouds produce convective storms,
while stratus formations are associated with frontal activity.
The physical characteristics of the precipitation influence stormwater quality.

For

example, the rainfall intensity influences the erosive power of both the rainfall and
runoff. Furthermore, the volume of the rainfall influences the amount of dilution. The
effects of these characteristics are explained in more detail in the “Explanatory
variables” chapter 5.

2.2.1.2 Dry deposition

Atmospheric particulates are generated from many sources in the air and on the ground.
They generally enter the atmosphere by combustion or via wind suspension. Dry
deposition is the process describing the settling of these airborne particulates in dry
weather periods.
The deposition of particles occurs as a result of a number of fundamental processes.
They include gravitational settling, Brownian movement and inertial impaction. Beckett
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et al. (2000) suggested that the dominant dry deposition process depends upon the size
of the particulates. The three types of dry deposition processes and the size of the
particle they influence are presented in Table 2.3.

Table 2.3: Dry deposition processes and size of the particles they influence (Beckett et
al. 2000)
Dry deposition

Range of particle sizes

Gravitational settling

>8.0m

Interception or impaction

0.1-10m

Brownian motion

<0.1m

Once the atmospheric particles are deposited on the catchment surface, they are
available to be washed into the surface waters during subsequent storm events.
Alternatively, they may become resupsended into the atmosphere by wind activity and
transported elsewhere.

2.2.1.3 Wet deposition

The two main processes affecting rainwater quality are rainout and washout. These
processes are depicted in Figure 2.1.

Rainout refers to the initial scavenging of

pollutants during the generation and growth of cloud droplets. At cool temperatures,
water condenses on small atmospheric particles known as condensation nuclei. Once
the raindrops reach a certain size, they begin to fall due to gravity. As raindrops fall
through the atmosphere, they scavenge additional gaseous and particulate contaminants
in a process known as washout.
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Figure 2.1: Rainout and washout processes

The scavenging of particles from the atmosphere is not generally constant over the
storm event. Hendry and Brezonik (1980) cited in Burian et al. (2001) stated that after
the initial “washout” of atmospheric ions, rainwater concentrations decreased, since
raindrops were passing through a relatively cleaner atmosphere. Randall et al. (1982)
went ever further and hypothesised that the washout of atmospheric contaminants only
occurred early in rain events; therefore atmospheric loading was implied to be
independent of magnitude or intensity of rainfall. However, this hypothesis might be
too broad, not taking into account very small storm events or ignoring subtle differences
in event loads for larger events.

2.2.2

Hydrological

There are a number of other important hydrological processes affecting the movement of
pollutants in an urban environment.

They can be broadly classified into 3 main

categories:
1. physical;
2. chemical;
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3. biological.

2.2.2.1 Physical

There are a number of hydrological processes that may be lumped under the general
“physical” processes category. These physical processes influence the movement of
water and its associated pollutants in an urban catchment. The main physical process
directly influencing the motion of the fluid is the rainfall-runoff process. There are a
number of other processes that are considered to be more closely linked to the motion of
pollutants. They include:


erosion;



dissolution;



disintegration;



washoff;



leaching;



sedimentation and resuspension.

Despite the fact that the aforementioned processes define the movement of pollutants,
they are still driven by fluid motion.
Rainfall-runoff
The rainfall-runoff process is important in terms of water quality, since runoff is the
transport medium responsible for carrying pollutants to receiving waters during storm
events.

The quantity of runoff produced depends on a number of sub processes

including:


infiltration;



depression storage;



interception;



transpiration;



evaporation (Tokar and Markus 2000).

Erosion
Erosion is the process defining the removal of pollutants from the catchment surface.
The process typically refers to the water induced removal of soil from pervious surfaces.
Ward and Elliot (1995) stated that only a small portion of the total eroded sediment ends
16

up in receiving waters. The majority becomes deposited on the ground surface soon
after erosion occurs. However, despite this fact, Athayde et al. (1983) stated that land
surface erosion was the major source of stream sediment in urban catchments
throughout the United States.
Rainfall is a dominant climatic factor influencing soil erosion. Higher rainfall rates have
increased erosive power (Huber 1992). The larger raindrops, which may also be falling
from greater heights in convective storms, tend to cause increased rain splash erosion.
The increased rainfall intensity also increases the runoff rate, leading to additional
erosion by the overland flow.
The quantity of rainfall occurring before and during a storm event influences soil
moisture levels. Fully saturated soils do not allow further infiltration, which increases
the quantity and erosive power of the runoff. Saturation of soils also decreases the
structural strength of the soil matrix, which further increases the potential for erosion.
Stream channel erosion encompasses the hydrological actions by which soil is removed
from the stream banks or channel. Stream bank erosion is caused by the passage of
overland flow over the edge of the bank.

It is generally increased by vegetation

removal, overgrazing and land ploughing too close to the banks.
Stream scour erosion is generally a more serious problem than stream bank erosion. It is
determined by the texture of the soil, cross section of the channel and the velocity of the
flow.

The artificial straightening of channels tends to increase scour erosion, by

increasing the velocity of the flow.

The larger particles suspended by the higher

velocity flows may then further exacerbate streambed scour problems (Stauffer 1998).
Stream channel erosion may significantly contribute to elevated sediment concentrations
in urban receiving waters. Corbett et al. (1997) noted that the peak flow rates in
waterways were an order of magnitude greater than the rates over land surfaces. The
authors inferred that the greater flowrates in stream channels lead to the increased
contributions of sediment by these regions. Through the use of field samples and
simulation results, Corbett et al. (1997) showed that the stream channels contributed the
majority of suspended sediment during large storm events.
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For this situation to occur over a long period of time, it is inferred that the majority of
sediment eroded in stream channels was constantly accumulating in the channel between
the large storm events analysed in the study. The sediment could be deposited during
small storm events with lower velocity flows, or during dry weather flows. However,
dry weather flows typically have very low concentrations of sediment, inferring that
small storm events are the most significant contributors of sediment deposition in
streams.
Dissolution and disintegration
Dissolution is a process whereby water dissolves particulates to form ions.

The

dissolution of natural particulate matter such as soil and rock usually takes a long period
of time (Ward and Elliot 1995).

However, natural dissolution processes have a

significant influence upon the ionic composition of surface waters.
In addition to dissolution, stormwater may also disintegrate particles on the catchment
surface (Vaze and Chiew 2002). The breakdown of large particles into smaller ones
may promote the suspension of pollutants via overland flow as the storm progresses. In
addition, the breakdown may increase the rate of dissolution, by increasing the portion
of particles directly in contact with stormwater.
Washoff
The term washoff encompasses the multitude of contaminant removal processes via
runoff from impervious surfaces.

As runoff passes over the accumulated layer of

pollutants on the impervious surface, they detach via fundamental processes such as
erosion, disintegration, dissolution and desorption.
The main phenomena affecting the “washoff” of contaminants from impervious surfaces
are depicted in Figure 2.2. In the early stages of the storm event, rainfall impaction
dislodges particles bound to the impervious surface. As the storm event continues, the
shear stress associated with the overland flow removes additional particles. It is likely
that the effect of raindrop erosion also decreases as the storm continues. The presence
of a thin layer of water on the catchment surface possibly shields the attached particles
from the erosive power of the raindrops. However, raindrops may still encourage
particle resuspension, via the creation of localised turbulence.
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Figure 2.2: Phenomena affecting pollutant washoff from impervious surfaces

An experimental study of pollutant washoff from small impervious plots was carried out
by Vaze and Chiew (2003a). Small sections of pavement near the central business
district of Melbourne were sectioned off and synthesised rainfall applied to study the
relative effects of rainfall and runoff on pollutant removal. This was achieved by
studying two adjacent sections simultaneously.
One section had the synthesised rainfall directly impacting the impervious surface, while
the other used 3 successive insect screens to decrease the gravitational force of rainfall
impaction. The results from the experiments indicated that rain splash erosion was only
significant in the early part of the storm event, and sequentially decreased as rainfall
continued.
Vaze and Chiew (2003a) also carried out experiments on impervious surfaces in the
laboratory, under similar conditions to those in the field. The sizes of the raindrops
generated by the sprinkler systems were comparable to actual rainfall, as was the
intensity. The results from the laboratory experiments were comparable to the results
from the field experiments.
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Leaching
Leaching refers to the process by which dissolved contaminants percolate through a
porous soil medium. In many situations, the leaching process is influenced by gravity,
such that the water and the associated dissolved contaminants pass downward through
the soil medium to eventually accumulate in groundwater aquifers. However, dissolved
contaminants present near the soil surface may also diffuse into the overland flow,
particularly after soil saturation has occurred (Wallach et al. 2001).
Sedimentation and resuspension
Many particulate pollutants may be removed from the water column via sedimentation,
particularly during low flow conditions.

Kuo et al. (1993) proposed that the

sedimentation of suspended particulates was a function of particulate settling velocity,
channel velocity and the length and depth of the channel. The subsequent erosion of
these deposited particulates is referred to as resuspension.

2.2.2.2 Chemical

Zoppou (2001) defined chemical processes as those involving the reaction between at
least two compounds to form at least one new compound. There are a number of
different chemical reactions that affect the concentration of pollutants in surface waters.
Important chemical reactions include the acid induced dissolution of metal contaminants
previously bound to sediments, a wide range of oxidation-reduction reactions, ion
exhange reactions, photolysis reactions and volatilization reactions (Field and Sullivan
2003).

2.2.2.3 Biological

The significant biological processes occurring in a water body are often associated with
the aquatic plant life. These processes may result in the removal of nutrients from
solution via direct uptake. Studies conducted by Karr and Schlosser (1978), Schlosser
and Karr (1981), and Peterjohn and Correl (1984) cited in Basnyat et al. (2000) all
inferred that the amount of nitrogen entering streams from upland areas could be
significantly regulated by the presence of riparian forests. Basnyat et al. (2000) stated
that riparian forests not only absorb nutrients, they also change the oxic-anoxic zones,
thereby encouraging denitrification.
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An adverse plant based biological process is eutrophication; the rapid growth of algal
species in response to large nutrient loads within receiving waters. The nightly algal
respiration significantly reduces dissolved oxygen concentrations, resulting in mortality
of aquatic organisms such as fish (Thomann and Mueller 1987, Scholz 2006). When the
level of the limiting nutrients is used up, the algae die off. The decay processes
involved in the conversion of dead algae back to their basic constituents further depletes
the level of oxygen in the water, resulting in the mortality of additional aquatic
organisms. Depletion of dissolved oxygen in the water also creates anoxic conditions,
which can affect the binding of potentially toxic contaminants adhered to bed sediments.
The released sediment toxins, combined with additional algal toxins, can further
contribute to the death of aquatic life. As a result, the diversity of aquatic life may be
reduced, thereby affecting the balance of the ecosystem.
Algal blooms also affect the anthropogenic uses of surface waters. They are unsightly
and the malodorous effect produced by the algal die-off reduces the recreational benefit
of surface waters. In addition, excessive quantities of algae have also been known to
affect the efficiency of water treatment facilities.
The extent of eutrophication is dependent upon the nitrogen to phosphorus ratio.
Phosphorus typically is the limiting nutrient in large rivers and lakes receiving
significant diffuse inputs, or in small streams and lakes not affected by point source
inputs (such as sewerage treatment facilities). The ability of certain types of algae (e.g.
noxious blue-green algae) to fix atmospheric nitrogen in freshwaters systems, may also
result in phosphorus being the limiting nutrient in freshwater environments.
The forms of nitrogen and phosphorus are also important in determining the extent of
eutrophication. Soluble compounds tend to be more bioavailable, leading to increased
eutrophication potential. Thomann and Mueller (1987) observed that dissolved reactive
phosphorus was more bioavailable than other forms of dissolved phosphorus. They also
observed that inorganic forms of nitrogen (ammonia, nitrate and nitrite) were more
bioavailable than organic forms of nitrogen. This was further reinforced by Valiela and
Bowen (2002), who observed that estuaries receiving mainly dissolved organic nitrogen
were less eutrophic than those receiving mainly nitrate.

21

There are a number of other important factors affecting the eutrophication process.
Solar radiation influences photosynthesis, which affects the growth rate of the algae.
Temperature also affects the rate at which nutrients (particularly phosphorus) are
released from particulates into more bioavailable dissolved forms (Hall 1984). The
presence of other aquatic vegetation can also limit the quantity of nutrients uptaken by
algae, and reduce the magnitude of the blooms.
The type of the water body influences the magnitude of the algal bloom. In lakes, the
geometry of the water body is a significant factor (Athayde et al. 1983). The most
important consideration is the ratio between the surface area of the water body and the
drainage area of the catchment. This ratio has a significant influence upon the residence
time of the water body. Other geometric considerations include the depth (which can
determine volume) and various morphological characteristics. The combination of these
factors makes it difficult to specify universal exceedence concentrations of nutrient
levels that cause eutrophication.
Another important set of biological processes are the microbial decomposition of COD,
BOD, synthetic organics and petroleum hydrocarbons (Field and Sullivan 2003).

2.3 Summary
There are a large number of water quality constituents contributing to urban runoff
pollution. These include solids, nutrients, heavy metals, microorganisms, pH, COD,
BOD and various organic chemical contaminants. Sources and impacts of pollution
within urban catchments typically vary depending upon the constituent type.
Suspended solids are derived from various erosion processes, combustion, atmospheric
deposition, vehicular wear, vegetation and sewerage. High concentrations of suspended
solids in urban runoff can cause anthropogenic and ecological impacts. For example,
high solids loads may obstruct channels and pipes, block water treatment plant filters,
decrease chlorination efficiency at water treatment plants and generally reduce the
aesthetic value of receiving waters. Furthermore, high concentrations of solids may
decrease the growth of aquatic plants, smother habitats and even clog fish gills. It
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should also be noted that many toxic substances are often adsorbed to fine sediments,
making suspended solids important in terms of modelling.
There are two main types of nutrients present in urban stormwater; nitrogen and
phosphorus. Important sources of nutrients include fertilisers, animal wastes, sewerage,
vegetation, atmospheric deposition, industrial wastes, soils, combustion, lightning,
pollen, detergents and lubricants. The main problem associated with elevated nutrient
concentrations is eutrophication.
There are a number of important heavy metals present in urban stormwater; aluminium,
cadmium, chromium, copper, iron, lead, mercury and zinc. Important sources of heavy
metals include combustion, atmospheric deposition, building material corrosion,
industrial wastes, vehicular wear, pesticides and fertilisers, sewage, and paint. High
concentrations of heavy metals may result in the mortality of aquatic organisms and/or
adversely influence the health of human beings. These effects are typically exacerbated
once heavy metals are bioaccumulated along the food chain after they are uptaken by
organisms.
Pathogenic microbes present in urban stormwater may cause a number of illnesses in
humans. The detection of pathegens is generally enabled through the monitoring of
coliforms.
Acidity may directly influence aquatic life. Alternatively, rainfall and runoff with very
high levels of acidity may increase the corrosion of metals, leading to higher
concentrations of dissolved metals. These dissolved metals can be toxic to aquatic life.
Dissolved oxygen is essential to aquatic life. The reduction of organic matter in surface
waters may decrease levels of dissolved oxygen to levels no longer able to sustain
aquatic life.

The amount of organic material available in water for oxidation is

represented using measures known as BOD and COD.
Various organic contaminants are present in urban stormwater runoff. They may be
acutely toxic to aquatic life or produce chronic problems such as mutagenicity,
carcinogenicity, endocrine disruption and reproductive damage. They may be derived
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from a variety of sources including pesticides, combustion activities and effluents from
various manufacturing industries.
There is a wide range of interrelated processes directly or indirectly affecting urban
storm water quality. They can be separated into two main categories; meteorological
and hydrological.
There are three main types of meteorological processes influencing urban stormwater
quality.

Dry deposition refers to the gravitational settling of pollutants previously

suspended into the atmosphere via wind activity or combustion. Precipitation defines
the transport of water from the atmosphere to the surface of the ground, and wet
deposition involves the scavenging of pollutants from the atmosphere via rainout and
washout processes.
A number of hydrological processes also influence constituent loads entering receiving
waters.

The rainfall-runoff process is important, since runoff is the key transport

medium of pollutants.

Sub-processes such as infiltration, depression storage,

interception, transpiration and evaporation can reduce the quantity of rainfall that
becomes runoff, thereby affecting the pollutant load. Important hydrological process
influencing stormwater quality include erosion, dissolution, disintegration, washoff,
leaching, sedimentation and resuspension.
Finally, constituent levels may also be influenced by a number of different chemical and
biological processes. Chemical processes include the acid caused dissolution of metallic
compounds from sediment, various oxidation-reduction processes, ion exhange
reactions, photolysis reactions and volatilization reactions. An important biological
process is the uptake of nutrients by aquatic plants. This process can be either beneficial
in wetlands, or adverse in the case of eutrophication.
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3 Water quality modelling
3.1 Introduction
Accurate modelling of urban storm water quality is an extremely difficult task when
considering the wide range of interrelated processes within urban stormwater systems.
Site to site differences between urban hydrological systems makes the task of
developing a ‘universal’ model virtually impossible. Also, in order to construct a model
explaining all relevant phenomena within an urban hydrological system, an
unrealistically large amount of data would have to be collected at the catchment under
study. The collection of such data would be both costly and time consuming.
The data could also be subject to potentially large sampling errors, rendering it useless
with respect to the variability that it aims to define. Therefore, models replicating all
pertinent processes in an urban environment are never used in practice. This has created
the need for parsimonious models that attempt to simplistically represent the most
significant processes affecting urban stormwater quality, using the minimal amount of
available data.
Models can be classified into two groups. The first group of models relies upon ‘at-site’
water quality sampling data for calibration, whereas the second group uses ‘betweensite’ water quality sampling data. There can be overlap between the groups, since the
certain types of urban stormwater quality models can be constructed with or without atsite water quality sampling data.
The first group of ‘at-site’ models is comprised of a number of different process-based
and statistical models. All of the process-based models in this category are semiempirical, in that they generally rely upon at-site water quality data for the calibration of
model coefficients.
The most commonly used process-based model is termed the buildup-washoff model.
This model simplifies urban water quality phenonema into two simplistic processes.
The first process describes the buildup of pollutants during dry weather periods, while
the second describes the washoff of the accumulated pollutants during a storm event.
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However, there is the potential that these simplistic processes do not effectively describe
all the important processes affecting urban stormwater quality.
Also, the large amounts of costly water quality sampling data required for the calibration
of such models has created the demand for models more capable of predicting urban
stormwater quality at ‘unmonitored’ sites.

Models that estimate urban stormwater

quality at unmonitored sites are often little more than crude estimates based upon
simplistic statistical analysis of the limited amount of available data. The inherent
inaccuracies of the models are perceived to be unavoidable and therefore accepted,
especially if they are extrapolated. Therefore, the models are generally only used for
preliminary ‘planning level estimates’ of constituent loads.

These ‘between-site’

models range in complexity from simple constant concentration models to multivariate
statistical models.
Constant concentration models calculate a single estimate of constituent concentration
for a range of sites. The selection of sites used to generate the constant concentration
estimate can range from a small group of homogeneous sites, to broad scale estimates
based upon all available data.
One main problem associated with using small homogeneous subsets to generate an
estimate of constant concentration is the limited domain of application. Small subsets
may produce non-representative estimates of constant concentration, leading to poor
extrapolation or interpolation upon future catchments. When a homogeneous set of
catchments cannot be identified, all the available data can be used to generate a single
estimate of constant concentration. This estimate can be subject to large variability,
making it necessary to quote an associated confidence interval.
Multivariate statistical models are applied when more than one variable is shown to
influence urban stormwater quality.

Unlike constant concentration techniques,

multivariate statistical models can incorporate data from a set of “heterogeneous”
catchments, unable to be segregated into homogeneous subsets. This maximizes the
amount of available data used in model construction, thereby increasing the potential to
extrapolate at unmonitored sites.
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Multivariate statistical models may be constructed using a combination of broad scale
climatic, geographic, catchment and storm variables. Information extracted from the
constructed models may then be used to form hypothesises regarding significant
processes influencing urban storm water quality. Such information may be used to
improve state of the art, at-site, process-based models.
Multiple regression models are the main type of multivariate statistical model that have
been used in prior urban stormwater quality applications.

The main limitation

associated with regression models is that they assume a particular functional form prior
to calibration. In contrast, artificial neural network (ANN) models do not require prior
specification of the functional form. This makes ANN models a useful approach for
modelling urban stormwater quality.

3.2 Model objectives
There are a number of different objectives associated with the modeling of urban
stormwater quality. In general, objectives may be classified as management or research
orientated, despite the fact that there may be overlap between the two categories.
Prior to urban development, preliminary estimates of post development loads are often
necessary, to identify whether or not urban stormwater pollution will be an issue. If so,
these preliminary estimates may be used to plan for the implementation of best
management practices.
After development, sampling may be undertaken to derive more accurate estimates of
stormwater quality, sometimes with the aid of urban stormwater quality models. Such
estimates may then be used to define more specific design criteria associated with the
best management processes to be implemented. For example, the optimal sizing of
stormwater detention basins may require accurate flow and water quality information
throughout the duration of the storm.
Research orientated objectives are somewhat different than management orientated
objectives. In general, greater emphasis is placed upon understanding the system rather
than coming up with cost efficient estimates. However, the information extracted by the
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researcher may eventually be used by managers to better estimate urban stormwater
quality.

3.3 Data limitations
The accuracy of water quality models depends upon the accuracy of the variables used
to construct them. If the errors associated with the measurement of the dependent
variable are of a similar magnitude to its variability, it may be impossible to identify
important relationships, particularly when analysing a small dataset.
It is widely known that water quality sampling data is both costly and time consuming to
obtain (Driver and Tasker, 1990; Brezonik and Stadelmann, 2002; Sliva and Williams,
2001). This infers the need for the acquisition of cheaper independent variables used to
construct models capable of predicting urban stormwater quality. The accuracy of the
independent variables can also influence the accuracy of the final model predictions.
Therefore, it is important to consider potential limitations associated with the data
acquisition, prior to model construction.

3.3.1

Costs

The large cost associated with stormwater quality sampling programs inhibits the
attainment of large datasets.

However, large datasets are often required before

techniques defining at and between site variations in urban stormwater quality can be
derived.
Hren et al. (1990) stated that $40 billion dollars have been spent on water quality
sampling in the United States since the initiation of the Clean Water Act in 1972.
Approximately $60 to $70 billion dollars are required to meet the goals of the Act that
was reauthorized in 1987. Although urban stormwater sampling makes up a fraction of
the total water quality sampling programs, the aforementioned figures still provide an
indication of the magnitude of costs associated with urban stormwater monitoring.
An example of the costs associated with a stormwater sampling program analysing 7
target analytes (turbidity, total suspended solids, faecal coliforms, total nitrogen,
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ammonia nitrogen, filterable phosphorus, non filterable phosphorus) is outlined in Table
3.1 (Pryce 2003). The data was supplied by AGAL and Ecotech Pty Ltd in 2003.

Table 3.1: Estimates of the various costs associated with a stormwater sampling
program in Australian dollars (Pryce 2003)
Requirement

Approximate Cost

2 x 900 MAX automatic samplers

$12 462

2 x PS700 pressure transducers

$ 620

2 x Cable for PS100, 3m length

$ 80

2 x #737 two spare sets of 24 1 L sample bottles

$ 324

2 x #8976 Standard Insulated Base

$ 926 (allows ice for sample
preservation)

1 x #M-ECO-1000 Ecotech RainMaster

$ 888

Rain Gauge
2 x #P-ECO-MICRO10003-O

$ 2 200

Solar Panel, 30 W, mounting bracket and regulator
2 x #600 Local Gel Battery

$ 140

Expanded memory (512 kB)

$246

Insight Software ver 5.0

$581

Cost of analysis (AGAL)

$33 403

Weir

Approximately $1000

2 x ‘shed’ to house auto-sampler

Approximately $1500

Spare batteries plus charger

$300

Material cost

$2 000

Courier cost (both directions)

$5 000

Transport cost

$1 000

Publication cost

$2 000

Uni. Overheads

$15 000

TOTAL

$79 670

The largest cost in the sampling program was associated with the laboratory analysis.
However, it should be noted that this amount would vary depending upon the study.
This is due to the fact that laboratory analysis costs vary depending upon the type and
quantity of water quality constituents. It is also influenced by the number of samples
taken during a storm event.
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3.3.2

Site selection methods

The selection of sites for water quality sampling depends upon the goals of the study. In
many situations, sites are selected for water quality sampling programs based upon a
perceived pollution problem in the area.

This may eventually lead to a biased

representation of the overall characteristics associated with water quality in typical
urban catchments.
Random sampling, on the other hand, has less bias (Marsalek 1991). However, even
after ensuring “random” site sampling, the monitoring of storm events at a single site
can still exhibit a bias towards the sampling of the larger storm events (Athayde et al.
1983). This infers the need for rigorous sampling at some sites to determine the extent
of storm bias on water quality.

Ahyerre et al. (1998) also suggested that a few

experimental watersheds should be sampled at multiple points to potentially gain greater
insight into urban stormwater quality processes.

3.3.3

Errors, uncertainty and variability

Errors associated with constituent measurement can arise from limitations associated
with the sampling techniques.

One limitation in sampling is associated with the

variability in water quality. Water quality can vary both spatially and temporally. This
is also true of other important parameters influencing water quality, including rainfall
and flow.
The method used to calculate event mean concentration or total storm load at a
catchment can also affect the accuracy of these estimates. In particular, the choice of
the starting and end time of a storm can significantly affect the estimate of total storm
load.
A number of other factors can lead to further errors in the measurement of water quality
variables. These include the type of sampling equipment, sampling method, sample
type, sample handling, preservation practices and the type of laboratory analysis.
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3.3.3.1 Rainfall

Rainfall varies both spatially and temporally at a catchment. Temporal variations in
rainfall occur during a storm event, between storm events, and also between years. For
example, Ward and Elliot (1995) stated that yearly rainfall records spanning over a
decade approximately varied between 500 and 1000mm, at the Priest River Experiment
Forest in Idaho.
The size, topography and location of a catchment can affect the spatial distribution of
rainfall. For example, Chandler (1994) observed considerable variation in mean annual
rainfall between the upper and lower regions of a 1,787 km2 catchment in the Santa
Clara Valley. Mean annual rainfall on the floor of the valley ranged between 254 and
381 mm, while average rainfall at the upper regions reached as much as 1270 mm. In
the context of urban stormwater quality modelling, this is considered to be a extremely
large catchment. However, rainfall depth can vary over much smaller areas. For
example, O’Loughlin et al. (1996) stated that rainfall depth could vary over catchments
smaller than one square kilometer.
The number of rain gauges required to adequately model a catchment generally
increases with increasing drainage area. However, smaller catchments typically require
a greater density of rain gauges to reduce statistical errors. Climatic factors can also
affect the required density of rain gauges. Generally, the type and size of storm strongly
influences the optimum density of rain gauges. Regions that experience many smallarea convective thunderstorms tend to require a greater density of rain gauges than
flatter regions subject to predominantly frontal storms.

More rugged regions

experiencing orographic precipitation events also tend to require a greater density of rain
gauges than flatter regions. However, the distribution of rain gauges over a catchment
should usually be uniform (Ward and Elliot 1995).
Rainfall measurement errors also result from limitations with the rain gauges. Durrans
et al. (2004) and Ward and Elliot (1995) stated that most common rain gauges have
inaccuracies approximately equal to 2.5 mm. On the other hand, Bertrand-Kirajewski
(1991) cited in Ahyerre et al. (1998) stated that measurement errors associated with rain
intensity were approximately equal to 20%. Climatic characteristics may also influence
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rainfall measurements. For example, Ward and Elliot (1995) stated that strong winds
may decrease the accuracy of most common rain gauges.

3.3.3.2 Flow

Maksimovic et al. (1986) cited in Ahyerre et al. (1998) stated that typical errors
associated with the measurement of flow ranged between 5% and 25%, depending on
the measuring method used. Flow data is significantly more expensive to collect than
rainfall data. Therefore in many situations, flow is simulated using rainfall data.

3.3.3.3 Water quality parameters

Errors associated with constituent sampling arise from a number of sources. Problems
associated with the representativeness of the sample arise from the choice of sampling
location, sampling time, sampling equipment, sampling method, sample type, and type
of laboratory analysis. If the constituent is not analysed at the site, conservation errors
associated with the transport of the sample can also arise. In particular, the incorrect
handling of samples or inadequate preservation techniques may corrupt the sample.
Temporal resolution
Stormwater quality samples can vary over a number of different temporal scales.
Stormwater constituent concentrations exhibit annual, seasonal, event and intra-event
variability. It is therefore advisable, though not always feasible, to design sampling
programs to account for this variability. The extent of temporal variability is dependent
upon the both the analysed site and constituent type.
Water quality can vary significantly at a particular site. Athayde et al. (1983) analysed
EMC data from sites in the United States, collected as part of the Nationwide Urban
Runoff Program. They found that the coefficient of variation associated with EMCs at
single sites typically varied between 0.5 and 1 for all analysed constituents except total
suspended solids. The coefficient of variation for suspended solids ranged between 1
and 2. Another study by Chandler (1994) analysed storm water quality from four urban
sites. The author found that constituent concentrations varied by up to an order of
magnitude between events at a given location.
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Concentrations occurring during an event can fluctuate significantly, particularly in
highly impervious catchments where the first flush phenomenom is significant. Deletic
(1998) analysed storm runoff data from two small urban asphalt surfaces in Belgrade,
Yugoslavia and Lund, Sweden to determine the existence of the first flush of suspended
solids, conductivity, pH and temperature.

This was achieved by calculating the

percentage of pollutant load transported by the initial 20% of runoff for each monitored
storm event. Table 3.2 summarises the total percentage of storms events where the first
20% of runoff carried in excess of 40% of the total pollutant load.

Overall, no

significant first flush effects were recorded for temperature or pH, and only slight first
flush effects were recorded for suspended solids and conductivity. The first flush of
conductivity was more prevalent during large storm events, as was the first flush of
suspended solids at the Miljakovac site. This was assumed to be due to the fact that
suspended solids on the catchment surface were supply limited. In contrast, the Lund
site received inflow from adjacent grassland during larger runoff events, thereby
reducing the presence of a first flush of suspended solids from this site.

Table 3.2: The percentage of storm events where more than 40% of the pollutant load
was transported by the first 20% of runoff (Deletic 1998)
Site
Water quality constituent

Miljakovac

Lund

Suspended solids

8.7

33.8

Conductivity

13

7.3

pH

9.1

0

0

0

Temperature

Spatial resolution
Stormwater quality can vary within a drainage network. Spatial variability arises from
variations in pollutant sources and transport mechanisms over the catchment. Accurate
modelling this spatial variability is difficult, since in the majority of sampling programs,
only end of pipe data is available (Deletic and Maksimovic 1998).
Spatial variation may also occur within the stream cross section. Hren et al. (1990)
suggested that collecting a number of depth integrated samples at different locations
across the width of the waterway was the optimum way to obtain representative
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concentrations.

This was further reinforced by Hall (1984) who suggested that

suspended solids concentrations varied depending upon the depth and proximity to the
stream banks. However, collecting multiple samples from the stream cross section is
rarely done in practice (Hall 1984).
Type of sampling equipment
The type of sampling equipment also affects the precision of the water quality
measurement. Black (1996) stated that laboratory methods were generally more precise
than field kits. The main advantage of field kits was their ability to provide replicate
samples and recheck dubious samples. However, laboratory equipment may enable the
analyst to work with more objectivity than certain types of field kits.
Deletic and Maksimovic (1998) stated that the maintaining field equipment is difficult.
As a result, data inaccuracy is usually between 20 to 50%. Ahyerre (1996) cited in
Ahyerre et al. (1998), on the other hand, observed a 15% difference between total
suspended solids concentrations taken from two different types of samplers.
Sampling method
The two main types of urban stormwater quality sampling methods differ in how the
sample is collected. Manual samples are generally collected by project personnel and
automatic samples by an automatic sampling device. Bliven et al. (1979) cited in
Marsalek (1991) stated that manual and automatic samples may produce different
sampling results.
Manual samples are individual grab samples collected at single moments in time during
a storm event.

They are typically collected near the water surface, without any

consideration for mixing conditions (Hren et al. 1990). The quality of manual samples
is also strongly influenced by the quality of the person collecting the samples
(Wanielista and Yousef 1993). An inability of the person to capture the early stage of
the storm could lead to poor sampling results, particularly in highly impervious
catchments where first flush effects are dominant. Daniel et al. (1978) cited in Hall
(1984) also observed that manual sampling was unreliable, particularly when a large
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portion of storms occurred outside normal working hours.

The final limitation

associated with manual sampling is the high labour costs.
Automatic samplers, on the other hand, have higher capital and maintenance costs
(Marsalek 1991). The very high capital costs of automatic sampling equipment means
that it is generally only used in situations where a large number of events need to be
monitored over a long period of time.
Automatic samplers are subject to several limitations which prevent the attainment of
representative pollutant data for a given storm event. One of the major limitations is
associated with the absence of water quality data in the initial stages of the storm event.
In general, the passing of flow through an inlet is required before sampling is triggered.
As a result, the initial, possibly highly polluted flows are not typically recorded (Osborn
and Hutchings 1990 cited in Deletic and Maksimovic 1998). Deletic and Maksimovic
(1998) also noted that samplers may not have the capacity to collect data from large
storm events which fully wash pollutants from road surfaces. Furthermore, the authors
suggested that data collection during a storm event is too often infrequent to effectively
monitor short, intense storms.
Sample type
The two main types of urban stormwater quality sample are discrete and flow-weighted
composite samples. Discrete samples are single samples collected at discrete points in
time throughout the storm event. They are generally collected at regular time intervals,
as specified by the project manager. Storm EMCs are generated using a weighted
average of all the discrete samples for the relevant storm event.
On the other hand, flow-weighted composite samples provide an immediate estimate of
storm EMC.

They are a mixture of flow-weighted samples collected at specified

intervals throughout the storm.

One of the main limitations with flow-weighted

composite samples is that they do not allow the identification of potential outliers
occurring during a storm event, which could significantly bias the estimate of EMC.
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Laboratory analysis
The accuracy of constituent concentration estimates is often dependent upon the type of
laboratory analysis used. Different laboratory techniques generally must be used for
each constituent, leading to different magnitudes of uncertainty.

A measure of

uncertainty associated with the analysis is called representativeness, which specifies the
percentage range the analytes fall within. For example, Saad et al. (1996) cited in
Ahyerre et al. (1998) found the representativeness to be 30% for biological oxygen
demand (BOD) and 10% for chemical oxygen demand (COD) and suspended solids.
Variations in analytical techniques may also exist between laboratories. Paitry et al.
(1986) cited in Ahyerre et al. (1998) observed a 40% difference in suspended solids
concentrations from two laboratories that measured the same sample.

In many

situations, it is difficult to standardise laboratory analysis techniques between a wide
ranges of laboratories handling water samples from different surface water sources. The
nature of the sample often determines what procedure must be used. For example,
Driver and Tasker (1990) stated that different chemical digestion rates might be
required, depending upon the sediment mineralogy of the samples. Such differences
could lead to biased estimates of trace metal concentrations.

3.3.3.4 Landuse determination

Landuse information is used in a range of models for predicting water quality at
unmonitored sites.

The accuracy of landuse data can vary depending upon the

information source. The collection date, spatial resolution and number of classification
levels may vary between sources. In recent times, landuse and landcover information
has become more economical, accurate and therefore more available. Burian et al.
(2002) suggested that this was essentially due to the increased availability of electronic
data, use of GIS software, and reduced cost associated with the remotely sensed images.
Burian et al. (2002) conducted a study comparing the effects of using different
landuse/landcover to predict annual pollutant loads. Landuse/landcover data from the
USGS was compared with data from the Southern California Association of
Governments (SCAG) at three urban catchments located in the Los Angeles, California
(Centinela, Sepulveda and Ballona). The landuse/landcover data from the two sources
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were used to simulate average annual total suspended solids loads using the stormwater
management model (SWMM) software. Constant concentrations were assigned for each
landuse using data obtained by the Los Angeles County Department of Public Works
(LADPW). A total of eight landuse categories were analysed:


commercial;



light industrial;



transportation;



high-density single family residential;



multifamily residential;



mixed residential;



urban vacant;



educational.

All landuse categories derived from the USGS and SCAG sources were similar, aside
from the ‘other urban’ and ‘urban vacant’ landuses, which may have slightly different
pollutant sources and runoff characteristics.
The SCAG data was based upon 1993 aerial photography data with a spatial resolution
of 0.25 hectares and a higher degree of ground truthing than the USGS data.
Comparisons between the long term SWMM simulations based upon each landuse
source are shown in Table 3.3. Despite the fact that landuse did not change over the
two-decade period, it was generally found that the use of the USGS dataset produced
different approximations of long-term runoff volumes and loads to the SCAG dataset.

Table 3.3: Relative differences between the USGS and SCAG predictions of runoff
volume and total suspended solid loads (Burian et al. 2002)
Range of Difference (%)
Predicted variable

Minimum

Maximum

Runoff volume

8

14

TSS loads

13
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Landuse data may also be derived from satellite imagery. This imagery is cheap to
obtain and may be collected frequently. For example, LANDSAT imagery may be
collected every 16 days (Park et al., 2007). In a study by Park et al. (2007), LANDSAT
imagery was used to derive estimates of landuse, which were then used to derive annual
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pollutant loadings. These loadings were compared to pollutant loadings generated using
landuse data derived from public records of the study area, developed by San Diego’s
Regional Planning Agency (SANDAG 2000). There was a strong degree of agreement
between the loading estimates generated by the two techniques. This infers that satellite
imagery is a suitable source of data for generating landuse information in areas without
accessible public records.

3.4 Lognormality
Lognormality is a term used to define data that follows a normal distribution after
logarithmic transformation. Van Buren et al. (1997) and Athayde et al. (1983) indicated
that the central limit theorem showed that the logarithmic transform of a dependent
variable followed a normal distribution when there were an infinitely large number of
small, causal effects. In addition, many environmental variables display ‘skewed to the
right’ distributions, with lower bounds approaching or equal to zero. These findings
support the logarithmic transformation of environmental data prior to analyses.
The logarithmic transformation of variables makes it less important to remove large,
potentially outlying values during data preprocessing. However, excessive importance
may be placed on the accurate modeling of smaller values.

Concentration is not

generally adversely affected by this phenomenon, since smaller concentrations are often
linked to median to large storm events, responsible for creating the larger loads.
Of course, the goal of the study is a key factor in determining the applicability of the
logarithmic transform. If the model predictions are to be used to forecast the treatment
efficiency of detention storages, the middle to small volume storms are of importance,
since the storages can generally only cater for the smaller events. However, if the total
load entering a water body (such as a lake) is important, the larger storm loads
associated with larger storm runoff volumes might be more important.
There are a number of different tests that can be used to determine the lognormality of a
particular dataset. These tests include the Kolmogorov-Smirnoff D test (Athayde et al.
1983), the probability plot correlation coefficient (PPCC) test for lognormality
(Stedinger et al. 1993 cited in Smullen et al. 1999) and the Box and Cox maximum
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likelihood method (Driver and Tasker 1990).

Unfortunately, the use of the

aforementioned standardised methods can often fail to prove the lognormality of many
of the noisy distributions often associated with environmental variables. For this reason,
visual observations of graphical plots may be assumed to be a more practical way in
which to determine the applicability of taking logarithmic transformations of data.

3.4.1

Concentration

A large number of studies have reinforced the validity of assuming that the majority of
stormwater quality variables are logarithmically distributed. Duncan (1999) found that
average EMC estimates at sites throughout the world were logarithmically distributed
for all water quality parameters except pH. The latter behaviour is due to the fact that
pH was already based upon a logarithmic transformation of hydrogen ion concentration.
Smullen et al. (1999) carried out an analysis on a large amount of stormwater quality
data collected in the United States during a number of different studies. The results
from the analysis indicated that TSS, Cu, Zn and NOx were accepted as following
lognormal distributions at a 5% confidence level using probability plot correlation
coefficient (PPCC) statistics.

They also found that Pb, COD, TKN, TP and TSP

followed lognormal distributions, though the confidence level had to lapse to 10%.
Athayde et al. (1983) analysed stormwater quality data from catchments throughout the
United States, monitored during the NURP study. The authors found that median EMCs
between sites followed lognormal distributions, as did individual storm EMCs at single
sites. Brezonik and Stadelmann (2002) analysed stormwater concentration data from
urban catchments located within Minnesota, USA. They observed that the symmetry of
water quality variable distributions was improved following logarithmic transformation.
However, the final distributions were not necessarily normal.

3.4.2

Load

Van Buren et al. (1997) suggest that because volume and concentration distributions
exhibit lognormality, load should also follow a lognormal distribution. In an analysis of
NURP data, Driver and Tasker (1990) inferred that the larger uncertainty generally
associated with larger storm runoff volumes and loads justified the logarithmic
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transformation of the data. This was thought to remove the strong bias associated with
such large, uncertain storms during the calibration of multiple linear regression models.

3.5 Event mean concentration
3.5.1

Derivation

The event mean concentration (EMC) of a storm event is defined as the total mass of
pollutants divided by the total runoff volume:
EMC 

LT
TRFV

(3.1)

where LT = the total runoff load (mg),
TRFV = the total runoff volume (L).
Many storm events are monitored using a series of intra-storm samples collected over
the storm’s entirety. The method used to sum the sequential load and volume samples
may affect the approximation of EMC. In many applications, a simplistic application of
the trapezoidal rule may be used to derive an appropriate estimate of the EMC.
Alternatively, Simpson’s rule may be used calculate the total runoff loads and volumes,
which may then be used to approximate the EMC. Charbeneau and Barret (1998)
suggested that a fitted exponential washoff model could also be used to calculate the
EMC for a storm event.
Estimates of EMC may be biased as a result of a number of different factors:


missing the start or end of the storm event;



incorrect treatment of baseflow;



limited number of samples taken (especially during the rising limb or near the
peak of the hydrograph);



outlying sample/s.

The number of samples required to define a storm event is dependent upon the number
of storm peaks, the storm duration and the variability of the concentration.

The

variability of concentration within a storm event is usually dependent upon the
contaminant type.
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3.5.2

Representative EMC at a site

It is often important to derive a representative EMC for a single site. This representative
EMC can be derived using a number of different methods capable of defining the
centrality of a population of data. These include:


arithmetic mean



geometric mean



median



harmonic mean



flow-weighted mean

The arithmetic mean is a commonly used measure of central tendency. The equation for
the calculation of arithmetic mean concentration (Ca) is as follows:
n

Ca 

 EMC
i 1

i

(3.2)

n

where EMCi = the ith EMC (mg/L),
n = the total number of sampled EMCs.
Its combination with standard deviation allows the specification of confidence intervals
associated with the estimate of central tendency.

However, the calculation of the

standard deviations associated with lognormally distributed variables can lead to
intervals with lower confidence bounds less than zero. There is also a tendency for the
arithmetic mean to place excessive weighting upon the large values in lognormal
distributions.

This may lead to the over-estimation of the representative site

concentration.
Geometric means may also be used to define representative site concentrations. The
equation for geometric mean (Cg) as follows:
n

log C g 

 log EMC 
i

i 1

(3.3)

n

It is a commonly known fact that EMCs of stormwater constituents are lognormally
distributed (Athayde et al. 1983 and Duncan 1999). This supports the use of the
geometric mean. This is because the geometric mean is equivalent to the calculation of
the arithmetic mean on logarithmically transformed data which is raised to the base of
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the logarithm. An associated standard deviation of the logarithmically transformed data
can then be used to define sensible confidence intervals for the estimate, with lower
bounds always greater than zero.
The use of a median value is another useful way to approximate the centrality of
lognormal distributions. This is due to the fact that median estimates are not biased by
extremely large values. This makes the median a representive estimate of a typical
value of concentration at a given site.
The harmonic mean may also be used to calculate a representative EMC at a particular
site. The equation for harmonic mean (Ch) is as follows:
1 1 n
1
 
C h n i 1 EMC i

(3.4)

The harmonic mean generally places more weight upon the small concentrations. This
potentially makes it an accurate predictor of representative concentrations associated
with lognormal distributions. The main limitation with the harmonic mean is that
confidence intervals cannot be generated.
The flow-weighted mean is potentially useful for deriving long term estimates of
pollutant yields/loads at a single site.

The equation for the flow-weighted mean

concentration (Cfw) is as follows:
n

C fw 

 EMC
i 1

i

 Vi
(3.5)

n

V
i 1

i

where, Vi = volume of runoff for storm i (L).
The flow weighted average of EMCs is similar to calculating the total storm load at a
site, divided by the total storm volume. It is generally more applicable in situations
where a significant correlation exists between EMC and runoff volume.
In catchments where the correlation between EMC and runoff volume is positive, the
geometric mean, harmonic mean and median estimates may produce large under
predictions of the long term load. In contrast, arithmetic mean and flow weighted mean
estimates generally do not. However, arithmetic mean estimates may lead to large over
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predictions of long term loads at catchments with a negative correlation between EMC
and runoff volume. In contrast, flow weighted mean, geometric mean, harmonic mean
and median estimates typically do not.
A number of other factors may bias the calculation of representative mean concentration
at a site. Potential seasonal variation associated with EMCs or the correlation of EMCs
with storm variable/s can lead to biased estimates. In the majority of situations, the lack
of data limits the engineer’s ability to determine true representativeness of the estimate.
The determination of a minimum number of storms required to calculate a representative
estimate of the typical EMC at a site is a potentially subjective task. Athayde et al.
(1983) used a minimum of 5 storm events to categorise EMCs at a particular site.
Alternatively, Smoley (1993) cited in Pandit and Gopalakrishnan (1997) suggested that
a minimum of 3 ‘representative’ storms could be used to derive an approximation of the
average EMC at a site. The representative storm was stated to have the following three
characteristics:
1. the antecedent dry period must be greater than 72 hours;
2. the storm depth should be greater than 2.5mm;
3. the duration and depth of the representative storm should not be greater than
50% the size of the average storm at the catchment.
These characteristics essentially decrease the potential for outliers to bias the calculation
of the representative site EMC.

3.6 Runoff prediction
Runoff prediction is important when calculating loads. The use of the runoff coefficient
is one of the simplest and most common means of predicting total storm runoff from
total storm rainfall. The equation for runoff calculation using the runoff coefficient is:
TRFD  R v  TRND

(3.6)

TRFD = total storm runoff depth (mm),
TRND = total storm rainfall depth (mm),
RV = runoff coefficient.
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The use of at-site rainfall-runoff data to calculate runoff coefficient generally produces
the most accurate results. At catchments with no data, runoff coefficients must be
calculated using empirical relationships based upon the runoff coefficients and one or
more catchment variables. Generally, there is a strong correlation between the runoff
coefficient and impervious area. This is because the majority of runoff occurring in a
catchment is derived from impervious surface runoff, especially during small storms.
Pervious surfaces are believed to attenuate the runoff via infiltration and interception
processes. The portion of ‘directly connected impervious area’ or ‘effective impervious
area’ is also strongly correlated runoff coefficient, typically more so than total
impervious area. Effective impervious area does not include impervious surfaces that
are not directly linked to the drainage network by other impervious surfaces. In other
words, if the runoff from an impervious surface flows onto a pervious surface, it is
assumed to be infiltrated in the same manner as the rainwater directly falling on this
pervious surface.
The correlation between impervious area and runoff coefficient was analysed by
Athayde et al. (1983) in their study of U.S. urban stormwater data collected during in the
Nationwide Urban Runoff Program (NURP). A total of 16 of the median EMCs from
20 analysed sites showed a strong relationship between impervious area and runoff
coefficient.

The remaining four sites were placed in a separate group due to

inexplicable differences in site characteristics.
Schueler (1987) cited in Pandit and Gopalakrishnan (1997) used 40 NURP catchments
and 4 other catchments from Washington D.C. to derive the following equation for
predicting the runoff coefficient at unmonitored sites:
R v  0.05  0.009(IA)

(3.7)

where IA = percentage of impervious area (%).
The relationship was strong (R2 = 0.71), inferring its applicability at unmonitored sites
in the United States.
Landuse may also be correlated with the runoff coefficient, although the observed
correlation maybe due to the strong correlation between landuse and impervious area.
Despite the potential ability of landuse to account for the differences in flow paths
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between different catchments, its lack of homogeneity between sites generally makes it
inferior to impervious area when defining runoff coefficients at unmonitored
catchments.
In a study by Ackerman and Schiff (2003) runoff coefficients were derived for 5
different landuses located in southern California. These coefficients are presented in
Table 3.4. When verified upon an independent dataset containing 172 events from 20
sites, the runoff coefficients were found to explain 67% of the variation in runoff
volume.

The proportion of explained variation was slightly less than the amount

explained by impervious area in the study by Schueler (1987) cited in Pandit and
Gopalakrishnan (1997).

Table 3.4: Runoff coefficients for land uses located in southern California (Ackerman
and Schiff, 2003)
Land use

Runoff coefficient

Agriculture

0.10

Commercial

0.61

Industrial

0.64

Open

0.06

Residential

0.39

Other Urban

0.41

There are a number of problems associated with using the runoff coefficient to predict
total storm runoff. In essence, runoff coefficients do not account for intra-storm or
between storm variations in rainfall-runoff processes. In addition, it does not factor in
fundamental concepts such as initial loss and continuing losses.
The concept of initial loss is based on the assumption that the surface storages on the
catchment are filled prior to runoff generation, due to rainfall interception on vegetation,
filling of depression storages, etc. Continuing loss assumes that processes such as
infiltration, evaporation and transpiration are time dependent constants during the storm
event. The concepts infer that storms with the same amount of rainfall and different
durations produce different runoff coefficients. Therefore, runoff coefficient can no
longer be constant at a site.
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There have been a number of studies that have sought to analyse the correlation between
runoff volume and various explanatory variables. One such study was carried out by
Driver and Tasker (1990) using urban stormwater quality data collected as part of the
NURP study. Another similar study was undertaken by Brezonik and Stadelmann
(2002) using data from the Twin Cities Metropolitan Area, Minnesota. Both these
studies constructed multiple linear regression models to predict runoff volume using
storm and catchment variables. Artificial neural networks have also been used to predict
the quantity of urban runoff (ASCE 2000).
Finally, various computer simulation models are currently available to predict runoff
volumes for storm events. Each model uses various combinations of components to
predict runoff quantity, as shown in Table 3.5.

The process based origin of the

components makes computer simulation models universally applicable.

Table 3.5: Components used to model flow in computer simulation models (Zoppou
2001)
Program name

Pipes

Open

Retarding

channel

Others

Natural

Rainfall

basins

streams

runoff

Urban models
DR3M-QUAL

x

x

x

x

x

HSPF

x

x

1

x

x

MIKE-SWMM

x

x

x

2

x

x

QQS

3

x

x

2

x

x

x

x

4

x

STORM
SWMM
SWMM Level 1
Wallingford Model

x
4

x

x

2

x

1

7

x

Non-urban models
BRASS
HEC-5Q

1

QUAL2E-UNCAS
WQRRS

x

x

x
x

x

1

x

x

1, reservoir module; 2, weirs and pumps; 3, pressurised pipes; 4, gutter and pumps; 5,
surcharges; 6, bridges; 7, overland flow.
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3.7 Choice of response variable
The choice of the response variable is an important consideration in the modelling of
urban storm water quality. Choices associated with the units and temporal scale of the
dependent variable can significantly affect the accuracy of the final estimates. The
choices depend upon the contaminant type, modelling objectives, model type, and data
availability.

3.7.1

Load, yield or concentration

Load, yield or concentration can all be used as the dependent variables. The selection of
the dependent variable is generally governed by the project requirements. For example,
in situations where acute concentration values are required, it would typically make
sense to calibrate a concentration model. However, in situations where load is the
desired output variable, it may not always make sense to model load as the dependent
variable. This is because load is defined as the product of concentration and runoff
volume. If runoff volume is known, it does not make sense to model it. However, in
situations where the runoff volume is not known, yield or load might be the best variable
to model. This is particularly true in situations where the available rainfall-runoff model
does not produce accurate results.

3.7.2

EMC or intra-storm concentrations

Stormwater concentrations vary from storm to storm, and also within a storm.
Variations within a storm event are termed intra-storm variations. Intra-storm variations
may be important in a number of different applications. Certain urban stormwater
pollutants such as copper and lead (Athayde et al., 1983) are acutely toxic and require
short term forecasting. In addition, some best management practices (BMPs) such as
detention basins may also require short term forecasting of pollutant concentrations in
order to optimise the treatment efficiency. However, the collection of intra-storm data is
costly to obtain compared with EMC data. This lends toward the prediction of EMCs.

3.8 Water quality model types
There are a number of different types of models that may be used to predict urban
stormwater quality. They range in complexity from simplistic constant concentration
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estimates to complex computer simulation models. The models also vary according to
their application.
For example, some models are more suited to the prediction of urban stormwater quality
at single sites.

Alternatively, other models can be applied at sites with no prior

monitoring. The accuracy of the latter category tends to be significantly less than the
former, highlighting the need for accurate stormwater quality sampling at sites.
However, high monitoring costs and other practical obstacles often necessitate the use of
models capable of predicting urban stormwater quality at unmonitored sites.
Models may also be classified based upon their manner of derivation; physically based
or statistical.

Physically based models have a wider domain of applicability than

statistical techniques, since “…they are based on fundamental physical relationships”
(Maier and Dandy 1996, p. 1015). However, the authors also noted that the complexity
of natural systems means that physically based models are often crude approximations
of reality. This is further supported by Loke et al. (1999), who stated that the one main
flaw in conventional physically based models is associated with overlooked and/or
misinterpreted processes. Such processes may not be dominant within the catchment/s
used to construct the model. However, when applied to other catchments, the increased
dominance of overlooked processes may lead to the failure of physically based models.
The main way of determining the universality of any model is to test its applicability on
a dataset that is representative of the entire population. The high variability associated
with the vast number of different sites suggests that a very large dataset is required to
validate urban stormwater quality models.

3.8.1

Constant concentration

Constant concentration models, as the name suggests, assume that stormwater has
constant concentrations within a particular subset of data. One main justification for this
approach is that EMCs are often only weakly correlated with runoff volume or flow
(Huber 1992). This reduces the potential bias associated with long term estimates based
upon constant concentrations.
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Constant concentration estimates can be derived using various groupings of data. These
range from single site values to averaged values derived over large regions. One main
advantage of the technique is that it allows simplistic derivation of confidence intervals
associated with the constant concentration estimate.

This readily allows the

incorporation of constant concentration values into stochastic models.
The values of constant concentration may be used to predict loads using a technique
known as the the Simple Method. It is defined by the following equation:

L  CV

(3.8)

L = pollutant load (g),
C = constant concentration (mg/L),
V = runoff volume (m3).
This method may be used to predict loads at a wide range of temporal scales. For
example, it may be used to predict annual loads, storm loads and even intra-storm loads.
There are a number of different methods that may be used to predict annual load. Pandit
and Gopalakrishnan (1997) compared 3 different methods for predicting annual load;
Schueler’s (1987) Simple Method, the SWMM level 1 preliminary screening procedure
developed by Heany et al. (1976), and a technique developed by Pandit and
Gopalakrishnan (1996) called the Continuous Simulation Method.
The techniques analysed in the study only really differed in their calculation of annual
runoff volume. The level 1, preliminary screening procedure developed by Heaney et
al. (1976) (cited in Pandit and Gopalakrishnan 1997) used a value called a “pollutant
loading factor”, which appeared to be similar to the constant concentration. This factor
was inferred to vary with respect to constituent type and land use. The method also used
a population density function related to the landuse type and/or population density of a
catchment, which appeared to be similar to the runoff coefficient.

The resulting

equation is as follows:
L A  f(PD) (MAR) (DA) (a ij )

(3.9)

LA = annual load (kg),
aij = pollutant loading factor (mg/L),
MAR = mean annual rainfall (mm),
DA = drainage area (ha),
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f(PD) = population density function.
In residential areas, the population density function was defined as:
f (PD)  0.142  (0.218) (PD) 0.54

(3.10)

PD = population density (people/ha).
Impervious area was used to derive estimates of population density in catchments
without such information. For non residential areas, the population density function was
assigned a constant value. A value of one was used for commercial and industrial areas,
and constant value of 0.142 for miscellaneous developed areas such as parks, schools,
etc.
The Simple Method and Continuous Simulation Method (CSM) only differed based on
the method used to calculate annual runoff volume. In theory, the models forecast
annual loads using the same fundamental equation:
Pa  ASRC  MAR  DA  EMC c

(3.11)

ASRC = the ratio of annual runoff and rainfall depth,
EMCc = the constant EMC at a site (mg/L).
The Simple Method approximated ASRC by multiplying the storm runoff coefficient
(Rv) with a correction factor (Pj) compensating for the small storm events not producing
runoff:
ASRC  Pj  R v

(3.12)

The value of runoff coefficient may be calculated using at-site rainfall and runoff data,
or estimated using empirical techniques relating runoff coefficient to landuse or land
cover variables.

For example, runoff coefficient is often linearly regressed with

impervious area. The correction factor was approximated as 0.9 by Schueler (1987)
(cited in Pandit and Gopalakrishnan 1997), based upon an analysis of catchments in
Washington D.C.
The Continuous Simulation Method forecasted ASRC values by analyzing daily rainfall
records over long time periods. The Soil Conservation Service Method (SCS) was first
applied to generate estimates of daily runoff from long term, daily rainfall data.
Daily runoff was derived as a function of percentage of impervious area directly
connected to the drainage network and curve number (CN). The CN values for pervious
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areas are affected by factors including land cover, hydrologic conditions, preceding soil
moisture levels, and hydrological soil group (HSG). There are a total of 4 main HSGs
(A, B, C, D), separated based upon the minimum infiltration rate of the soil. Finally, a
summation of daily runoff values was then divided by a summation of daily rainfall
values over the same time period to derive an estimate of ASRC.
Pandit and Gopalakrishnan (1997) compared annual load estimates from the level 1
SWMM method, CSM and Simple Method, using hypothetical data from typical
residential watersheds in Tampa, Florida. The long term load predictions from the
different models varied by less than an order of magnitude, varying by a factor of three
at most. Pandit and Gopalakrishnan (1997) concluded that CSM was the most versatile
of the techniques, compensating for the widest range of factors (geographic location,
soil type, landuse/landcover, etc.) and allowing the generation of confidence intervals.

3.8.1.1 Methods for selecting the constant concentration

The availability of data often determines the method for selecting an appropriate
concentration for a given site. The most accurate estimates are derived from sampling
programs undertaken at the site of interest. The high cost of data collection and the
inability to forecast future EMCs associated with changing catchment conditions limits
the use of this approach.
Other methods include using a representative EMC from sites with similar
characteristics (eg. landuse), using a representative EMC estimate from sites in the same
regional proximity, or using a representative EMC derived from large-scale studies.
Data availability generally governs the selection of the most suitable technique for
deriving an estimate of constant concentration at an unmonitored site.
In general, more confidence is placed on estimates based upon larger datasets, due to the
larger statistical errors associated with smaller datasets. However, catchments in a
proximal locality with similar characteristics may appear to have relatively
homogeneous processes. As a result, accurate predictions of EMC may eventuate.
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Temporal effects can also impact estimates of constant concentration. In particular,
estimates from previous decades may not be relevant on current catchments, due to
significant manmade changes occurring over that time. For example, the phasing out of
leaded gasoline over the last couple of decades has significantly reduced lead
concentrations in urban stormwater. Temporal effects may also be important in terms of
seasonal variability. For example, the absence of winter storm sampling in colder
regions due to snowfall may reduce the feasibility of combining annual EMC estimates
from cold and warm regions.

3.8.1.2 Advantages

Constant concentration estimates are cheap, simple and quick to obtain. Furthermore,
the constant concentration method also readily allows the construction of associated
confidence intervals, derived from estimates of standard deviation. This allows the use
of constant concentration estimates in stochastic models.
The fact that EMC is often weakly correlated with runoff volume reduces the
applicability of more complicated approaches, such as buildup-washoff and regression
models. Athayde et al. (1983) suggested that the weak correlation also allowed the
transferal of constant concentration estimates to unmonitored sites.
The applicability of using of large scale average concentrations, irrespective of landuse,
is linked to the low explanatory power of such variables. In the majority of cases,
pollutant load variability between landuses is more strongly linked to runoff variability.
For example, Charbeneau and Barret (1998) observed that post development increases in
solids load was mainly due to the increased runoff derived from the increased
impervious area.

However, other studies including a worldwide study by Duncan

(1999) have shown that certain pollutant concentrations in forested regions are much
lower when compared to other land covers and landuses.
A study by Chandler (1994) compared the Simple Method to a more complex urban
water quality model (SWMM). Data from 4 case studies was used to calculate estimates
of long-term pollutant loads. The results indicated that the model estimates never varied
by more than an order of magnitude. In addition, it was found that 90% of the model
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estimates varied by less than a factor of three, and almost 75% did not vary by more
than a factor of two. Therefore, the author assumed that there was little reason for
applying a technique more complicated than the Simple method, considering the
uncertainty associated with constituent concentrations in urban stormwater.
In a different study by Jennings and Tasker (1989), the EPA method (identical to the
Simple Method) was compared to the USGS regression method for predicting long-term
pollutant loads. The authors observed that the average root mean square error (RMSE)
associated with the Simple Method was almost twice the size of the average RMSE
associated with the USGS regression method. This difference was not deemed to be
significant enough to warrant the use of the more complicated USGS model.

3.8.1.3 Disadvantages

Huber (1992) analysed NURP data from the U.S. and found that EMCs varied over the
country, within a state, within a metropolitan area and at single sites. Such variations in
EMCs could not be replicated by the constant concentration method. Huber (1992) also
stated that the limited coverage of metropolitan areas (maximum of 30) in the NURP
dataset reduced the probability that the dataset contained a site which was representative
of the catchment under analysis. The chance of finding such a site with sufficient
sampling was even slimmer.

3.8.2

Unit loads

Unit loads are a simplistic model used to predict annual pollutant loads in urban
catchments. In the majority of cases, unit loads are expressed as annual yields (kg/ha/yr
or lb/ac/yr).
normalisations.

However, in some situations unit loads are expressed using other
For example, traffic related contaminants may be expressed with

respect to road density rather than drainage area. When unit loads are expressed as
annual yields, they are equivalent to export coefficients. However, export coefficients
are usually associated with non-urban catchments.
Unit loads may be combined according to characteristics such as landuse. For example,
Athayde et al. (1983) used NURP data to derive unit load estimates for a selection of
landuses. The estimates were derived for a typical site in the United States using
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representative estimates of constant concentration and mean annual rainfall.

An

estimate of runoff coefficient for each landuse was used to convert mean annual rainfall
into mean annual runoff depth, which was then multiplied by constant concentration to
derive an estimate of mean annual load.
The final estimates of mean annual load may be “adjusted” for sites with significantly
different mean annual rainfalls. They may also be “adjusted” if the estimate of runoff
coefficient at the site of interest is significantly different from the assumed value derived
from landuse type. The use of the adjustment factors make the unit load method nearly
identical to the Simple Method, which only differs in its use of a coefficient defining the
portion of storms in a year producing runoff.
If the adjustment factors are used, unit load techniques have identical advantages and
disadvantages as long term forecasting techniques based on constant concentration, such
as the Simple Method. However, in situations where the adjustment factors are not
used, unit load techniques have comparable advantages and disadvantages to export
coefficient estimates. Export coefficients ignore differences in annual yields associated
with varying rainfall conditions. This may lead to large mispredictions at sites with very
high or very low annual rainfall.

3.8.3

Regression models and rating curves

Regression models have previously been constructed to predict urban stormwater
constituent concentrations, yields and loads. The models can be constructed to predict
dependent variables at various different time scales including intra-event, event,
seasonal and annual. They can also be constructed to predict water quality at one site or
at multiple sites covering large geographical regions.

3.8.3.1 Regional regression models

Regional regression models may be constructed to predict constituent loads, yields or
concentrations, using a range of catchment and/or climatic variables. The term regional
infers that the models may be applied over large geographical areas, including states,
countries or even continents. The available data may also be separated into subsets
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based upon one broad scale explanatory variable (e.g. mean annual rainfall), then used
to construct regional regression models.
Regional regression equations were developed by Driver and Tasker (1990) using data
from catchments in the United States collected as part of the NURP study. A total of 11
commonly monitored water quality constituents were analysed in the study. It is rare for
all water quality variables to be sampled at every monitored site, which explains the
sampling variability between constituents, shown in Table 3.6.

Table3.6: The number of sampled storms and stations for each contaminant (Adapted
from Driver and Tasker 1990)
Variable

Storms

Stations

Chemical oxygen demand

1576

111

Suspended solids

1668

92

Dissolved solids

456

38

Total nitrogen

1312

98

Total Kjeldhal nitrogen

1660

120

Total phosphorus

1916

114

Dissolved phosphorus

964

70

Cadmium

112

20

Copper

974

69

Lead

1600

108

Zinc

1172

82

The study sought to predict urban stormwater constituent loads and concentrations using
a number of climatic, geographic and catchment variables. The catchment variables
analysed in the study included drainage area, impervious area, population density and
various landuse categories including residential, commercial, industrial, and a generic
group called non-urban. The climatic variables used in the models included two storm
variables (total event rainfall and duration of storm) and four temporally averaged,
broad scale climatic variables; mean annual rainfall, maximum 24 hour rainfall intensity
with a two year recurrence interval, mean minimum January temperature and mean
annual nitrogen load in precipitation. Even though a number of other explanatory
variables were available in the NURP dataset, they were deemed to have too many
missing records to warrant their use in the study.
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Multiple linear regression models were constructed using logarithmically transformed
variables. The functional form of the regression model is shown in the following
equation:
n

log (y)  β 0   β i log (x i )

(3.13)

i 1

xi = explanatory variable i,
y = response variable,
i = regression coefficient associated with explanatory variable i,
= intercept calculated on logarithmically transformed data,
n = number of explanatory variables.
When the logarithms of the variables are retransformed, the equation becomes a power
relationship. Miller (1984), Koch and Smillie (1986) and Ferguson (1986) cited in
Driver and Tasker (1990) showed that a retransformed linear regression model initially
constructed using logarithmically transformed data underestimated the mean response.
Therefore, Driver and Tasker (1990) applied a bias correction factor based upon a
nonparametric “smearing estimate” method to adjust the response variables.

Once

calculated, the bias correction factor was simply multiplied by the response variable to
obtain final estimates of constituent loads or concentrations. The main limitation with
the technique was that the median estimate became overestimated, whereas before bias
correction, it was not. This could also potentially lead to the overprediction of many
small values.
Preliminary models were first constructed on the entire dataset.

Various regional

divisions were then applied, regression models constructed, and results compared to
determine the optimum calibration domain. A total of seven regional divisions were
trialed; geographic divisions, physiographic divisions, mean annual rainfall, mean
minimum January temperature, two year 24 hour rainfall, impervious area and drainage
area. The lowest standard errors of estimate were associated with a regional division
based upon three subsets of data, separated using mean annual rainfall. The ranges
associated with this separation of data are shown in Table 3.7. These subsets of data
were then used to construct models capable of predicting constituent loads and
concentrations.
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Table3.7: Regional divisions used in the Driver and Tasker (1990) study
Region

MARN range (mm)

I

MARN<500

II

500<MARN<1000

III

MARN>1000

Stepwise regression models were originally constructed using load as the dependent
variable. Variables were initially entered into the model if the p-values were less than
0.05. The correlations between explanatory variables were also directly taken into
consideration during the model building process. For example, the high correlation
between impervious area and landuse variables meant that only one or the other was
used in the model. Also, only one temporally averaged, broad scale climatic variable
was entered into the model, due to the high correlations between such variables. As a
final step, the signs of the regression coefficients were also analysed to determine
whether or not they were intuitively logical.
A number of factors could complicate the explanation of regression coefficient signs.
Correlations between input variables could lead to counter intuitive coefficient signs.
In addition, surrogate variables might also be difficult to interpret. Furthermorre, large
data errors could increase the inclusion of spurious variables. These limitations may be
further excacerbated if the relevant processes are not well understood.
Two key error measures were calculated to assist in the assessment of regression
models. These were the coefficient of determination and the mean square error (which
was then converted to the standard error of estimate). After the construction of the
stepwise regression models predicting event load, event mean concentration regression
models were calibrated using the same inputs. In addition, three variable models for
predicting event load were also constructed using impervious area, drainage area and
total event rainfall as the explanatory variables.
As previously mentioned, the mean concentration models were constructed using the
same explanatory variables that were found significant in the event load stepwise
regression models.

The forced inclusion of weak descriptor variables may have

decreased the explanatory power of the concentration models.
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Approximately one

quarter (39 out of 150) of explanatory variables were not significant at the 5% level. In
particular, the inclusion of variables strongly correlated with runoff volume, though not
necessarily with concentration, may have lead to suboptimal predictions from the mean
concentration models.
In contrast, using stepwise regression procedures on concentration data could potentially
lead to the selection of a more synergistic set of variables. This is due to the fact that
additional focus may be placed upon modeling the unknown variation in concentration
rather than volume. As a result, concentration models may allow the more efficient
identification of important processes influencing water quality.
Approximately two thirds (20 out of 31) of the concentration models incorporated
variables that were not significant at the specified 5% level. Approximately one third (9
out of the 31) included drainage area into the model, even though it was not significant
at the 5% level. The majority of the regression coefficients associated with drainage
area were less than zero (18 out of 31). This might infer that pollutant attenuation
processes were more significant in larger drainage areas. However, it could also suggest
that catchments with larger portions of non-urban landuse generate runoff with lower
pollutant concentrations than other landuses.
Three models included total storm rainfall, even though it was not significant at the 5%
level. Total rainfall regression coefficients with negative correlations (26 out of 31)
were always significant at the 5% level. This implied the dilution effects of runoff may
be significant for the majority of variables. Restated, the negative coefficients may infer
that pollutants on the catchment surface are supply limited. A total of three out of the
five total rainfall coefficients with positive correlations were not significant at the 5%
level. All of the regional models predicting suspended solids had positive correlations
between total rainfall and concentration. This suggested that large storms may lead to
increased erosion from pervious areas or increased suspension of solids in urban
waterways.
Several landuse/landcover variables may have also been entered into load models, based
upon their ability to define differences in runoff volume rather than concentration.
Commonly known relationships between runoff coefficients and impervious area
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potentially explain the unnecessary inclusion of impervious area in 43% of the
concentration models using this variable. This known phenomena, combined with the
high homogeneous imperviousness associated with commercial landuse, further explains
why commercial landuse was not found significant in 44% of the concentration models
in which it was included.
The majority of variables used in the regression models did not satisfy the data
independence assumption. Drainage area, impervious area, population density and the
landuse variables were constant at each site. In addition, the broad scale, temporally
averaged climatic variables were constant at each metropolitan area. This reduced the
size of the “effective” dataset used to construct the regression models, leading to the
potential inclusion of insignificant variables. However, it is assumed that the lack of
variables to choose from and the consideration of multicollinearity during model
building would have limited the maximum number of variables included in the models,
hence decreasing the potential for overfitting.
The errors associated with the two types of stepwise regression equations were
compared. The average coefficient of determination for the load models (R2 = 0.68)
was higher than the average coefficient of determination associated with the
concentration models (R2 = 0.38). However, the type of response variable is likely to
influence the magnitude of the coefficient of determination. Once again, the known
relationship between runoff and load potentially increased the apparent accuracy of the
load model.
The average standard error of estimate associated with the concentration models (94%)
was less than the average standard error of estimate associated with the load models
(133%). This could have been due to the reduced variability requiring explanation in
the concentration models. Alternatively, it may suggest that the concentration models
were more accurate than the load models.
However, the standard errors of estimate associated with the runoff volume models
constructed by Driver and Tasker (1990), were similar to the standard errors of estimate
associated with both the load and concentration models. This implies that in situations
where the runoff volume is not measured, load estimates from the event load models
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would be potentially more accurate than load estimates derived using the concentration
and runoff models.

This is due to the fact that the conversion of EMC to load

accumulates errors associated with both concentration and runoff estimation techniques.
Driver and Tasker (1990) also constructed regression models to estimate mean seasonal
or annual loads. A total of 10 constituents were analysed; chemical oxygen demand,
total recoverable copper, dissolved phosphorus, dissolved solids, total recoverable lead,
suspended solids, total Kjeldahl nitrogen, total nitrogen and total phosphorus.
Storms events were initially identified as periods of rainfall producing more than
1.27mm of rain, which were also preceded by at least 6 hours of no rainfall. At sites
with 6 or more sampled storms, linear regression models were constructed between
storm load and total event rainfall (and occasionally rainfall duration), using the
following equation:
L e   0  1  TRND   2  DRN

(3.14)

Le = storm event load (kg),
TRND = total rainfall depth (mm),
DRN = rainfall duration (min),
0 = intercept,
1 = coefficient for total event rainfall,
2 = coefficient for rainfall duration.
Long term climatic data was then used to obtain estimates of average event rainfall and
average event duration.

These variables were then entered into equation 4.14 to

calculate the “mean load for a storm”.
At sites experiencing snowfall in the colder months, only climatic records between April
and September were used to derive average event characteristics. The mean annual or
seasonal load was then calculated at each site by multiplying the mean load for a storm
by the number of storms occurring in a year or season.
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The variance for the mean annual or seasonal load was assumed to be strongly
correlated to the variance of the mean load for a storm. The variance of the mean load
for a storm was calculated using the following equation:
2
2
S e2
2 S TRN
2 S DRN
Var ( Ŵ ) 
 1 
 2 
mc
nj
nj

(3.15)

Ŵ = mean load for a storm (kg),
2
S TRN
= sample variance for the long term total event rainfall records,

S 2DRN = sample variance for long term rainfall duration records,
Se2 = the mean square error for the regression,
m c = the number of storms used to calibrate the at-site regression model,
n j = the number of storms in the long term rainfall records.

Ordinary least squares regression models were initially constructed between the mean
load for a storm data and various broad scale climatic and catchment variables.
However, the violation of the constant variance for the response variable, and lack of
data independence between sites, suggested that ordinary least squares regression
techniques were not applicable on this dataset. Therefore, generalized least squares
regression techniques were applied to overcome these limitations.
A semi-logarithmic regression model was selected as the most appropriate model form:
log ( Ŵ )   0  1  DA 1 / 2   2  IA   3  MARN   4  MJT   5  X 2

(3.16)

i = regression coefficient associated with the ith explanatory variable,
0 = intercept,
DA = drainage area (ha),
IA = impervious area (%),
MARN = mean annual rainfall (mm),
MJT = mean January temperature (0F).
X2 = a binary input suggesting whether or not the summation of industrial and
commercial area exceeds 75% of the total drainage area
A bias correction factor was also calculated using a non-parametric, smearing technique
and multiplied by the retransformed estimate of mean load for a storm.
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There are a few potential limitations associated with the Driver and Tasker’s (1990)
method for predicting mean annual and seasonal loads. The at-site regression models
were linear, whereas a number of studies have implied that environmental data is
lognormally distributed.

Therefore, constructing linear regression models using

logarithms of variables might improve the results.
Furthermore, both the at-site regression models and the between-site regression models
predicted load. Improved accuracy might be obtained by focusing upon the prediction
of concentration rather than load.

In addition, forcing the models to predict

concentration rather than load may more effectively enable the identification of the most
important processes influencing pollutant concentrations in urban runoff. However,
forecasting load may be more appropriate in situations where runoff volume is not
known and difficult to calculate.
Brezonik and Stadelmann (2002) constructed a number of multiple regression models to
predict EMC and load at sites within the Twin Cities metropolitan area (TCMA),
Minnesota, USA. A total of 15 separate studies were collated to generate a dataset
containing storm related information from 68 different watersheds between 6.9 and 215
hectares in size. The storm data was obtained between June 1980 and October 1998.
The monitored storm water quality variables are presented in Table 3.8, and the
measured independent variables are presented in Table 3.9.

Table 3.8: The storm water quality variables analysed by Brezonik and Stadelmann
(2002)
Storm water quality variable
Chemical oxygen demand

Acronym
COD

Dissolved phosphorus

DP

Nitrate plus nitrite nitrogen

NOx

Lead

Pb

Soluble reactive phosphorus

SRP

Total Kjeldhal nitrogen

TKN

Total nitrogen

TN

Total phosphorus

TP

Total suspended solids

TSS

Volatile suspended solids

VSS
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A constant value of 1 was added to variables with minimum values of 0, and then all the
available data was logarithmically transformed. Pearson correlation coefficients were
then calculated between response and explanatory variables. However, the individual
correlations were found to be weak.

Linear regression models were subsequently

constructed on all the available data using the following equation:
n

log (y)  β 0   β i log (x i )

(3.17)

i 1

Table3.9: The explanatory variables used in the study by Brezonik and Stadelmann
(2002)
Explanatory variables

Acronym

Total drainage area

DA

Percentage impervious area

IA

Percentage residential area

LUR

Percentage commercial and industrial area

LUIC

Percentage public and open area

LUOP

Total event rainfall depth

TRND

Rainfall duration

DRN

Antecedent dry days

ADD

Average rainfall intensity

ARNI

A summary of the accuracy of the EMC and event load models constructed on the entire
dataset is presented in Table 3.10. As with the Driver and Tasker (1990) study, it was
found that the load models typically explained more variability in the response variable
when compared to concentration models. However, it was highly likely that this was
mainly due to the focus upon the known relationship between runoff volume and load.
This is supported by the fact that concentration models tended to have lower standard
errors of estimate than load models. However, once again, it must be noted that load
models are likely to be preferential when runoff volume is not accurately known.
The most commonly used variables used in load regression models differed slightly
from the most commonly used variables in the concentration models. Drainage area was
used in 80% of the load models, whereas it was only used in 10% of the concentration
models. This was because load models explained runoff variability as well as EMC
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variability. As mentioned previously, it is widely known that drainage area determines
runoff volume, hence load.
Total event rainfall was present in the majority of models, appearing in 90% of the load
models and 80% of the concentration models. The regression coefficients associated
with total event rainfall were typically slightly less than one in the load models and
always less than zero in the concentration models. This suggested that increased rainfall
generally leads to increased dilution of stormwater concentrations. This subsequently
suggests that the pollutants on the catchment surface are supply limited.

Table 3.10: The accuracy of models constructed on the entire datasets (Brezonik and
Stadelmann 2002)
EMC

Load
SEE

N

R2

SEE

0.24

147

263

0.45

226

149

0.23

160

127

0.42

160

TP

364

0.3

89

304

0.4

161

DP

127

0.38

84

126

0.43

104

SRP

104

0.29

135

68

0.33

245

COD

116

0.41

88

141

0.48

112

TKN

201

0.24

71

200

0.57

107

NOx

251

0.2

73

191

0.53

102

TN

172

0.28

59

247

0.51

118

Pb

135

0.14

264

145

0.36

281

Ave

194

0.27

117

181

0.45

162

Variable

N

R

TSS

319

VSS

2

Average rainfall intensity was also present in the majority of models, appearing in 80%
of the load models and all of the concentration models. The regression coefficients were
always greater than zero, suggesting that increased intensity runoff eroded or washed off
greater concentrations of accumulated pollutants from the catchment surface.

The

remainder of explanatory variables only appeared in a few regression models.
Regression models predicting EMC were also constructed on smaller subsets of data.
The data was separated into six distinct subsets based upon similarities in size, landuse
and location. The subsets of data are shown in Table 3.11. The difference between
urban and suburban residential areas was essentially based upon proximity to the city.
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Suburban residential areas tended to be located further from the city and had lower
density residential areas than urban residential areas. In addition, they also had lower
percentages of impervious area and lower traffic intensities.

Table 3.11: Subsets of data used in the study by Brezonik and Stadelmann (2002)
Dominant

Size

Set

Landuse

restriction

1

Urban residential

<40ha

2

Urban residential

>40ha

3

Suburban residential

<40ha

4

Suburban residential

>40ha

5

Commercial/industrial

N/A

6

Mixed

N/A

A comparison between the models constructed on the 6 subsets of data and models
constructed using all the available data is presented in Table 3.12. The EMC regression
models constructed on the 6 subsets of data had lower average standard errors of
estimate than the load models. They also explained a greater portion of variation than
the EMC models constructed on the entire dataset.

Table 3.12: Comparison between models calibration on different subsets of data
(Brezonik and Stadelmann 2002)
Variable

Calibration set

R2

Standard error of estimate (%)

Load

All

0.45

162

EMC

All

0.27

117

EMC

6 subsets

0.42

76

The main limitation with modelling smaller subsets was the increased likelihood of over
fitting the available data. In general, less confidence was placed in models constructed
on small data domains, particularly if the models were highly complex. The EMC
models constructed on the six subsets of data tended to have lower numbers of data
records per explanatory variable compared to the models constructed on the entire
dataset.

However, the subsets of data were likely to have more homogeneous

characteristics, thereby making them more conducive to modelling.
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As with the models constructed on the entire dataset, the EMC models constructed on
smaller subsets of data incorporated multiple combinations of explanatory variables.
The most commonly used variable was antecedent dry days, which was used in more
than half of the models. The regression coefficient associated with antecedent dry days
was always greater than zero, in accordance with the theoretical buildup of pollutants
during dry weather periods.
Average rainfall intensity and rainfall duration were included in approximately one
quarter of the models. As with the EMC models constructed on the entire dataset, the
coefficients associated with rainfall intensity were always positive, suggesting that the
increased erosive power of high intensity rainfall and/or runoff may increase pollutant
concentrations in runoff. The coefficients associated with rainfall duration were always
negative, implying the presence of dilution effects or decreased erosion associated with
long duration, low intensity drizzles. The strong correlation between rainfall duration
and rainfall intensity was implied by the fact that the two variables were rarely used in
the same model.
Residential landuse was used in approximately one third of the models. The mainly
positive regression coefficients, suggested that such areas were potential sources of
pollutants.

Commercial and industrial areas tended to have negative regression

coefficients, suggesting that such areas had decreased sources of pollutants compared to
the remainder of landuses. Alternatively, the lower concentrations may be linked to the
large portions of impervious area in these catchments.

The negative regression

coefficients associated with impervious area suggest that an increased quantity of runoff
from these surfaces potentially dilute pollutant concentrations.
Dougherty et al. (2006) constructed a series of regression models to predict annual
diffuse pollutant flux in three urbanising catchments near Washington D.C. A number
of water quality constituents were analysed including particulate phosphorus (PP),
particulate nitrogen (PN), total soluble phosphorus (TSP), total soluble nitrogen (TSN),
total phosphorus (TP), total nitrogen (TN) and total suspended solids (TSS), . The
independent variables used in the regression models included mean annual precipitation
depth (MAP), percent impervious area (IA), percentage minimum tillage (MinTill),
percentage conventional tillage (ConvTill), percentage livestock/pasture (Pasture),
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percent total agriculture (TotalAg), percentage urban (Urban), and percentage forest
(Forest). The functional form of the regression models is as follows:
n

y  β 0   β i log (x i )

(4.18)

i 1

Where y = pollutant flux (kg/ha/yr),
xi = the ith explanatory variable,
i = regression coefficient associated with the ith explanatory variable,
0 = intercept.
Variables were entered in the regression model using a forward stepwise procedure.
The results from these analyses are presented in Table 3.13. It can be seen that mean
annual precipitation depth was the most important variable used in the models. This is
due to the fact that pollutant flux is directly proportional to runoff depth, which is in
turn, directly proportional to precipitation depth.

Table 3.13: Annual nonpoint source pollutant flux regression models using impervious
area as a key explanatory variable (Dougherty et al. 2006)
Dependent

Conv

Variable
-1

-1

(kg ha yr )

R

2

MAP

IA

Till

Pasture

Urban

Intercept

(mm)

(%)

(%)

(%)

(%)

PP

0.32

-0.3

9.0E-4***

-1.2E-2

-

-1.0E-2*

-

PN

0.28

-0.9

3.3E-3***

-6.3E-2*

-

-5.4E-2***

-

TSP

0.34

-0.21***

2.0E-4***

1.5E-2*

8.2E-3***

-

-4.1E-3

TP

0.3

-0.05

1.2E-3***

4.9E-2

-

2.3E-2**

-2.9E-2

Symbol indicates p-value for the test that the coefficient = 0(*** = p < 0.01; ** = p < 0.05; * = p <
0.10; none = p > 0.10).

Percent impervious area was entered into every model predicting annual pollutant flux.
This is probably due to the fact that percent impervious area may determine the portion
of rainfall that is converted to runoff. This in turn allows a more accurate prediction of
pollutant flux.
For the most part, the p-values associated with pasture were generally lower than those
associated with impervious area, indicating that pasture may explain a greater portion of
the variation in annual pollutant flux.
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It was noted that mean impervious area typically varied during the course of a year.
This gave rise to a term called delta IA, which was equal to the difference between the
impervious area at the beginning and end of a year. It was assumed that this variable
was an indicator of urban soil disturbance, via activities such as construction.
A series of regression models were then constructed using delta IA as a key explanatory
variable. The coefficients of determination associated with these models are presented
in Table 3.14. On average, the regression models using delta IA as a key explanatory
variable were slightly more accurate than those using average impervious area as the
key explanatory variable.

Furthermore, the p-values associated with the delta IA

variables tended to be significantly lower than those associated with mean impervious
area. This suggests that delta IA is a better descriptor of variations in pollutant flux.

Table 3.14: Accuracy of annual nonpoint source pollutant flux regression models using
delta IA as a key explanatory variable (Dougherty et al. 2006)
Dependent
variable
(kg ha-1 yr-1)

R2

TSS

0.35

PP

0.28

TSP

0.38

TSN

0.39

TP

0.29

TN

0.36

Advantages
Regional regression models offer a simplistic tool for exploring data.

Important

variables significantly influencing urban storm water quality may be identified (Hemain
1968 cited in Marsalek 1991). This information can then be used to improve data
collection in future studies (Driver 1990; Driver and Tasker 1990). Alternatively, the
identification of significant variables may be used to form hypotheses regarding
significant processes influencing stormwater quality. This information could then be
used to improve the predictive capability of physically based models. In addition,
regional regression models may be used to provide planning level estimates of urban
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stormwater quality at unmonitored sites, using a set of cheap, readily attainable
catchment variables (Driver 1990).
Disadvantages
A main limitation associated with regional regression models is linked to the fact that
they are just statistical models. This means that the correlations between variables do
not prove the existence of a cause and effect relationship. However, the insight of the
engineer viewing such models may enable further hypotheses to be tested.
In addition, the biased selection of catchments that do not cover the entire population
domain might occur, leading to poor extrapolation ability on catchments with
significant, undefined differences. This tendency may be minimised by restricting the
domain of application within specified boundaries.

For example, Driver (1990)

suggested that the regional regression models constructed using the NURP data from the
United States should only be applied on catchments with explanatory variables that lie
within the range of those used to calibrate the models.
Another main disadvantage of regression models calibrated using multiple catchments
distributed over large geographical areas is that they do not necessarily predict
accurately at individual catchments (Hoos 1996).
Multiple regression models cannot effectively cope with multicollinearity. For this
reason, studies including those by Brezonik and Stadelmann (2002) and Driver and
Tasker (1990) made sure that highly correlated explanatory variables were not used in
the same model. Despite this fact, degrees of correlation between variables can occur.
Driver and Tasker (1990) suggested that this could lead to situations in which it is
increasingly difficult to interpret the signs of the regression coefficients. The counterintuitive regression coefficient signs could also be a result of poor understanding of the
processes, the use of surrogate variables instead of other more significant variables, or
data errors (Driver and Tasker 1990). As a result, it is possible to construct a number of
equally valid regression models on the same dataset.
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3.8.3.2 Single site regression models

Many different types of single site regression models can be constructed. Single site
regression models can generally model stormwater concentration, yield or load data at
two different time scales; intra-storm or event. However, the uniqueness of individual
sites makes it difficult to identify a functional relationship that is universally applicable.
Even so, single site regression models provide simplistic means of analysing the
significance of a variety of explanatory variables, which can be subsequently used to
assist in the production of process-based models. The models can also be used to assist
in the calculation of annual or seasonal loads, as in the Driver and Tasker (1990) study.
Jewell and Adrian (1982) constructed a large number of different regression models to
predict both event and intra-event loads. The analyses were conducted on a dataset
containing 261 storm events from 26 catchments, located in 12 geographical areas in the
United States including Nebraska, Washington, North Carolina, Ontario and Florida.
The constituents analysed in the study were biological oxygen demand (BOD), chemical
oxygen demand (COD), ammonium nitrogen (NH4-N), suspended solids (SS), and total
phosphorus (TP). The majority of models analysed in the study were designed to
predict pollutant load at a site. The intra-event, event, catchment and broad scale
climatic variables analysed in the study are shown in Table 3.15.
The variability in the dataset was initially analysed. A number of correlation matrices
were constructed to identify significant explanatory variables, and also identify
correlations between such variables. Explanatory variables strongly correlated with one
another were not typically incorporated into the same model.
Outliers were then removed from the dataset using scatter plots between the response
variables and the primary explanatory variables. All available event load variables were
plotted against total storm load runoff; average runoff intensity and antecedent dry days,
for 9 of the most frequently sampled catchments and the entire dataset. Only 4 out of
261 events were removed after viewing the aforementioned graphs.
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Table 3.15: Explanatory variables used in the Jewell and Adrian (1982) study
Variable
Category

Type

Units

Intra-event

Rainfall intensity

cm/h

Runoff intensity

cm/h

Cumulative rainfall volume

cm

Cumulative runoff volume

cm

Time since start of storm

min

Total rainfall

cm

Total runoff

cm

Average rainfall intensity

cm/h

Average runoff intensity

cm/h

Duration of storm

min

Antecedent dry days

days

Street cleaning practices

-

Drainage area

ha

Impervious area percentage

%

Street, parking area percentage

%

Landuse

-

Population density

capita/ha

Length of overland flow

m

Length of streets per area

m/ha

Catch basins per area

basins/ha

Latitude

-

Longitude

-

Event

Catchment

Broad scale climatic

Mean annual rainfall

cm

Mean annual temperature

0

Mean monthly rainfall

cm

Mean monthly temperature

0C

Rate of atmospheric deposition

kg/ha/d

C

A total of 15 different regression models were constructed to predict storm event loads.
The different functional forms analysed included log-log, semi-log and linear. Only the
explanatory variables were logarithmically transformed in the semi-log models. The
most basic models used two or three storm variables. In contrast, more complicated
models for predicting event loads from a number of sites also used catchment and/or
broad scale climatic variables.
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Total storm runoff and average runoff intensity were not used in the same model, since
they were likely to be strongly correlated with one another. These two variables were
generally the first variables entered into the regression models, hence the most
significant. The significance of total storm runoff was likely to be due to the known
relationship between runoff load, concentration and volume.

Storm duration was

generally the second variable entered into the regression models. Antecedent dry days
was also found significant, although more so for the ammonium-nitrogen model as
opposed to the models predicting suspended solids or chemical oxygen demand.
Catchment variables were rarely used in the models, and not generally found to be
significant. Broad scale climatic variables were only occasionally used in the models,
and were not as significant as storm variables. The most significant broad scale climatic
variables were atmospheric deposition rate, mean monthly rainfall and mean monthly
temperature.
When the models were calibrated using all the available data, it was generally found that
the models using just storm variables were as accurate as those using catchment or broad
scale climatic variables. This was contrary to the findings of Driver and Tasker (1990)
and Brezonik and Stadelmann (2002), who found catchment variables to be significant
predictors of storm load.
In particular, the known relationship between drainage area and storm load was not
modelled in the study by Jewell and Adrian (1982), suggesting that the catchments may
have been comparably sized. Jewell and Adrian (1982) also used runoff variables rather
than rainfall variables, which negated the need for catchment descriptors (such as
impervious area) defining the amount of rainfall converted to runoff.
The extent of universality is an important feature of any urban stormwater quality
model.

The homogeneity of regression coefficients associated with the models

calibrated at different sites was suggested to infer the universality of such models.
Viewing coefficients for all models was perceived to be excessively time consuming,
therefore one single log-log model was analysed in detail:
ln(L e )   0  1  ln(ADD)   2  ln(DRN)   3  ln(ARFI)
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(3.19)

Le = storm event load (kg),
ADD = antecedent dry days (d),
DRN = duration of storm (min),
ARFI = average runoff intensity (mm/h),
0, 1, 2, 3 = regression coefficients.
The calibration coefficients presented in Table 3.16 were not constant from site to site,
although certain trends were present.

The regression coefficient associated with

antecedent dry days was always greater than zero, inferring the validity of the
commonly assumed buildup phenomena.

The coefficients associated with storm

duration and average rainfall intensity were both approximately equal to one when the
model was calibrated at individual sites. Longer duration storms typically had increased
runoff volumes, hence increased loads. Larger average runoff intensities, on the other
hand, had increased erosive power, resulting increased pollutant loads.

Table 3.16: Variation of suspended solids regression coefficients between sites (Jewell
and Adrian 1982)
Sample
Basin

size

R2

0

1

2

3

Overall

118

0.63

2.328

0.481

0.313

1.2

Lincoln NB #2

8

0.86

2.715

0.634

0.798

1.35

Lincoln NB #3

10

0.87

2.721

0.109

0.905

1.48

Seattle WA #1

19

0.65

0.54

0.498

0.696

0.906

Seattle WA #3

21

0.57

1.744

0.251

0.622

1.12

Seattle WA #4

17

0.76

1.901

0.235

0.487

1.23

Durham NC

33

0.83

2.624

N/A

1.03

1.15

The functional form of the regression equation also had an impact upon the accuracy of
the final models. The optimum model for each catchment and response variable was
first identified. The optimum models were then grouped and summated according to the
functional form. Log-log models had the largest number of best fits (26), linear models
had the next most (12) and semi log models had the least (2).
A total of 15 different regression models predicting intra-storm event loads were then
constructed. Once again, the different functional forms analysed included log-log, semi73

log and linear. Only the explanatory variables were logarithmically transformed in the
semi-log models. The most basic models used two or three intra-storm variables, while
more complicated models for predicting intra-storm loads from a number of sites also
used catchment or broad scale climatic variables.
Similar results were obtained from models predicting suspended solids, chemical
oxygen demand and total phosphorus. The intra-storm variables were almost always
found to be significant. In the vast majority of models, instantaneous runoff intensity
was the first variable entered, hence was considered the most significant. Time since the
start of the storm was the second most commonly used variable in the models, and was
generally found to be significant.

Cumulative runoff volume was the third most

common variable and was generally entered late in the model building process.
Antecedent dry days was not used very often and was generally entered into the models
quite late.
Most catchment and broad scale climatic variables were not found to be significant.
However, atmospheric deposition, mean monthly rainfall and mean monthly
temperature were generally found to be significant, although typically entered the model
late.
The functional form was found to influence the accuracy of the intra-storm regression
models.

The optimum model for each catchment and response variable was first

identified. They were then grouped and summated according to the functional form.
Log-log models had the largest number of best fits (31), linear models had the next most
(11) and semi log models did not have any.
Overall, the instantaneous models tended to have larger coefficients of determination
than the total load models. This may have been due to the fact that the instantaneous
flux “…data was one step closer to its source.” (Jewell and Adrian 1982, p. 482) It may
also have been due to the increased sample sizes associated with instantaneous flux
models, which more readily allowed the identification of dominant trends in the data.
The high coefficients of determination associated with a large number of the models
calibrated using all available data infers a certain amount of universality for most
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models. To further analyse model universality, Jewel and Adrian (1982) viewed the
between site differences in regression coefficients associated with one model:
ln(Fi )   0  1  ln(IRF)   2  ln(TSSS)

(3.20)

Fi = instantaneous load flux (kg/min),
IRF = instantaneous runoff intensity (mm/h),
TSSS = time since start of the storm (min),
0, 1, 2 = regression coefficients.
The results differed slightly depending upon the type of dependent variable analysed;
suspended solids or chemical oxygen demand.

It was observed that regression

coefficients also varied between sites. The regression coefficients associated with the
time since the start of the storm were always negative. This suggested that accumulated
pollutants present on the catchment surface were sequentially depleted by rainfall and
runoff, leading to decreased load fluxes late in the storm.
The regression coefficient associated with instantaneous runoff intensity was always
slightly greater than 1 in the suspended solids models. This suggested that the increased
erosive power associated with greater runoff intensities produced higher load fluxes of
suspended solids.

The regression coefficients associated with instantaneous runoff

intensity were either slightly more or less than one in the COD models, suggesting that
either dilution or erosion effects dominated, depending upon the analysed catchment.
Overall it was found that no single regression algorithm was more accurate than the
others at modelling pollutants in stormwater. The optimum model typically varied
between constituent type and studied site. In addition, the calibration parameters of
regression models varied between sites, even for sites within a similar geographic
locality. Therefore, Jewell and Adrian (1982) concluded that statistical analyses were
required at single sites in order to effectively model stormwater loads.
Another study of at site regression models was carried out by Vaze and Chiew (2003b).
The authors compared 5 different single site regression models to a process-based model
similar to one regularly used in the Storm Water Management Model (SWMM) model.
Simulations were carried out using stormwater data from 3 different Australian sites
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located in Melbourne and Brisbane. The characteristics of the sites are presented in
Table 3.17.

Table 3.17: Site characteristics associated with a study by Vaze and Chiew (2003b)
Independent

Blackburn

Sandy

Cressy

Variable

Lake

Creek

Street

Drainage area (ha)

200

227

107

Impervious area (%)

67

42

44

Residential area (%)

47

66

100

Industrial area (%)

53

0

0

Open area (%)

0

18

0

Ave. catchment slope (%)

3

4

2

Runoff data was obtained at one-minute intervals at the catchment outlets. In addition,
the rainfall data available at either 5 or 6 minute intervals was uniformly disaggregated
to construct one minute rainfall information.

Furthermore, large events that were

deemed to have significant portions of runoff flowing from pervious surfaces were
removed from the datasets in order to construct an additional dataset containing only
small storm events.
The number of events in each dataset at each catchment is shown in Table 3.18. Both
datasets were then used to calibrate the various models using a cross validation
technique and a leave one out analysis. The cross validation technique used 50% of the
data for calibration and 50% for validation.

Table 3.18: The total number of events and number of small events in each catchment
in a study by Vaze and Chiew (2003b)
No. of events
Catchment

All events

Small events

Blackburn Lake

20

16

Sandy Creek

14

11

Cressy Street

18

10

The five regression models analysed in the study were generally power relationships
between load and rainfall and/or runoff. The first four models were technically rating
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curves, while the last was a regression equation. The first equation used total storm
rainfall (TRND) to predict event load (Le):
L e  a  TRND b

(3.21)

While the second equation used total storm runoff (TRFD) as the independent variable:
L e  a  TRFD b

(3.22)

The remainder of regression models focused upon the prediction of total event loads
using intra-storm rainfall and/or runoff intensities. The first of such models simply used
1-minute rainfall intensity (RAI1) to predict total load:
n

L e  a   RAI1ib

(3.23)

i 1

The second model used 1-minute runoff rate (RFR1) to predict total load:
n

L e  a   RFR1ib

(3.24)

i 1

While the third model used both intra-storm variables in the single model:
n

n

L e  a   RAI1  c   RFR1id
i 1

b
i

(3.25)

i 1

a, b, c, d = calibration parameters.
All of the regression models analysed in the study, in one way or another, appeared to
focus upon the modeling of the known relationship between load and runoff volume.
Rainfall variables are generally highly correlated with runoff variables at single sites,
making rainfall a useful surrogate for runoff when constructing at-site models. In
addition, the intra-storm runoff rate and rainfall intensity variables are basically just
surrogates for runoff volumes, when the time intervals between successive values are
constant.
After calibration, the validation errors from the various models were compared. It was
found that the most accurate model overall was the regression model using both intrastorm runoff rates and rainfall intensities. The second most accurate model was the
process-based model. The next best models were the two remaining models using intrastorm independent variables, and the least accurate models were those using total event
rainfall or runoff variables.

77

The relative success of each model varied slightly depending upon the analysed
catchment. In addition, results were typically better when the leave one out analysis was
applied and when only the small storms were analysed. One of the most important
conclusions from the study was considered to be the significant improvement of the
regression model using two intra-storm variables over the process-based model. The
model suggests that both rainfall and runoff influence water quality at the pour point.
Advantages
One of the main advantages of at-site regression models is that they are simple and
quick to calibrate compared with the more complicated buildup-washoff algorithms or
computer simulation models. This enables the rapid determination of the significance of
a large number of independent variables. Their generally simplistic functional form also
allows their application at many catchments that may be outside the scope of other
physically based models. They also allow an exploration of data that could possibly
lead to the construction of more applicable physically based models.
Disadvantages
The main limitation with at-site regression models is linked to their statistical origin.
The determination of statistical significance does not necessarily suggest the presence of
a cause and effect relationship. This may limit the application of at-site regression
models on sites outside the calibration domain (Marsalek 1986 cited in Chen and Adams
2007). Furthermore, Servat (1986) cited in Chen and Adams (2007) noted that large,
potentially infrequent events tend to bias the calibration of statistical models. However,
this occurrence may be minimized by constructing regression models upon
logarithmically transformed data. Alternatively, large events could be removed from the
dataset during preprocessing, as in the study by Vaze and Chiew (2003b).
Another disadvantage is that an inappropriate specification of the functional form of a
model may lead to poor results. In multiple variable models, the determination of a
suitable functional form is extremely time consuming if no insight is used to narrow
down the search. However, characteristics of the data (such as the lognormality of many
environmental variables) may be used to limit the search.
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3.8.3.3 Rating curves

Rating curves are simply a specific type of regression model relating concentrations,
yields or loads with flowrate or runoff volume (Huber 1992). They are typically power
relationships. Chiew and McMahon (1999) and Barbe et al. (1996) described the typical
power relationship existing between runoff volume and pollutant load as:
L  a  RFV b

(3.26)

where L = pollutant load (kg),
RFV = runoff volume (m3),
a, b = calibration constants.
The algorithm may be calibrated using event loads and total storm volumes (Barbe et al.
1996). Alternatively intra-storm time steps in loads and volumes may be used to
calibrate the model (Tsihrintzis and Hamid 1998). Time steps of equal intervals must
also be used when modelling intra-storm variability. Otherwise bias may enter into the
calibration process, leading to suboptimum model performance.
Foster (1980) cited in Hill (1986) stated that the accuracy of poorly fit rating curves may
be improved by separating data based upon season, or depending upon whether or not it
belongs to the rising or falling stage of the hydrograph. Furthermore, Tsihrintzis and
Hamid (1998) separated data into two subsets based upon the number of dry days
preceding storm events.
The advantages and disadvantages associated with rating curves are practically identical
to those for at-site regression models.

3.8.4

Buildup/washoff

The buildup-washoff model is a common type of physically based model used in urban
stormwater quality modelling. Physically based models provide basic representations of
the main physical processes occurring in reality. Buildup models typically quantify the
dry weather accumulation of pollutants, while washoff models quantify the successive
washoff of accumulated pollutants during storm events.
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3.8.4.1 Buildup

Buildup models are a type of model that define the broad spectrum of complex
processes that influence pollutant accumulation on the catchment surface during periods
of dry weather.

Important processes influencing buildup include atmospheric

deposition, wind removal and various anthropogenic activities such as street cleaning
and vehicular movement (Huber 1992). The wide range of climatic and site specific
factors influencing pollutant buildup makes it extremely difficult to precisely quantify
the phenomenon.
Factors affecting sediment buildup on impervious surfaces include:


pollutant type;



climatic factors (rain and wind);



time of year or season;



landuse/landcover;



catchment topography;



miscellaneous human activities.

These factors are generally linked to pollutant sources and/or transport mechanisms.
The relative importance and interrelationships between these factors is difficult to
quantify. As a result, it is extremely difficult to quantify buildup at sites with no prior
sampling. This was supported by Huber (1992) who stated that the use of literature
values to predict buildup could lead to model predictions being more than an order of
magnitude out.
A large number of buildup algorithms have been formulated using antecedent dry days
as the key explanatory variable. They are typically based upon the assumption that
processes, such as atmospheric deposition, lead to the increased accumulation of
pollutants on the catchment surface over time. Several studies have supported this
hypothesis (Sartor and Boyd 1972; Barret et al. 1995; Deletic et al. 1998 cited in Vaze
and Chiew 2002a).
However, Vaze and Chiew (2002a) noted that the large scatter observed in the typically
small data sets made it difficult to hypothesise the exact functional form of the buildup
relationship.

The use of small datasets may also lead to the conclusion that no
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significant relationship exists between antecedent dry days and pollutant accumulation.
This may be due to the presence of additional interrelated factors masking the
relationship. For example, Ball et al. (1998) observed that wind events lowered the
amount of constituent on the studied road surface.
Furthermore, a study by Charbeneau and Barret (1998) found that no significant
relationship existed between antecedent dry days and pollutant load on the watershed.
For this reason, the authors concluded that the initial pollutant load on the catchment
surface was best represented using a random, lognormal distribution.
Assumptions regarding the relationships between preceding storms and pollutant
buildup may have a significant impact upon the final model predictions. For simplicity,
many buildup models assume that the bulk of pollutant is removed by preceding storm
event/s. This suggests that pollutant buildup begins from zero after each storm event.
However, Malmquist (1978) and Chiew et al. (1997) cited in Vaze and Chiew (2002a)
suggested that only a small portion of the total pollutant load is typically removed by
storm events. This suggests the need for rigorous long-term simulations or calibrations
of buildup-washoff models. Alternatively, it may also be assumed that pollutant buildup
reaches its maximum level quickly following a storm event, negating the need for
modelling pollutant buildup at all (Vaze and Chiew 2002a).
There are a large number of available algorithms for modelling the buildup of
contaminants on the catchment surface. Many of the more complex algorithms that
incorporate a large number of factors are difficult to apply in practice. This is due to the
fact that a large amount of data is typically required to calibrate such models. The
attainment of such data is both expensive and time consuming. This suggests the need
for simpler models with fewer parameters. Even though such models do not accurately
depict all the relevant processes, they still may be able to replicate the dominant
relationships influencing the pollutant accumulation.

Most of the simpler models

forecast pollutant buildup using antecedent dry days as the dependent variable.
Marsalek (1991) suggested that the most appropriate algorithm representing the buildup
process could only be identified following the analysis of site data.
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Linear
The assumption that pollutant buildup linearly increases with increasing antecedent dry
period has been supported by a number of studies including Huber (1992), Barbe et al.
(1996) and Ball et al. (1998). Miller (1999) also stated that a linear buildup is often
assumed, despite the fact that it is widely recognised that a limiting pollutant load exists.
The linear buildup model used in SWMM4 simply uses a daily deposition rate to define
the buildup of pollutants on the catchment surface. The functional form of the algorithm
is:
L ta  dr  ADD

(3.27)

Lta = total load of accumulated pollutants (g),
ADD = antecedent dry period (d),
dr = deposition rate (g/d).
If the previous storm only washes a small portion of the accumulated load from the
catchment surface, pollutant accumulation should start from a nonzero value at the end
of the storm. Barbe et al. (1996) used long-term calibration procedures to factor in this
phenomenon, although this procedure is difficult to apply in practice. This is because it
requires monitoring of sequential storms over long periods of time to fully capture
pollutant buildup and washoff relationships.
However, if the previous storms are ignored, an assumption of pollutant accumulation
starting from zero may lead to gross underestimations of pollutant buildup, particularly
for small storms occurring within short periods of one another. Ball et al. (1998)
attempted to overcome this problem by using a less rigorous rationale to derive a linear
algorithm. The algorithm assumed that pollutant accumulation started from a fixed
value after each storm, and linearly increased as the antecedent dry period did. The
functional form was as follows:
Lg  a  t c  b

(3.28)

Lg = accumulated pollutant load per length of gutter (mg/m gutter),
tc = time since previous cleansing event (d),
a, b = empirical constants.
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Even though the algorithm was developed specifically for road surfaces, it is assumed
that similar functional forms would also be applicable for other impervious catchment
surfaces. However, instead of estimating the accumulated load per length of gutter, load
accumulation would be estimated in terms of load per area.
Power
Ball et al. (1998) also formulated a power algorithm in their assessment of pollutant
availability on road surfaces. The functional form of the model was identical to the
form used in SWMM, aside from the units of the dependent and independent variables.
Tsihrintzis and Hamid (1998) defined the SWMM algorithm as follows:
L a  a  ADD b

(3.29)

La = accumulated pollutant load per area (g/m2),
ADD = antecedent dry period (d),
a, b = empirical constants.
The main advantage of the power algorithm over the linear algorithm is based upon the
assumption that pollutant accumulation in the power model does not occur at a constant
rate, irrespective of the antecedent dry period. This enables the model to account for a
high rate of pollutant accumulation occurring immediately after a storm event, and
decreasing rates thereafter. However, the algorithm does not incorporate an asymptotic
maximum, inferring that extremely long periods of dry weather could still significantly
overestimate pollutant buildup, though by less than the linear algorithms.
Michaelis-Menton
The SWMM model also has a number of algorithms available that make use of an
asymptotic maximum of pollutant accumulation. One such algorithm is the MichaelisMenton buildup algorithm:
 t
L a  L m   s
 th ts





(3.30)

La = accumulated pollutant load (g),
Lm = maximum accumulated pollutant load (g),
th = the number of days it takes for half the maximum pollutant load to accumulate (d),
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ts = time since the previous storm event (d).
As the length of the antecedent dry period increases, the accumulated load on the
catchment approaches the maximum value.
Kuo et al. (1993) also used the Michaelis-Menton algorithm in SWMM to define dust
and dirt accumulation on curb sides. Ball et al. (1998), on the other hand, derived a
hyperbolic function similar to the Michaelis-Menton equation during their study of
pollutant availability on road surfaces. The functional form of the equation was as
follows:
La 

ts
a  bt s

(3.31)

As with the Michaelis-Menton equation, the hyperbolic function also approaches an
asymptotic maximum when the antecedent dry period becomes increasingly large.
Exponential
The buildup process is generally modelled using exponential buildup functions (Zoppou
2001). The exponential algorithms typically make use of the principle of maximum
pollutant accumulation. This phenomenon was supported by Sartor and Boyd (1972)
and Shaheen (1975) cited in Ball et al. (1998), who stated that the deposition and
removal rates of pollutant on road surfaces typically approach equilibrium after a certain
length of time.

This phenonemon may be assumed to occur on other impervious

surfaces within the catchment, giving rise to the following algorithm:
L a  L m  1  exp(  x  t s ) 

(3.32)

where, x = accumulation decay coefficient (1/d),
Lm = the maximum pollutant load accumulating on the catchment surface (g/m2).
The removal of pollutants from the catchment surface during dry weather periods is
associated with wind activity and vehicular related turbulence.
The treatment of previous storm events may affect the accuracy of the exponential
buildup model. For example, in many applications it is assumed that storm events are
independent of one another. Consequently, pollutant buildup after a given storm event
is assumed to start from zero. As with all models making this assumption, this may lead
to large errors when analysing storm events occurring shortly after one another. Deletic
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et al. (1997) made reference to another exponential model developed by Sartor and
Boyd (1974) which factored in the amount of pollutant remaining on the catchment
surface after the previous storm event:
L a  L m  1  exp  x  t s  t   

(3.33)

where t  = the virtual time (d).
The virtual time variable is used to account for the amount of pollutant remaining on the
catchment surface following the preceding storm event. It is based upon the assumption
that there is zero pollutant accumulation t’ days prior to the preceding storm event, as
shown in Figure 4.1. As with the other models factoring in the amount of pollutant on
the catchment from the previous storm event/s, it requires water quality data from a long
series of rainfall events for effective calibration.

Figure 3.1: Continuous exponential buildup algorithm (Deletic et al. 1997).

Novotny
Another model has been developed to account for the amount of pollutant removal by
prior storm events. The buildup function was derived from a theoretical assumption
developed by Novotny (1995) cited in Zoppou (2001). It was assumed that the rate of
pollutant accumulation was proportional to the difference between the maximum
pollutant buildup and the amount of pollutant on the catchment surface:
dL B
 LM  k BLB
dt

(3.34)

After integration, the equation defining pollutant buildup is:
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L B (t) 

L M (1  exp( k B t ))
 L B (0) exp( k B t )
kB

(3.35)

LB(t) = the buildup of pollutant load at time t (g/m2),
LM = the maximum accumulation of pollutant between storms (g/m2),
kB = the coefficient of pollutant buildup (1/d),
LB(0) = initial pollutant buildup (g/m2).
Once again, the maximum limit of pollutant accumulation between storms infers that
pollutant accumulation and pollutant removal reach a dynamic equilibrium after a
certain period of time. Furthermore, the determination of the initial pollutant buildup is
difficult, requiring long term storm data. This limits the practicality of the model.

3.8.4.2 Washoff

Washoff is a process that describes the depletion of pollutants from the catchment
surface by rainfall and runoff (Vaze and Chiew 2003a). Most washoff algorithms
generally attempt to define the removal of pollutants from impervious surfaces.
Despite similarities between washoff algorithms, models may differ with respect to the
fundamental assumptions forming the basis of model derivation.

For example,

Sivakumar and Boroumand-Nasab (1995) used fundamental knowledge of shear stress
to derive a pollutant washoff algorithm, whereas Vaze and Chiew (2002a) inferred
washoff models might be formulated from basic assumptions of “exponential decay”.
Table 3.19 adapted from Vaze and Chiew (2003a), identifies a wide range of the most
significant processes or storm variables influencing pollutant washoff.
Barbe et al. (1996) identified a number of studies that found runoff volume predicted
pollutant washoff better than runoff rate:


Diniz (1979);



Singh and Chen (1982);



Wegener and Malone (1982);



Singh and Krstanovic (1988).

Vaze and Chiew (2003b) inferred that both rainfall and runoff were significant in
defining pollutant washoff.

The authors analysed five regression models and one

process based model. The validation results suggested that the regression model that
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used both intra-storm rainfall intensity and runoff rate performed better than models that
only used one independent rainfall or runoff variable.

Table 3.19: Most significant processes or variables found to influence pollutant washoff
(adapted from Vaze and Chiew 2003a)
Significant process or variable

Supporting reference/s

Rainfall impaction

Price & Mance (1978)
Coleman (1993)
Wischmeier & Smith (1958, 1965)

Overland flow shear stress

Nakamura (1984)
Akan (1987)
Deletic et al. (1997)

Rainfall volume

Pravoshinsky & Gatillo (1969)

Rainfall intensity

Sartor & Boyd (1972)
Yaziz et al. (1989)

Runoff volume

Hartigan et al. (1978)
Diniz (1979)
Barbe et al. (1996)

Runoff rate

Lager et al. (1971)
Ichikawa (1981)
Huber & Dickinson (1988)

Most washoff algorithms generally assume that the removal of pollutants is proportional
the amount of pollutant on the catchment surface (Zoppou 2001). Metcalf and Eddy Inc.
et al. (1971) cited in Millar (1999) defined the following mathematical relationship to
describe the aforementioned phenomenon:
dL r
  k Lr
dt

(3.36)

Lr = accumulated pollutant mass available for washoff (kg),
tb = time since the beginning of the storm (s),
k = decay coefficient (s-1).
Furthermore, it is often assumed that the decay coefficient (k) is proportional to the
runoff rate per unit area (Millar 1999 and Zoppou 2001). This yields the following
relationship:
dL r
  w r Lr
dt

(3.37)
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w = empirical washoff coefficient (mm-1),
r = runoff rate per unit area (mm/s),
Integration of this relationship leads to the following equation:
L r  L 0  exp  w  RFD 

(3.38)

L0 = initial pollutant mass on the catchment surface (kg),
RFD = runoff depth (mm).
Pollutant washoff may then be defined using the difference between the initial storm
load and the pollutant mass remaining on the catchment surface, yielding:
L T  L 0  1  exp  w  TRFD  

(3.39)

LT = total pollutant mass washed from the catchment surface (kg),
TRFD = total runoff depth (mm).
As the volume of runoff increases, the amount of pollutant washed off asymptotically
approaches the amount that was originally accumulated on the catchment surface. The
asymptotic relationship also suggests that as runoff volume increases, the pollutant
concentration approaches zero. The equation for concentration during a storm event can
be derived from the following relationship:
C (t) 

1
dL

DA d(RFD)

(3.40)

C (t) = pollutant concentration at time t,
Solving this equation using the previously derived load equation yields:
C (t) 

w LI
 exp   w  TRFD 
A

(3.41)

Where the initial concentration (C0) approaches the value:
CI 

w LI
A

(3.42)

Charbeneau and Barret (1998) also developed an equation for estimating EMCs based
upon the exponential washoff model and a basic relationship for calculating EMC from
runoff load and volume:
EMC 

LT
DA  TRFD

(3.43)

The final EMC prediction equation was found to be:
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EMC 

CI
 1  exp  w  TRFD 
w  TRFD

(3.44)

The exponential washoff model does not account for erosion of pervious surfaces or in
stream sediments. Therefore, the domain of application associated with the model is
often restricted to small, highly impervious catchments that are not significantly
influenced by such processes.

In addition, the asymptotic algorithm infers that

concentrations during the latter part of a storm event approach zero, which rarely ever
occurs in practice.
A study by Charbeneau and Barret (1998) calibrated an exponential buildup-washoff
model at eight urban sites. The results from the analyses showed that the empirical
washoff coefficient (w) varied between sites and between storm events at individual
sites. The empirical washoff coefficient was also found to be significantly correlated
with total storm runoff.
The equation for the line of best fit drawn for a plot of total storm runoff (VT) versus the
empirical washoff coefficient was derived:
w

1.87
VT

(3.45)

A coefficient of determination of 0.891 was associated with this relationship, calculated
using logarithmically transformed data from all the storm events at all the catchments.
The data from the line of best fit was then substituted into the equation defining the
fraction of pollutant washed off during a storm event:

1  e

 w  TRFD

 1  e

1.87

  0.85

(3.46)

The result from the substitution implies that 85% of the pollutant load on the catchment
surface is removed during a storm event. The equation linking the empirical washoff
coefficient and the total storm runoff was also substituted into the equation for
calculating EMCs, yielding the following relationship:
EMC 

C1
2.2

(3.47)

The resulting relationship inferred that EMC was only a function of initial storm
concentration (C1), hence the amount of pollutant buildup on the catchments surface.
This may have important implications for future storm sampling in urban catchments.
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The lack of correlation between pollutant accumulation and antecedent dry days in the
analysed catchments also suggested that initial pollutant loads, and hence EMCs, may be
best treated as a lognormally distributed random variable. This implied that long-term
simulation of urban stormwater loads might be best generated using stochastic
approaches.
The exponential washoff algorithm was also applied on 4 small catchments in Austin,
Texas in a study by Haster and James (1994). The landuses in each of the catchments
were homogeneous, and it was assumed that sediment was only derived from
impervious surfaces.
A correlation between the number of preceding dry days (ADD) and the empirical
washoff coefficient (w) was observed:
w  0.997  ADD  0.304

(3.48)

The large value for the coefficient of determination (R2 = 0.9) inferred that the
relationship between the parameters was significant, despite the relatively small size of
the analysed dataset (n = 17). The authors suggested that the strong correlation inferred
that the solids were removed at faster rates as the antecedent dry days increased. This
may be due to the fact that soil particles tend to be more cohesive when moisture content
is relatively high.
It may also have resulted from the mechanical break down of large particles due to
vehicular movement, as implied within a study by Vaze and Chiew (2002). This
effectively increases the number of the fine particles readily removed during subsequent
storm events.

In summary, Haster and James (1994) concluded that total rainfall

appeared to have little influence on the sediment yield.

3.8.4.3 Advantages

The process-based origin of buildup-washoff models suggests that they are universally
applicable at urban sites with high portions of impervious area. Some of the calibration
parameters in buildup-washoff models also have a physical basis. This allows the
specification of logical parameter bounds. These parameter bounds may be able to be
related to catchment characteristics such as the landuse of a catchment. This could
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allow the buildup-washoff models to be applied at sites with no prior sampling.
However, it is more likely that the parameter bounds would be used to minimise the
potential for illogical estimates of calibration parameters. However, there is also the
potential that the bounds might place excessive restrictions on the model form. This is
particularly true at sites where the model assumptions are violated. If the models are
forced to adopt the upper or lower bound for certain parameters, the accuracy of the
model is likely to be greatly reduced.

3.8.4.4 Disadvantages

There are a number of important limitations associated with the buildup-washoff
models.

Even though the buildup washoff models are process-based, they do not

replicate all the relevant processes affecting urban stormwater quality. However, it is
possible that such processes are indirectly or partially incorporated into the model
during the calibration of model coefficients. For example, the rainout and washout of
nitrogen compounds from the atmosphere can be a significant source of nitrogen
pollution in urban catchments. In stream scour of bed sediments is also anticipated to be
a significant source of sediment.

Even though these processes may be indirectly

factored into the model during calibration, they make the identification of the exact
processes difficult, if not impossible.
Most buildup-washoff models only attempt to describe the deposition and removal of
constituents from impervious surfaces. However, most urban catchments tend to have
significant portions of pervious area. In larger storm events, runoff from pervious areas
may contain significant amounts of certain constituents.

In addition, constituent

transport from pervious surfaces is likely to be governed by different processes. In most
urban catchments it is often difficult to separate the two types of surface, since they vary
on such a small spatial scale. This may be seen to limit the wide-scale applicability of
many buildup-washoff models.
A positive correlation between stormwater quality and runoff cannot be effectively
accounted for by some forms of the washoff model.

Such correlations might be

expected for particulate concentrations from catchments with high portions of exposed
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soil. System lag may also increase in the erosive power of runoff occurring late in the
storm event, leading to significant scour of in stream sediment and attached pollutants.
Corbett et al. (1997), for example, found that sediment erosion within an urban stream
channel contributed significant portions the total sediment load.

This was further

reinforced by the fact that peak flow rates in stream channels were generally an order of
magnitude greater than those on the surface of the land (Corbett et al. 1997). However,
system lag may only be significant in larger catchments. Therefore, it is often suggested
that most buildup-washoff models should only be applied on small, highly impervious
catchments (Miller 1999).
Another limitation of the buildup-washoff model is associated with the lack of pollutant
accumulation data. Vaze and Chiew (2002) noted that in most applications, buildup
data is indirectly estimated from end-of-pipe data. The authors suggested that this made
it difficult to determine whether or not pollutant washoff was transport limiting or
source limiting. The combined calibration of the buildup-washoff models can also
introduce inaccuracies in the washoff calibration; alternatively the washoff calibration
can affect the accuracy of the buildup calibration.

This can make it increasingly

difficult to specify universal bounds for the calibration parameters.
The calibration parameters associated with the buildup washoff model tend to be highly
site-specific. This implies that parameters must be calibrated at a site. Although some
literature guidelines for calibration parameters are available, their application at sites
with no prior modelling can lead to very large errors (Driver and Tasker, 1990). It is
also difficult to correlate parameter values with any one single catchment variable.
Multivariate statistics might offer a means of correlating buildup-washoff parameters
with catchment attributes, although a lack of data limits the number of variables that
could be analysed together.
In general, the more calibration coefficients in a particular model, the more data
required for calibration.

Therefore, simpler statistical models with less calibration

parameters might offer improved estimates of stormwater concentration at sites with
limited amounts of sampled data.

One possible advantage of continuous buildup-

washoff models is their ability to maximise the amount of data that is used to calibrate
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the washoff portion of the model by using intra-event data. This may decrease the
potential of over fitting the washoff model. However, the calibration of the buildup
portion of the model is still dependent upon the number of unique storm events.
Therefore, in situations where buildup is assumed to vary between storms in a manner
that can be modelled, the limiting factor affecting the possibility of over fitting would be
the number of storms rather than the number of intra-storm samples.
A large number of washoff algorithms model pollutant load with respect to runoff
volume. The known relationship existing between pollutant load and runoff volume
suggests that the model may appear to model more unexplained variability than it
actually does. The use of a constant concentration might be just as appropriate, even
more so, in catchments with limited amounts of data.

In addition, constant

concentration estimates also typically enable the generation of simplistic confidence
intervals associated with the estimates. This could be important in situations where the
variability of load estimates is important.
The majority of buildup-washoff models rely upon an assumption that the majority of
pollutants that build up during dry weather periods are washed off during storm events.
Some methods have been proposed to incorporate the pollutant mass remaining on the
catchment surface after the previous storm event (Barbe et al. 1996; Charbeneau and
Barret 1998; Alley and Smith 1981 cited in Chen and Adams 2007). However, in
practice, it is difficult to factor in the pollutant remaining on the catchment surface after
the previous storm event. Accurate modelling of such phenomena would require a
continuous series of storms to be sampled. This would be expensive and difficult to
achieve in practice. This is due to the fact if a single storm is not sampled or poorly
sampled, a series of sampled storms may not be used. If they were, the missing event
would require interpolation, thereby introducing additional errors and complexity into
the calibration process. The continuous series of storms measured could also be a
biased representation of EMC and runoff at a site, due to the seasonality of climatic
processes.
Overall, the calibration of most buildup-washoff models is hindered by the
interdependence and sensitivity of model parameters. This may lead to uncertainties in
model parameters, particularly when very limited data is available for calibration. For
93

this reason, models must be validated on independent data, to ensure the model
parameters are not over fitted. Over fitting is generally assumed to have occurred when
the errors associated with model predictions on storms within the validation set are
significantly larger than those on the calibration set.

3.8.5

Miscellaneous processes

3.8.5.1 Erosion models

The erosion of soil from pervious surfaces can contribute large volumes of particulate
contaminants in some urban catchments. Haster and James (1994) stated that the shear
stress of overland flow was proportional to soil detachment. This information was then
used to formulate the following equation defining soil detachment by overland flow:
(D r ) 

a
  Si  h i


(3.49)

Dr = soil detachment in overland flow (g/m3/m),
a = calibration constant (g2/kN.min.m2),
 = soil density (g/m3),
 = unit weight of water (kN/m3),
hi = depth of overland flow (m),
Si = slope of the overland surface.
In addition, the authors also derived an equation that defined the effect of rainfall
intensity upon soil detachment:
(D i ) 

b
(I r ) 2


(3.50)

Ir = rainfall intensity (m/min),
b = calibration coefficient (g2.min/m6),
Di = soil detachment by impacting raindrops (g/m3/m).
If the rainfall intensity is related to the depth of the overland flow, the two equations
may be expressed as one. However, there may be a small amount of lag present which
prevents the combining of the aforementioned equations.
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3.8.5.2 In stream modeling

Particulates may be suspended and settle in streams and channels depending upon the
velocity of the flow. Kuo et al. (1993) presented an equation defining the scouring
velocity of channel flow:
 8(s  1)gd 
Vsc  

f


1/ 2

(3.51)

Vsc = scouring velocity (m/s),
 = coefficient,
s = specific gravity of deposit matter,
g = gravitational constant (9.81 m/s2),
d = diameter of deposit matters (mm),
f = Darcy-Weisbach frictional coefficient (0.02-0.03) .
Particles suspended in streams and channels may also settle as the velocity of the flow
slows. Kuo et al. (1993) described an equation for the settling velocity of suspended
solids:
Vss 

g
(s  1)d 2
18μ v

(3.52)

Vss = settling velocity (m/s),
v = viscosity.
These equations may be used with knowledge of the particle size distribution of solids in
urban waterways to define the fate of suspended matter and its associated pollutants.

4.8.5.3

Atmospheric washout

An equation for defining the atmospheric washout of contaminants by precipitation was
developed by Slade (1968) cited in Burian et al. (2001):
D wet  C air  1  exp    t  H

(3.53)

where Dwet = the wet deposition per unit area (g/m2),
Cair = the atmospheric concentration before the rain event (mg/L),
 = the washout coefficient (min-1),
t = the duration of rainfall (min).
H = the depth of atmosphere through which the pollutant plume is mixed (m).
The washout coefficient in equation 3.53 is a function of the intensity of precipitation.
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3.8.6

Computer simulation models

A number of different computer simulation models are currently available to engineers
in order to model water quality.

The majority of the models rely upon accurate

estimates of pollutant load washed off urban catchments during storm events. These
estimates are made using various statistical or process-based models described in the
preceding subsections.
In addition, most computer simulation models define pollutant transport in receiving
waters.

A number of different computer simulation models and their associated

components are presented in Table 3.20.

In addition, a summary of the various

contaminants able to be modelled using a selection of different computer simulation
models is presented in Table 3.21.
MUSIC (Model for Urban Stormwater Improvement Conceptualisation) is a widely used
Australian decision support system, developed by the CRC for Catchment Hydrology
(CRCCH). Urban catchment managers throughout Australia may use MUSIC to:
1. estimate water quality originating from urban catchments;
2. forecast the effectiveness of stormwater treatment measures;
3. produce integrated stormwater management plans;
4. assess the overall success of catchment plans and/or individual stormwater
treatment measures.
MUSIC models water quality stochastically, using land-use based predictions of
stormwater quality derived from a study by Duncan (1999).

3.8.6.1 Advantages

There are a number of advantages associated with the use of complex computer
simulation models to predict urban stormwater quality. Chandler (1994) noted that the
computational power of computers allowed the integration of large amounts of data,
thereby allowing the simulation of complex, interrelated processes in the urban
stormwater system. The process-based nature of the models is also conducive to future
prediction of stormwater quality of a changing system.
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3.8.6.2 Disadvantages

One main disadvantage of the computer simulation models is their increased reliance
upon large amounts of accurate data to adjust various model values (Marsalek 1991). In
situations where the data is not available, approximations of such values can lead to
large prediction errors. The optimization of various model parameters may also be time
consuming and lack the transparency of more simplistic techniques. The significance of
key processes may also become lost within the multitude of assumptions associated with
the large numbers of interrelated processes defined in the models.
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Table 3.20: Components of computer simulation models (adapted from Nix (1991) cited in Zoppou (2001))
Model characterstics
Model

Routing level
Simple

Hydrologic

Time modelling scale
Hydraulic

Continuous

Event

Pollutant predictive model
Empirical

storage

Pollutant transport

Buildup-

Soil

Advective

Completely

Plug

washoff

loss

diffusion

mixed

flow

equation

reactor

Urban models

98

DR3M-QUAL

x

x

HSPF

x

x

MIKE-SWMM

x

x

QQS

x

x

STORM

x

x

x

x

X

x

x

x

x

X

x

x

x

x

x

X

x

x

x

x

x

x

x

SWMM Level 1

x

SWMM
Wallingford Model

1
x

x
x

x

x

x

x

x

x
x

x

x

x

x

x

x

2

x

x

x

x

x

x

x

x

x

x

x

3

Non-urban models
BRASS
HEC-5Q

x

QUAL2E-UNCAS

x

WQRRS

x

x

x

x

x

x

x

x

x

x

x

x

x

1, flow balance only; 2, with EXTRAN module; 3, advection only
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x

x

x

Table 3.21: Water quality parameters that can be predicted using computer simulation models (Zoppou 2001)
Model

Temperature

BOD

Total

Total

coliform

inorganic

NH3

TN

TP

DO

Alkalinity

pH

SS

Soil

Total

erosion

DS

Others

carbon
Urban models
DR3M-QUAL

7,9

HSPF

x

x

x

MIKE-SWMM

x

x

x

QQS

x

STORM

x
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x

x

x

x

x

x

x

x

x

x

x

x

SWMM

x

x

SWMM Level 1

x

Wallingford Model

x

x

x

x

x

x

x

10

x

7

9

x

6

7

x

x

x

x

x

5

x

x

3

7

x

x

1,2,7,9,10

3,7,8

9

Non-urban models
BRASS

a

11

HEC-5Q

x

3

QUAL2E-UNCAS

x

x

x

WQRRS

x

x

x

x

x

1

2

x

9,10

4

1

2

x

9,10

x

1

2

x

x

x

x

9,10

1, Nitrates and nitrites; 2, phosphorus; 3, CBOD; 4, ammonia as N; 5, suspended and volatile solids;, 6, orthophosphates; 7, suspended and settleable

solids; 8, oil/grease; 9, arbitrary pollutants; 10, aquatic organisms; 11, no water quality modelled.
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3.9

Validation

The calibration of any urban stormwater quality model is fraught with limitations.
Expressing all pertinent processes governing pollutant generation and transport is
impossible, due to the complexity of urban stormwater quality systems and a lack of
available data. Therefore, simplified models expressing the most important processes
are generally developed. A consequence of this is that model parameters are typically
uncertain, with many possible combinations of interrelated parameters providing similar
predictions of water quality in the calibration set. For this reason, it is often essential to
carry out model validation on data independent of the calibration process, to ensure that
the final models are correctly modelling the key processes governing urban stormwater
quality. Models predicting water quality from storms in the validation set are generally
deemed to be valid.
Data over fitting is a problem associated with any modelling activity and urban
stormwater quality modelling is no exception. The problem is more likely to arise when
using complex models and/or small datasets.
One way to ensure that a model does not overfit the data is to separate a portion of the
data into a validation set, which is not used to calibrate the model parameters. The
validation set should only used to test whether the constructed model has overfit the
data. The data is generally assumed not to be over fitted if the error associated with the
validation set is comparable to the error associated with the calibration set.
The segregation of data into calibration and validation sets can have an impact on the
extrapolation potential of the final model. If the calibration set is too small, the model
may not be optimised to a point where it is capable of accurately predicting future
values. However, if the validation set is too small and not representative of the data
domain, it is difficult to be confident of the model’s prediction ability.
Cross validation analyses may be used to overcome this problem. In cross validation
analyses, the data is separated into a number of subsets, typically of equal size. A
number of different models are calibrated using all the data aside from one subset,
which is used for validation. The calibration process is repeated until all of the subsets
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have been used as validation sets. The average validation errors may then be found by
averaging all the validation set errors.
On very small datasets, leave-one-out analyses may be used. Leave-one-out analyses
are a specific type of cross validation analyses, with a validation set size equal to one.

3.10 Accuracy
Judging the applicability of urban stormwater quality models often requires a suitable
quantitative measure that may be used to gauge the relative performance of one model
over another. There are a number of different “error measures” used to determine the
accuracy of the constructed model/s. Each error measure quantifies the divergence of
the model predictions from the observed values.
The manner in which the divergence is defined is specific to the type of error measure.
This means that different error measures may identify different models as “optimum”,
even when models are compared on the same data domain. This is due to the fact that
different error measures focus upon different features present in the data.
Graphical visualisation of the model predictions may also allow the identification of
trends or features hidden by the use of a single error measure value.

The main

limitations with graphical techniques is that they are time consuming and somewhat
subjective when comparing various models. In particular, important subtle differences
between model predictions may be difficult to isolate, especially when viewing plots
with large numbers of data points.
One important consideration when modelling urban stormwater pollution is whether to
focus upon analysing loads or EMCs. The selection of the most suitable dependent
variable to test model accuracy typically depends upon the chosen application for the
model. For example, determining if pollutant concentrations exceed acute toxicity
levels requires the determination of concentrations rather than loads.
The strong correlation between load and runoff volume also suggests that EMC may be
a more suitable variable to evaluate. Furthermore, it is possible to calibrate models
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using EMC data, and then convert the EMCs to loads to determine how well a model
forecasts loads (if it is assumed that the runoff volume is known).
The lognormal distributions associated with many urban stormwater quality variables
have direct implications upon the selection of appropriate error measures.

Many

engineers prefer viewing values percentages or untransformed values, rather than
grappling with logarithmically transformed numbers. However, the very large values
present in lognormal distributions tend to bias many simple and commonly used error
measures. This suggests the need for error measures that present the errors with less
bias.

3.10.1 Relative error

The relative error (RE) is equivalent to the residual error. This error is used to define
the difference between the observed and predicted dependent variable, as defined in the
following equation:
RE  ( y i  ŷ i )

(3.54)

y i = observed dependent variable
ŷ i = predicted dependent variable
The observed and predicted dependent variable may be any one of the following:


concentration;



yield;



load.

3.10.2 Average absolute error

The average absolute error (AAE) is a simple error measure that may be used to gauge
the relative performance of urban stormwater quality models. The equation for AAE is.
n

AAE 


i 1

y i  ŷ i
(3.55)

n

n = the number of values.
The absolute average error has the same units as the dependent variable on which it was
calculated. This means that direct comparisons between load, yield and concentration
models cannot be drawn without transformation of the predictive values. It is also
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difficult to draw an equitable comparison between EMCs from different storms and
sites. This is especially true when datasets containing mostly large values are compared
to sets containing mostly small values. In general, the smaller the values of EMCs, the
lower the absolute error.

3.10.3 Average absolute percentage error

The average absolute percentage error (AAPE) is a relatively simple error measure that
is easy to interpret. The equation for AAPE is.
n

AAPE 100 

 y i  ŷ i 



 yi
n

 abs  
i 1

(3.56)

The AAPE allows a direct comparison between models using load, yield or
concentration as the dependent variable. This arises from the division of the residual
error by the observed value of the dependent variable, which effectively removes the
units of the error.
The main limitation with this error measure is linked to the bias associated with over
predictions and under predictions.

The maximum error associated with an under

prediction is 100%, while the maximum error associated with an over prediction is
boundless. This effectively leads to situations whereby relatively small over predictions
of low values tend to be penalised much more than large under predictions of large
values. Hence, models that accurately predict low values tend to be deemed more
accurate than models that accurately predict the large values.
The fact that most urban stormwater quality variables are lognormally distributed infers
the applicability of the AAPE as a suitable error measure. The presence of many low
values in most datasets generally require more accurate prediction than the larger,
potentially outlying values. In addition, smaller EMCs are generally associated with
large runoff volumes, hence larger loads. Therefore, more accurate prediction of the
lower EMCs may lead to increased accuracy of long term load forecasts.
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3.10.4 Coefficient of determination

The coefficient of determination expresses the portion of the variability in the dependent
variable that is explained by the model. Coefficients of determination greater than zero
suggest that the evaluated model is more accurate than a mean estimate of the dataset
(Driver and Tasker 1990).
The mathematical equation for coefficient of determination is shown in equation 3.57:
 n
2 
  y i  ŷ i  

R 2  1   i n1
  y  y 2 
i

 
i 1

(3.57)

Where y = average of the observed values.
The coefficient of determination constructed on load data is not directly comparable to
the coefficient of determination constructed on EMC data. This is essentially due to the
greater portion of explainable variability in load data linked to the known relationship
between load and runoff volume.
In addition, coefficients of determination are often difficult to compare when models
have been constructed on different data domains. This is particularly true if one dataset
has a significantly lower variability in the dependent variable compared to the other
(Berry and Feldman 1985).
The coefficient of determination typically places a large amount of emphasis on large
values in the dataset. This is implied by the use of the squared differences in the
formula, which tend to increase the significance of large values and conversely decrease
the significance of smaller values.

However, calculating the coefficient of

determination on logarithmically transformed data may remove this bias.

3.10.5 Root mean square error

The equation for root mean square error (RMSE) is shown in equation 3.58:
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 ŷ i 

2

(3.58)

n

104

The calculation of RMSE is influenced by the units of the dependent variable. This
means that values calculated using load data are not directly compared to values
calculated using concentration data. Furthermore, models calibrated and tested on
different sites or storm events may not be directly comparable. This is particularly true
for datasets with large, potentially outlying values present.
Larger values generally produce larger residuals, which become even more emphasised
after they are squared.

However, root mean square errors may be calculated on

logarithmically transformed data, and then converted to a pseudo percentage to create
what is known as the standard error of estimate. The calculation of the error on
logarithmically transformed data essentially lessens the significance of large, potentially
outlying values, making it easier to conduct a between site comparison.

3.10.6 Standard error of estimate

The standard error of estimate (SEE) is the pseudo percentage calculated from the mean
square error of logarithmically transformed data. The equation for calculating the SEE
is:
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(3.59)

 = the root mean square error in log (base 10) units (Driver and Tasker 1990).
An advantage of the standard error of estimate is that the errors are comparable,
irrespective of the units of the dependent variable. This can be shown by analysing the
mean square error associated with a load model, depicted in equation 3.60:
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where, Li = the observed pollutant load (g),
L̂ i = the predicted pollutant load (g).
The relationship between load, concentration and volume can then be substituted into
the previous equation:

 log(C V )  log(Ĉ V )
n

2
σ load


i 1

2

i

i

i

i

(3.61)

n

105

where, Ci = the observed concentration (mg/L),
Ĉ i = the predicted concentration (mg/L),
Vi = runoff volume (m3).
Rearranging equation 4.61:

 log(C )  log(V )  log(Ĉ )  log(V )
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It can be seen that the log(Vi) terms will cancel, yielding equation 4.63,
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which is equivalent to the mean square error formula associated with the concentration
predictions.
As with AAPE, SEE assigns greater weight to the storms with lower concentrations.
This is essentially due to the fact that the values are calculated on logarithmically
transformed data. However, SEE does not penalise the over prediction of low values
quite as much as AAPE. Furthermore, it does penalise the under prediction of large
values by much more. Once again, it should be noted that low values of EMC are
generally linked to large runoff volumes. This means that accurate prediction of low
EMCs will lead to accurate predictions of long term loads. Hence, SEE is assumed to
be valid error measure for comparing stormwater quality models.

3.10.7 Long term yield or load error

There are a number of different ways to determine the ability of models to predict long
term loads and/or yields. The relative error associated with long term load may also be
calculated by summating the individual storm relative load errors at a particular site.
The main disadvantage of this long term load error is that it is difficult to compare
results from various catchments. This is due to the fact that catchments with large
drainage areas may bias the results.
The way to overcome this potential bias is to compare long term yield errors instead.
Long term yield errors can be easily derived using similar techniques that are used to
construct long term load relative errors. The only difference is that the loads are divided
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by drainage area, hence producing yields. This allows a more equitable comparison
between sites with either small or large drainage areas.
The second method for determining long term load/yield errors may be derived using
the absolute average percentage error of long term loads/yields.

Initially, all the

observed and predicted loads/yields are summated at a particular site. These values are
then entered into equation 3.54.

This provides a means of comparing long term

loads/yields from various sites. Furthermore, the percentage values that are derived
may be used in comparative analyses in which more than one constituent is analysed.

3.11 Summary
There are two main objectives associated with urban stormwater quality modelling;
research and management. Research orientated stormwater quality modelling strives to
accurately replicate the entire system under study. However, data limitations often
restrict the application of complex models. Data is costly to obtain and often subject to
errors, uncertainty and variability. This suggests the need for parsimonious models in
managerial applications.
The choice of the response variable may influence the applicability of an urban
stormwater quality model. In general, the prediction of concentration is preferred over
the prediction of load. This is because it is often assumed that the known relationship
between load, runoff and concentration does not require modelling, particularly in
situations where runoff volume is either directly measured or accurately predicted.
Runoff volume may be accurately predicted using a variety of complex runoff models.
However, in the absence of relevant data, less accurate regression models or runoff
coefficients may be applied.
The decision to model either EMC or intra-storm concentration depends upon the goal
of the study. For example, certain best management practices, such as detention basins,
may require intra-storm concentration modelling. However, in many situations EMCs
are deemed more cost effective. As with many environmental variables, EMC data is
logarithmically distributed.

Furthermore, smaller concentrations are generally

associated with larger storm events, which are responsible for creating larger loads. As
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a result, geometric mean estimates are generally more applicable at defining
representative site concentrations than arithmetic mean estimates.

However, flow-

weighted means are typically the most applicable measure of central tendency used to
generate long term yields, irrespective of the correlation between runoff depth and
EMC.
There are a number of different models capable of predicting urban stormwater quality.
The constant concentration model is the simplest, cheapest and quickest model to apply.
The main limitation associated with the model is that it does not directly define the
variation in stormwater quality. However, the confidence intervals associated with the
estimates of constant concentration may be applied in stochastic models to account for
the variability. The constant concentrations may also be used to derive loads, using a
technique known as the Simple Method. Annual loads derived using this method, may
then be divided by the drainage area to construct unit loads or export coefficients.
Regression models and rating curves may also be used to predict urban stormwater
constituent concentrations, yields and loads, at varying temporal and spatial scales.
Regional regression models have previously been constructed using a variety of climatic
and catchment variables. The advantage of such models is that they are applicable over
wide geographical domains. Furthermore, they are able to account for a number of
interrelated explanatory variables in a single study. The identification of significant
variables may then be used to define important processes, improve physically based
models, or to specify priority variables for future data collection studies.
Despite these facts, regression models are just statistical models. This means that cause
and effect relationships are not proved by such models. Furthermore, they are only
valid on the domain on which they are constructed, and do not necessarily predict
accurately at individual sites. The analysed variables may also be highly correlated, a
feature which is not effectively dealt with by the regression models.
Regression models and rating curves may also be constructed at single sites. Once
again, the statistical significance of such models does not prove the existence of a cause
and effect relationship.

This limits the domain of applicability of such models.

Furthermore, the individuality of sites makes it difficult to specify a universal functional
form that may be used to predict stormwater quality.
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The most commonly applied group of physically-based models are the buildup-washoff
models. The process-based origin of such models suggests that they are universally
applicable. However, they are also subject to certain limitations:


they are only applicable at small, highly impervious urban catchments;



they may overlook relevant processes influencing urban stormwater quality (e.g.
rainout, washout, pervious erosion, instream scour, etc.);



the lack of pollutant accumulation data means that buildup is indirectly
estimated from end-of-pipe data;



most parameters must be approximated using at-site data, with poor predictions
resulting when parameters are obtained from the literature;



they require more data than simpler constant concentration models;



they potentially focus upon modelling the known relationship between load and
runoff volume;



the vast majority of models assume that the majority of pollutants accumulated
on the catchment surface are washed off during storm events. This is often not
true, and without a series of monitored storms, this phenomenon cannot be
modelled.

Buildup-washoff models are also generally incorporated into complex computer
simulation models, requiring additional calibration data to approximate the many
parameters. This limits their applicability at unmonitored sites. In contrast, statistical
techniques provide a means of analysing large amounts of available data, to provide cost
effective predictions of urban stormwater quality at unmonitored sites. They range from
simplistic constant concentration estimates to more complex multiple linear regression
equations calibrated on large regional datasets.
Determining the most applicable urban stormwater model requires a means of validating
the model. Cross validation is a commonly applied technique, which maximises the
amount of data used to calibrate and verify a given model. There are a number of
different error measures available to determine the accuracy of a given model. Two of
the more versatile error measures are the average absolute percentage error and the
standard error of estimate. Each error measure produces comparable percentage errors,
irrespective of the analysed response variable. The average absolute percentage error
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may also be applied on long term load data, to determine the ability of a model to
predict long term loads.
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4 Explanatory variables
4.1 Introduction
The vast complexity associated with urban storm water systems suggests the need for a
wide range of explanatory variables to accurately model urban stormwater quality.
However, the relative significance of different types of variables is difficult to
determine. This is due to the fact that processes within urban catchments are highly
interrelated, and the amount of available data is typically limited.
In this chapter, explanatory variables have been collated into a number of general
categories including climatic, hydrological, landuse and landcover, geological, spatial
geographical, miscellaneous anthropogenic and temporal. Climatic and hydrological
variables are widely used to define pollutant variability between storms, while the
remainder of variables are typically used to define differences between catchments. The
development of a universally applicable stormwater quality model generally requires
understanding of all variables.

Even at-site models, not inherently incorporating

variables defining pollutant variability between catchments, may need them to indirectly
specify domains of applicability or bounds for calibration coefficients.
The main objective of this chapter is to identify the most important explanatory
variables influencing urban stormwater quality. The secondary objectives include:


theoretically define how explanatory variables influence urban stormwater
quality;



identify studies which have found correlations between explanatory variables
and urban stormwater quality variables;



define possible relationships between explanatory variables.

These objectives will ultimately allow the construction of accurate urban stormwater
quality models.

4.2 Climatic
There is a wide range of climatic variables which directly or indirectly influence urban
stormwater quality. Many climatic variables are often correlated with one another,
making the selection of a parsimonious set of variables difficult.
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A multitude of precipitation variables influence the fate of contaminants during storm
events. They include rainfall volume, intensity and duration. An additional set of
variables influence the quantity of pollutants that accumulate on the catchment surface.
For example, deposition fluxes may be used in conjunction with antecedent dry period
to determine the extent of pollutant accumulation. A variety of other climatic variables,
including wind speed and temperature, may define additional processes influencing
urban stormwater quality.

4.2.1

Precipitation

Precipitation is a very important variable when modelling urban stormwater quality.
Precipitation can take on a variety of forms including rainfall, snowfall, hail and sleet.
Rainfall is the most important type of precipitation in the context of urban stormwater
quality modelling. However, the accumulation of snowfall and subsequent snowmelt
phenomena can also yield large pollutant loads.
The accessibility of precipitation information has led to its widespread use in urban
stormwater quality models. It is less expensive to measure than storm runoff and
generally available over longer time periods.

However, rainfall is usually less

correlated with water quality than runoff.
A variety of variables can be generated using long term precipitation records. These
include:


incremental rainfall intensities (during storm events);



total storm rainfall;



duration of storm rainfall;



average storm intensity;



antecedent dry days;



rainfall preceding storm events;



various storm frequencies;



mean monthly rainfall;



mean seasonal rainfall;



mean annual rainfall.
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Many of the aforementioned variables are correlated with one another. For example,
total storm rainfall, duration of storm rainfall and average storm intensity are often
highly correlated. This is typically due to known differences between storm types.
Convective thunderstorms produce high intensity events occurring over short durations,
whereas frontal storms generally produce lower intensity events occurring over longer
durations. The type of storm also influences the spatial distribution of the rainfall.
Convective thunderstorms produce highly variable rainfall intensities over smaller areas
compared to frontal storms, which produce relative constant intensities over much larger
areas.

4.2.1.1 Rainfall depth

Rainfall depth is an important variable in the context of urban stormwater quality
modelling. Rainfall may remove pollutants directly from the atmosphere or indirectly
from the catchment surface when it is converted to runoff. However, the significance of
rainfall depth as an explanatory variable varies depending upon the modelled response
variable; concentration or load.
Concentration correlation
The correlation between total rainfall depth and EMC generally varies depending upon
the constituent and catchment under analysis. However, general trends have been
observed in large scale studies.
Driver and Tasker’s (1990) regional regression models, constructed on U.S. urban
catchments monitored in the NURP study, indicated that larger storm depths were
generally associated with lower EMCs for the majority of analysed contaminants.
Brezonik and Stadelmann (2002) also found this to be true in the regression models they
constructed to predict EMCs at catchments in the Twin Cities metropolitan area,
Minnesota, USA.
Dilution effects are assumed to increase with increasing rainfall volume. This is due to
the fact that when pollutants are supply limited, their availability tends to decrease
during storm events, leading to lower concentrations late in the storm event. When the
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concentrations are averaged to generate EMC estimates, the storms with larger rainfall
depths produce lower average concentrations.
Driver and Tasker (1990) and Brezonik and Stadelmann (2002) observed that the main
exception to this general rule was the increased suspended solids concentrations
associated with increased rainfall depths. This was suggested to arise “…possibly
because larger amounts of rainfall may indicate greater rainfall intensity, which would
produce larger concentrations of suspended solids.” (Driver and Tasker 1990, p. 21)
However, Ward and Elliot (1995) stated that higher intensity convective thunderstorms
were short duration events, typically producing lower quantities of rainfall than longer
duration storms. A more plausible explanation is that larger rainfall depths may fully
saturate pervious areas, reducing the structural stability of the soil to cause pronounced
erosion. Increased erosion occurring on pervious surfaces, or within the stream channel,
may then result in higher concentrations of suspended solids during large events.
Load correlation
A positive correlation between rainfall depth and pollutant load essentially arises from
the known relationship between runoff and load, and the strong relationship between
rainfall and runoff. Regional regression models constructed by Driver and Tasker
(1990) and Brezonik and Staddelmann (2002) produced positive regression coefficients
associated with rainfall depth in all models predicting event load. A similar correlation
between rainfall depth and yield is also anticipated.

4.2.1.2 Rainfall intensity

Rainfall intensity is another important rainfall variable influencing urban stormwater
quality. Rainfall intensities can be sequentially measured during the storm event or
averaged over the entire event. In general, the greater the rainfall intensity, the greater
the erosive power of the rainfall and subsequent runoff.
High intensity rain impaction has increased potential to dislodge particles from the
catchment surface, potentially leading to higher concentrations in the overland flow.
The increased rate of overland flow is further able to remove particles via increased
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shear stress. In addition, the increased rate of water travelling in waterways may also be
more likely to resuspend bed sediment, deposited during lower intensity storms.
After collating water quality data from catchments throughout the world, Duncan
(1999) generally found that higher intensities resulted in higher concentrations of the
majority of constituents. Furthermore, Gnecco et al. (2005) analysed runoff in the
urban environment of Genoa, Italy, and found a strong positive correlation between the
EMC of total suspended solids and the maximum rainfall intensity (R2 = 0.53).
Brezonik and Stadelmann’s (2002) regression analyses of data from catchments in the
Twin Cities metropolitan area also suggested that increased rainfall intensity produced
higher constituent concentrations. However, average rainfall intensity was not used in
the regression models predicting dissolved phosphorus or nitrogen oxide load.
Furthermore, the Pearson correlations did not identify a significant correlation between
average rainfall intensity and these variables. This may infer that rainfall intensity has a
reduced or potentially inexplicable influence on dissolved constituents.
A study by Wallach et al. (2001) analysed the transport of dissolved constituents from
pervious surfaces. They found that once infiltrated rainwater had saturated the soil,
high dissolved constituent concentrations were generally associated with low runoff
rates. The relationship resulted from the increased “contact time” of lower intensity
runoff with the soil surface. This increase in contact time promoted higher portions of
constituents to be “absorbed” in the runoff.
However, if the soil was initially dry, it was also possible that decreased runoff rates
could lead to lower concentrations.

This was due to the increased downward

displacement of constituents by the infiltrating water prior to runoff initiation. The
magnitude of the downward displacement of constituents was proportional to the
amount of time occurring prior to the production of overland flow (ponding times).
Low runoff rates led to increased ponding times, hence increased constituent
displacement, resulting in less constituent at the soil surface available for transfer into
the surface runoff.
Therefore many factors prevent the derivation of a simple relationship between rainfall
intensity and dissolved constituent runoff concentrations from catchments with large
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amounts of pervious areas.

The relationship depends upon antecedent moisture

conditions as well as the intra-storm variation of rainfall intensity.
The findings of Wallach et al. (2001) might also be transferable to impervious surfaces.
It may be possible to visualise pollutants accumulated on impervious areas as very
small, hypothetical soil reservoirs containing both dissolved and particulate pollutant
fractions.

The ponding times associated with such reservoirs would be assumed

negligible. However, the principles associated with contact time of the flow might be
appropriate. In essence, lower rainfall rates could increase the contact time, hence
increase the transferral of dissolved constituents to the runoff. Ultimately, lower rainfall
rates might produce higher concentrations of dissolved constituents than higher rainfall
rates.
There are a number of important limitations associated with the transferral of findings
from Wallach et al. (2001) to pollutants present on impervious surfaces. In particular,
the availability and transferral of dissolved constituents may be affected by the
characteristics of the pollutants on the impervious surface.

If the accumulated

pollutants are supply limited, the increased volumes associated with lower intensity
storms may remove all the available pollutant, thereby leading to low EMCs. However,
Vaze and Chiew (2002a) showed that common storms only removed a portion of
pollutants accumulated on an urban road surface in a Melbourne commercial area.
The characteristics of the accumulated pollutants may also be of importance, in
particular the factors affecting the movement of dissolved contaminants. Compaction
may impede the impingement of fluid, thereby hindering the dissolution process. The
increased time taken to infiltrate the pollutant layer may lead to low concentrations at
the start of the storm. However, once the pollutant layer disintegrates, it may trigger the
release of dissolved pollutants. This would imply that lower runoff intensities may
produce higher concentrations of dissolved pollutants.
Vaze and Chiew (2002a) hypothesised that larger storm events disintegrated fixed loads
as well as free loads. The difference between the fixed and free loads is essentially
based upon the level of binding or compaction. The free load contains particles that are
not strongly bound, while particles in the fixed load are strongly bound.
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Gravitational forces are perceived to enable fine particles to fill voids in the lower fixed
layer during the drying process, thereby increasing the level of compaction. In contrast,
mechanical activity such as vehicular movement is perceived to break apart particles on
the free layer during dry periods, increasing their potential for washoff during
subsequent storm events. Dissolved pollutants locked into the compact, fixed layer may
only be released following the saturation and/or disintegration of this layer during
longer storm events. Even the increased shear force associated with larger intensity
flows may not be enough to remove pollutants in the fixed layer, especially if the
pollutants are sheltered by the irregular bitumen or concrete surface. As a result,
increased concentrations of pollutants from impervious surfaces may be observed
during long duration, low intensity events.
An alternate hypothesis may be derived, which takes into consideration the effect of
intra-storm variations in rainfall intensity. Low intensity rainfall at the beginning of the
storm may disintegrate pollutants in the fixed layer. Subsequent high rainfall intensities
may then flush a significant portion of the disintegrated pollutants from the catchment
surface into stream channels. Once again, it can be seen that temporally averaged storm
variables such as average rainfall intensity may not be sufficient to define variations in
water quality.

4.2.1.3 Rainfall duration

Longer duration storms generally produce larger volumes of rainfall. Dilution effects
associated with larger rainfall volumes would explain why an increase in storm duration
is expected to result in a decrease in EMC. This phenonomen was observed by Deletic
and Maksimovic (1998) at a small paved area located in Belgrade, Yogaslavia. In
general, very long duration storms produced lower suspended solids concentrations than
shorter duration events with comparable overland flowrates.
Long duration drizzles also tend to have lower rainfall intensities than short duration,
convective storms.

The decreased erosive power associated with the low rainfall

intensities further explains why long duration storms tend to have relatively low EMCs.
However, long duration storms generally produce larger pollutant loads than shorter
duration events.
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Brezonik and Stadelmann (2002) conducted a series of statistical analyses on
catchments located in the Twin Cities metropolitan area, Minnesota.
correlation coefficients were initially calculated.

Pearson

Significant Pearson correlation

coefficients between storm duration and loads were always positive. This suggested
that longer duration events produced larger runoff volumes, hence larger loads.
Significant Pearson correlation coefficients between storm duration and EMCs were
always negative. These correlations were in accordance with the general assumption
that longer duration events tend to deplete supply limited pollutants from the catchment
surface, leading to lower pollutant concentrations. Alternatively, the lower rainfall
intensities associated with such events may also contribute to the lower pollutant
concentrations.
Regression models were also constructed on the entire dataset. In general, rainfall
duration was not generally used in as many regression models as rainfall depth or
rainfall intensity.

Negative regression coefficients were associated with rainfall

duration in the models predicting dissolved phosphorus and nitrogen oxide loads. These
coefficients were intuitively correct when taking into consideration the positive
regression coefficient associated with the rainfall depth variable which was also used in
the models. It was assumed that larger rainfall durations had lower rainfall intensities,
resulting in lower constituent loads. When rainfall duration was used in the models
predicting total suspended solids and volatile suspended solids concentrations, the
associated regression coefficients were positive. These counter-intuitive coefficients
may have been due to the high correlation between rainfall duration and other rainfall
variables also used in the models.
Regression models were also constructed to predict EMCs using data separated into
homogeneous subsets based upon catchment size and landuse.

The regression

coefficients associated with rainfall duration used in these models were always negative.
These coefficients were deemed intuitively correct, inferring that dilution effects and/or
rainfall with decreased erosive power generally results in lower constituent
concentrations.
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4.2.1.4 Rainfall distribution

The rainfall distribution may be important when modelling storm water quality. The
distribution of rainfall has an impact on the amount and intensity of runoff that is
produced during a storm event. This may then influence pollutant transport.
The various distributions of rainfall activity may make it difficult to isolate separate
events. For example, short bursts of rainfall separated by short intermittent periods of
zero rainfall are difficult to classify as unique events. Treating them as such may skew
results from empirical or semi-empirical analyses. However, lumping them together
into a single ‘event’ may cause additional problems during modeling, skewing variables
such as rainfall duration.
Rainfall may also vary within a catchment. This could be of particular concern in
catchments with large drainage areas.

4.2.1.5 Antecedent dry period

Antecedent dry period defines the time between successive storm events. There are
conflicting views in the literature regarding the significance of antecedent dry days. For
example, Hall (1984) cited several North American studies by Weibel et al. (1964),
Bryan (1972), Whipple et al. (1977) and Bedient et al. (1980) which failed to identify a
relationship between antecedent dry period and pollutant load, contrary to the
fundamental assumptions associated with a large majority of buildup models.
The studies by Barret et al. (1995) and Deletic et al. (1998) cited in Vaze and Chiew
(2002a) suggested that increasing antecedent dry periods led to an increase in
accumulated load. However, the studies also suggested that the exact functional form of
the relationship was difficult to determine due to the large amount of scatter in the
limited datasets.
The significance of antecedent dry period is often skewed by other factors influencing
pollutant buildup. For example, Ball et al. (1998) stated that only events with average
rainfall intensity greater than 7 mm/h completely cleansed the catchment surface of built
up pollutants. Furthermore, Vaze and Chiew (2002a) cited an experimental study by
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Malmquist (1978) and a modelling study by Chiew et al. (1997) which implied that only
a small portion of the total accumulated load was removed by typical storm events.
This suggested that pollutant accumulation would not always start from zero following
a storm event. This may hinder the determination of the significance of antecedent dry
period.
Vaze and Chiew (2002a) conducted an experimental study observing pollutant
accumulation phenomena on an impervious road surface in a Melbourne commercial
area. In general, they found that pollutant accumulation occurred rapidly after a storm
event, then slowed after a short period of time. Pollutant accumulation not only varied
between three observation areas, but also temporally at a single location. This variation
made it difficult to draw confident conclusions regarding the relationship between
antecedent dry period and pollutant accumulation on impervious surfaces. However,
clearer trends became evident when the total accumulated load was separated into free
and fixed loads.
Free load was defined as the portion of total load able to be removed by vacuuming.
The free load was perceived to be readily removed during storm events. Fixed load,
however, was the remaining portion of the total load which could only be removed by
scrubbing. This portion was inferred to be more resistant to washoff during storm
events.
There was an observed increase in the portion of fine particles present in the free load as
the number of antecedent dry days increased. This may have been due to mechanical
break-up of large particles via vehicular movement. Therefore, longer antecedent dry
days could lead to higher concentrations in subsequent storm runoff, since additional
fine particles were also more prone to washoff during storm events.

In addition,

nutrients (TN and TP) were mainly attached to the finer particles, suggesting nutrient
concentrations were also likely to increase with increasing antecedent dry days. Haster
and James (1994) also observed that an increase in the length of the antecedent dry
period led to faster rates of sediment washoff during subsequent storm events.
Similarly, the authors suggested that longer antecedent dry periods tended to result in an
increase in the portion of sediment “loosely” attached to the catchment surface.
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Deletic and Orr (2005) conducted a small scale study of pollutant buildup on a road
surface located in an urban area in Aberdeen (Scotland). A total of 66 samples were
collected over a period of 17 months, using a method which simultaneously washed and
vacuumed the accumulated pollutants from the road surface. It was found that the
loading of small sediment particles (between 2 and 63m) near the curb decreased with
increasing antecedent dry period. This was assumed to result from vehicular and wind
action resuspending and redistributing the small particulates over time. The result was
contrary to the previous findings by Sartor and Boyd (1972) cited in Deletic and Orr
(2005) where it was observed that a strong, positive trend existed between the buildup
of particles on road surfaces and antecedent dry period.
Deletic and Maksimovic (1998) carried out a study on pollutant washoff in storm runoff
from small paved areas located in Lund, Sweden, and Belgrade, Yugoslavia. A total of
179 rainfall events occurring between June and November 1991 were analysed in the
Lund catchment, and a total of 52 rainfall events occurring between May and November
1993 were analysed in the Belgrade catchment. In summary, antecedent dry period was
found to have a negligible influence upon the concentration of suspended solids in
stormwater runoff.

In contrast, a positive correlation was observed between

conductivity and antecedent dry period.
Antecedent dry period is also an important determinant of soil moisture content. Soil
moisture affects runoff from pervious surfaces, thereby affecting pollutant runoff load.
Wallach et al. (2001) found that the soil moisture content affects the ponding time,
hence the amount of dissolved constituent absorbed by the runoff. In general, drier soils
increase the ponding time, resulting in the production of lower constituent
concentrations.
The possible bias associated with small scale studies implies the need for large scale
studies which are more able to extract universal trends. Brezonik and Stadelmann
(2002) analysed catchments from the Twin Cities metropolitan area in Minnesota. The
authors observed that antecedent dry days were only found to be significant in two of
the ten regional regression models predicting EMC. In both of these models, the
regression coefficient was negative, suggesting that increased number of dry days
decreased pollutant concentrations. The negative coefficients may be linked to the
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pollutant type; total suspended solids and dissolved phosphorus. Important sources of
these pollutants may be derived from pervious rather than impervious areas.

For

suspended solids, an increase in the preceding rainfall may saturate soils, leading to an
increase in the runoff and pervious area erosion during subsequent storm events.
Whereas for dissolved phosphorus, an increase in the preceding rainfall may decrease
the ponding time in subsequent storms, thereby increasing the amount of constituent
absorbed by the runoff.
Further EMC regression models were constructed on homogeneous subsets of data,
separated according to size and landuse. The models constructed on these subsets had
positive regression coefficients associated with antecedent dry days (even for total
suspended solids and dissolved phosphorus).

This finding appeared to be more

intuitively correct for highly impervious urban catchments.
Another large scale study analysing urban stormwater quality in the United States was
conducted by Driver and Tasker (1990). Antecedent dry day data was not initially
incorporated into the regression models, due to a lack of available data. However,
Driver and Troutman (1989) cited in Driver (1990) found that the addition of an
antecedent dry day variable only slightly improved the prediction of storm load models.
The addition of the variable decreased the standard errors of estimate by 5 to 12 percent
in regions with large mean annual rainfall and decreased the standard error of estimate
by a maximum of 3 percent in areas producing less than 762 mm of annual rainfall.
This implied that antecedent dry period was only required to model water quality in
wetter climates, where the amount of pollutant accumulation on the catchment surface is
variable.

4.2.1.6 Previous rainfall

The amount of rainfall occurring prior to a storm event is important for defining soil
moisture levels, and the quantity of accumulated pollutant on impervious surfaces.
Several process based models assume that pollutant buildup reaches a maximum level
after a certain period of time. At such a time, atmospheric deposition of pollutants is
assumed to be equal and opposite to the removal of pollutants via wind. Pollutant
accumulation is more likely to approach a constant asymptotic maximum in drier areas
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compared to wetter areas (Driver and Tasker 1990). This makes preceding rainfall
information more important in wetter climates.
The amount of rainfall occurring prior to a storm may be more applicable for
determining accumulated load than antecedent dry period. The finding that typical
storms only remove a portion of the accumulated pollutant load suggests a significant
limitation associated with the use of antecedent dry period (Vaze and Chiew 2002a).
This suggests that the amount of rainfall occurring prior to a storm event may provide a
more accurate measure of pollutant accumulation. This is due to the fact that the
variable can account for variable storm depths for a multitude of rainfall events
occurring prior to a storm event. The main limitation with this measure is associated
with the specification of a relevant time period. Choosing short time intervals may not
fully describe all relevant events contributing to the current accumulated load on the
catchment surface. However, choosing an excessively long period of time may over
estimate the significance of storms occurring long before the current storm event. This
observation is supported by the finding that pollutant accumulation rapidly approaches
an asymptotic maximum level shortly after a storm event (Vaze and Chiew 2002).
Another major limitation with the use of previous rainfall to determine pollutant
availability on impervious surfaces is that it does not directly correlate with the amount
of prior runoff, hence the portion of pollutant removal. This may be particularly
important if the majority of the previous rainfall occurred as low intensity drizzles
which did not create surface runoff. Despite the fact that low intensity “drizzles” may
not produce runoff, they may still change the characteristics of the accumulated
pollutant load. This is represented into Figure 4.1, which shows the effect of drying
time on pollutant composition on impervious surfaces.
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Figure 4.1: The effect of drying time on pollutant composition on impervious surfaces
(adapted from Vaze and Chiew 2002)

The changes to the accumulated pollutant load basically result from differences
associated with the drying times. Slower drying times lead to larger portions of fine
particles in the “free load” seeping down into the fixed load layer. This reduces the
quantity of pollutants readily available for washoff, hence reducing the concentrations
of subsequent runoff flows. Therefore, drizzles occurring during the night can lead to
increased particulate movement into the fixed layer. In contrast, drizzles occurring
during the daytime lead to faster drying times, hence more particles in the free load.
Seasonal variations may also be significant, whereby winter drizzles produce lower
concentrations in successive storms than summer drizzles.

4.2.1.7 Mean annual rainfall

Mean annual rainfall may provide an indication of the typical soil moisture and level of
pollutant accumulation at a particular site. Driver and Tasker (1990) found mean annual
rainfall to be the most useful variable for dividing NURP catchments into homogeneous
subsets, to be used for regional regression modelling. The study indicated that the
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region with the lowest mean annual rainfall produced the most accurate regression
models. In drier areas, the long intermittent dry periods between storms suggest that the
accumulated load on the catchment surface was likely to approach a constant asymptotic
maximum. In contrast, regions with higher mean annual rainfall were more likely to
have shorter antecedent dry days, resulting in variable pollutant accumulation on the
catchment surface. The variability associated with the resulting loads were therefore
inexplicable without the use of an additional variable defining the antecedent rainfall
conditions.
This was further supported by a study conducted by Barbe et al. (1996). The authors
suggested that in urban areas with low rainfall, the pollutants which accumulate on the
catchment surface are very rarely completely washed off. However in areas with high
rainfall, it is possible for the pollutants on the catchment to be washed off by the
frequent storms.
In Duncan’s (1999) study of worldwide stormwater quality data, low concentrations
were associated with high mean annual rainfall for almost all analysed contaminants.
Large quantities of rainfall are likely to deplete the supply limited accumulated
pollutant, resulting lower concentrations in areas with high mean annual rainfall.
However, this was not the case for the microbiological measures. In regions with large
mean annual rainfall, the high microbiological counts may have bee due to the increased
temperatures, leading to increased microbial activity. It may also have been due to the
increased likelihood of sewerage overflows in areas with high rainfall.

4.2.1.8 Storm frequency

Various probabilistic measures have been derived to quantify the frequency of particular
types of storms. Such measures are readily available to engineers for use in urban
stormwater quality models. However, storm frequency measures are generally related
to other broad scale, temporally averaged variables such as mean annual rainfall. This
suggests that they may not always define a significant amount of unexplained
variability. Furthermore, the significance of such variables may be difficult to explain,
as they are likely to be surrogates of more important variables.
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4.2.2

Deposition flux

Deposition flux is the rate at which pollutants are deposited onto the catchment surface.
Deposition occurring during a storm event is termed wet deposition, while dry
deposition occurs without precipitation. Rates of atmospheric deposition generally vary
depending upon pollutant type, source and location.
A number of studies have focussed upon the analysis of the atmospheric nitrogen
contribution to urban stormwater loadings. Valiela and Bowen (2002) suggested that in
natural watersheds such as forests, atmospheric deposition was the dominant source of
nitrogen. However, urbanisation has led to the contribution of other inputs (especially
wastewater). Despite the increased number and magnitude of pollutant sources in urban
areas, atmospheric deposition remains a significant source of nitrogen in urban
receiving waters.
Atmospheric deposition is also a dominant source of heavy metals in urban runoff.
Sabin et al. (2005) analysed the deposition rates of 5 heavy metals (chromium, copper,
lead, nickel and zinc) within an urban site in Los Angeles. Overall, it was observed that
atmospheric deposition contributed as much as 57-100% of the total heavy metal loads
in stormwater runoff. However, there were some limitations with this conclusion. For
example, not all metal loadings derived from the deposition measurements may be
readily available for washoff during storm events. Certain processes may remove large
portions of contaminants from the catchment surface.

Such processes include

vegetation uptake, adsorption, and resuspension from the catchment surface (James and
Shivalingaiah, 1985; Novotny et al., 1985 cited in Sabin et al., 2005). Furthermore,
storm events may fail to fully remove all material from the catchment surface (Vaze and
Chiew, 2002 cited in Sabin et al., 2005). This implies that the portion of load associated
with atmospheric deposition is significantly less than the previous figure.

4.2.2.1 Dry deposition

Dry deposition is defined as the portion of atmospheric pollutants accumulating on the
catchment surface during periods with no rainfall. Valiela and Bowen (2002) stated that
the rate of dry deposition depends somewhat upon the type of surface. For example, dry
deposition rates are greater on land than water surfaces, all other factors being equal.
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Rates of dry deposition are often used in conjunction with antecedent dry period to
define pollutant accumulation on impervious surfaces. In many situations, the rate of
deposition is assumed to reach a dynamic equilibrium with resuspension rates after a
certain period of time, such that the level of pollutant accumulation appears to reach a
constant maximum value.

4.2.2.2 Wet deposition

Wet deposition includes the rainout and washout of contaminants from the atmosphere.
Wet deposition can be a significant source of pollutant in stormwater runoff. The
magnitude of wet deposition is dependent upon the type of constituent. As mentioned
earlier, nitrogen present in rainwater constitutes a significant portion of the total
nitrogen in runoff (Duncan 1999). The atmospheric scavenging of acidic forming
constituents also tends to increase rainfall acidity, which ultimately affects the
quantities of heavy metals dissolved in runoff (Athayde et al. 1983).
Wet deposition accounts for a portion of the total heavy metal load present in urban
stormwater runoff. Sabin et al. (2005) measured the portion of chromium, copper, lead,
nickel and zinc in rainfall at an urban site in Los Angeles. The authors found that wet
deposition only accounted for between 1 and 10% of the total deposition within the
catchment. This indicated that dry deposition was the dominant source of heavy metals.
In contrast, another study by Deboudt et al. (2004) found that the majority of heavy
metal exported to the English Channel and the Southern Bight of the North Sea was
derived from wet deposition. The exact contributions of wet deposition and riverine
inputs are shown in Table 4.1.

Table 4.1: Input of heavy metal to the English Channel and the Southern Bight of the
North Sea (Deboudt et al., 2004)
Input
Atmospheric wet deposition (in t)
Riverine and direct input (in t)

a

Percentage of wet deposition
a

Cd

Cu

Pb

Zn

6

39

113

873

2

151

81

475

70

21

58

65

From OSPAR (2000)
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4.2.3

Wind

Wind is capable of removing and transporting constituents from the catchment surface.
Ball et al. (1998) suggested that wind events with an average velocity greater than 21
km/h could potentially cleanse the catchment surface of pollutants. However, several
other factors may influence the portion of particles removed by wind. They include the
particle size distribution upon the catchment surface as well as the characteristic of the
catchment surface (impervious or pervious).
Wind may influence urban stormwater quality via other mechanisms. Ward and Elliot
(1995) suggested that wind changed the angle of rain impaction thereby influencing the
erosion process. Furthermore, the authors suggested that wind may affect soil moisture
levels by increasing the drying rates.

4.2.4

Temperature

Daniell and Wundke (1993) stated that atmospheric temperature was an important
determinant of soil moisture levels, being the driving force behind the evaporation
process. Vaze and Chiew (2002a) also indicated that temperature affected the rate at
which runoff dried on impervious surfaces following rainfall. Increased drying rates
resulted in greater quantities of fine particles in the free layer. These particles tend to be
readily available for removal during subsequent storm events.
Air temperature may also act as a surrogate variable for a variety of climatic processes.
For example, the seasonal variation in temperature may define the type of prevalent
storm; frontal or convective. In addition, temperature may also indicate the presence of
dew or frost in a catchment. The increased soil moisture may then increase the quantity
of pollutant runoff from pervious surfaces in subsequent storm events (Ward and Elliot
1995).
Air temperature also determines whether precipitation falls as rain or snow. Snowmelt
may contribute significant portions of pollutant load to receiving water. Pollutants tend
to accumulate in or below the snow pack during colder months, ready for washoff when
the temperature increases. These pollutants may be deposited by the snowfall or via dry
deposition.
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Brezonik and Stadelmann (2002) indicated that snowmelt and spring rain contributed
between 75% and 95% of the annual pollutant load from rural areas in the Twin Cities
metropolitan area, Minnesota.

The high loads were assumed to be derived from

pollutants present in the melting snow and the increased erosion of pollutants from
exposed soils, prior to the regrowth of vegetation. The soils also tended to be saturated
or frozen, which further increased the runoff and associated pollutant yields.

In

contrast, urban sites in the same locality tended to experience higher pollutant loading
during summer.

4.3 Hydrological
Hydrologic variables define the motion of water and its associated pollutants on the
catchment surface. A large portion of hydrologic parameters defining storm events are
derived from their climatic counterparts. In urban areas, a significant portion of the rain
falling on the catchment surface during storm events runs off. The remainder either
evaporates into the atmosphere or infiltrates through the soil medium to be uptaken and
transpired by vegetation or accumulated in groundwater aquifers to eventually seep into
surface waters as baseflow.

4.3.1

Runoff

Runoff variables are generally related to rainfall variables. This suggests that the two
variables are strongly correlated with one another, particularly at a given site. However,
correlations between runoff and rainfall variables at multiple sites may be masked due
to the effects of landcover variables such as percentage impervious area.
Runoff variables tend to be less available than rainfall variables, since they are generally
more expensive to monitor and typically difficult to forecast. However, they are often
more strongly correlated with water quality variables because they are more capable of
defining the dominant processes influencing most water quality variables. In particular,
runoff variables define the erosive power of the runoff and its contact time with
pollutants on the catchment surface.
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4.3.1.1 Runoff volume

Runoff volume is one of the most widely used runoff variables in urban water quality
models. This is because runoff is the main transport mechanism for pollutants. The
importance of runoff volume varies depending upon the units of the relevant water
quality constituent. There is a very strong correlation between runoff volume and
pollutant load due to the known relationship between load, volume and concentration.
Runoff volume may also be correlated with concentration. Increased runoff volume is
generally associated with increased depletion of supply limited pollutants from
impervious surfaces, leading to dilution effects during large storm events. However, an
increase in runoff volume in urban areas may lead to increased suspension of solids
from streambeds. In addition, large amounts of runoff from pervious areas may lead to
increased erosion of soil.
Athayde et al. (1983) analysed stormwater data from catchments monitored in the
United States as part of the NURP study. Linear correlation coefficients between event
mean concentrations and storm runoff volumes were calculated at a number of well
monitored sites. The summarised results from this analysis are presented in Table 4.2.
The correlations between runoff and EMC were calculated using a two-tailed test at 90
and 95 percent confidence levels. The relationship between EMC and runoff volume
was insignificant at the majority of sites. The significant correlations tended to be
negative for most constituents, suggesting that pollutant depletion from impervious
surfaces was the dominant process at most sites.
Total suspended solids had slightly more positive correlations than negative
correlations, suggesting the significance of pervious area erosion or stream scour for a
large number of sites. Dissolved phosphorus also had a large percentage of positive
correlations, suggesting that pervious area dissolution may be important. It could also
be due to dissolution from impervious surfaces, as hypothesised earlier.
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Table 4.2: The number of significant correlations between EMC and runoff (Athayde et
al. 1983)
Sites>5

Constituent

90% significant
Total no.

Total

of sites

No.

95% significant
Total

neg.

pos.

No.

neg.

pos.

TSS

67

13

4

9

7

3

4

COD

64

24

23

1

19

19

0

TP

67

20

16

4

15

12

3

DP

34

10

6

4

7

4

3

TKN

64

19

18

1

14

14

0

NOx

57

17

15

2

13

11

2

Cu

49

17

15

2

13

12

1

Pb

59

15

13

2

12

11

1

Zn

56

19

18

1

16

15

1

517

154

128

26

116

101

15

30

25

5

22

20

3

Total
%

Sites>10

Constituent

90% significant

95% significant

Total no.

Total

Total

of sites

No.

neg.

pos.

No.

neg.

pos.

TSS

56

9

4

5

7

3

4

COD

52

21

20

1

16

16

0

TP

53

17

15

2

12

11

1

DP

23

8

5

3

6

4

2

TKN

50

17

16

1

12

12

0

NOx

41

14

12

2

12

10

2

Cu

31

13

12

1

12

11

1

Pb

45

13

12

1

11

10

1

Zn

37

14

13

1

11

10

1

388

126

109

17

99

87

12

32

28

4

26

22

3

Total
%

The magnitude and sign of the correlation coefficients presented in Table 4.2 varied
depending upon the analysed site. In general, sites with more sampled storms produced
lower correlation coefficients.

In particular, a small number of sites with limited

numbers of sampled storms (n<10) had very high correlations. Athayde et al. (1983)
suggested that one or two rare events could dominate the calculation of correlation
coefficients at these sites with limited sampling.
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It was found that more than two thirds of the significant correlations were associated
with one quarter of the total analysed sites. Sites with large numbers of significant
correlations tended to be small sites with large runoff coefficients. All sites with large
percentages of impervious area had negative correlation coefficients.

This further

supports the idea that the successive depletion of supply limited, accumulated pollutants
from impervious surfaces leads to diluted concentrations during larger storm events.
Overall, Athayde et al. (1983) concluded that the correlation between runoff volume and
EMC was slight for most sites and could effectively be ignored in subsequent analyses.
However, the authors also mentioned that sampling bias may have been present, with
the majority of sites containing many large storm events. This may have affected the
strength of the calculated correlations. In addition, other potentially significant storm
variables were not compensated for, which may have increased the sporadic nature of
the relationships between EMC and runoff volume. The correlations were also based
upon the assumption of a linear relationship between the variables. It is possible that
other functional forms may have been more relevant.

In particular, the known

lognormal distribution associated with most environmental variables suggests the
applicability of calculating correlations on logarithmic transforms of EMC and runoff
volume. This would also decrease the bias associated with large potential outliers.

4.3.1.2 Runoff rate

Runoff rate is generally correlated with rainfall intensity at a single site. However, this
may not be the case for small events. This was implied in a study by Deletic and
Maksimovic (1998) which analysed runoff from small paved surfaces located in Lund,
Sweden, and Belgrade, Yugoslavia. The authors observed that during small events with
less than 2mm total rainfall, the significance of initial losses was more pronounced,
leading to a decreased correlation between rainfall intensity and overland flow rate.
Furthermore, system lag associated with the movement of water from the point of
surface impaction to the waterway may also lead to weaker correlations between rainfall
intensity and runoff rate, particularly in large catchments.
Runoff rate is often linked with washoff and erosion of pollutants on the catchment
surface and/or in the stream channel. It may be assumed that increased runoff rates
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impart greater shear forces upon particulates, thereby overcoming gravitational forces to
cause particle suspension. The particles may then be carried into the surface waters via
the runoff. However, this relationship was not observed in an experimental study by
Richardson and Tripp (2006). The authors analysed the impact of simulated runoff on
impervious surfaces and found that higher overland flow rates led to reduced boundary
shear and reduced particle suspension.
Runoff rates in stream channels may be significantly higher than runoff rates on the
catchment surfaces.

This was supported by Corbett et al. (1997) who used a

combination of field sampling and simulations to confirm that channel flowrates may be
more than an order of magnitude greater than runoff rates associated with overland
flow.

Shatwell and Cordery (1999) stated that channel sediment and pollutants

deposited during smaller storm events may be resuspended by large flows, thereby
producing increased pollutant concentrations.
Black (1996) stated that the size of a particle affects the minimum runoff rate required
to suspend it, as shown in Table 4.3. The required flowrate may also be influenced by a
number of other soil properties such as particle density, soil saturation, percentage of
organic material and various other binding phenomena.

Table 4.3: Relationship between particle diameter and stream velocity (from Krumholz
and Neff (1970) cited in Black (1996))
Speed of

Diameter of objects

Class of

current (cm/s)

moved (mm)

object

10

0.2

Silt

25

1.3

Sand

50

5

Gravel

75

11

Coarse gravel

4.3.1.3 Runoff duration

The duration of runoff is another variable that may explain variations in water quality.
It is typically correlated with rainfall durations at single sites. However, correlations
between the two variables over a large number of catchments are generally skewed by
varying system lags associated with different sized catchments.
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Storms with long runoff durations are generally caused by frontal activity, producing
low intensity runoff. This decreases the erosive power of the runoff, leading to low
EMCs for particulate constituents. Furthermore, the longer events may also produce
additional runoff, which can deplete supply limited pollutants from impervious surfaces.
This can further decrease constituent concentrations during storms with long runoff
durations.

4.3.2

Base flow

Base flow is sometimes defined as the water flowing into the drainage networks during
periods of dry weather. However, the base flow component may also be present in
periods of wet weather.

In rural areas, baseflow is predominantly derived from

groundwater recharge and/or agricultural discharge (Pandit and Gopalakrishnan 1997).
In contrast, baseflow in urban areas may be derived from a number of sources including
sewerage treatment plant discharges, industrial discharges, groundwater seepage, lawn
and garden watering, car washing, illegal sewerage connections, air conditioner
discharges, etc.
The relative significance of base flow load compared to storm runoff load varies
depending upon the type of catchment, climate, constituent type and temporal resolution
of the estimate.

The baseflow component is generally insignificant in highly

impervious urban areas, with large runoff coefficients. However, baseflow may be
more significant when forecasting total annual loads, particularly in rural areas with low
rainfall. This is due to the fact that baseflow is a continuous source of pollutant load,
while storm runoff occurs sporadically over much shorter periods of time.

4.4 Landuse and land cover
It is very difficult to conclusively determine whether or not landuse has a significant
influence on water quality. This is due to the fact that landuse is linked to a multitude
of sources and processes which influence water quality. Therefore, due to the lack of
suitable data, statistical methods are commonly used to determine the effect of landuse
on water quality. This task is further complicated by the fact that landuse is often
strongly correlated with other catchment descriptors, such as impervious area (Driver
and Tasker 1990).
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Landuse is more likely to have a stronger influence on pollutant load rather than EMC.
This is because the impervious area and the associated runoff coefficient are likely to
vary depending upon the landuse. In addition, the spatial arrangement of the pervious
and impervious areas within specific landuses could also display a certain degree of
homogeneity. This then strengthens the correlation between landuse, runoff and load.
In addition, landuse within a catchment may also influence the concentration of
pollutants in runoff. Variations in flow from different landuses may influence the
amount of pollutant eroded from the catchment surface and/or in the receiving waters.
Alternatively,

various

anthropogenic

sources

may

also

influence

pollutant

concentrations. Such sources may vary depending upon the specific type of landuse
category.
The classification system used to define landuse categories can also vary between
studies.

The detail of the landuse classification system is influenced by data

availability, study objectives and human judgement. These factors make it difficult to
collate land use information from a wide range of studies.
A number of different studies have attempted to determine the significance of landuse
as a descriptor of urban stormwater quality. The conclusions have been mixed and
seemingly dependent upon data domain, analysed water quality constituents, the
homogeneity of landuse categories and method of analysis.
Arguably the most comprehensive analysis undertaken was a study of worldwide data
conducted by Duncan (1999). The average and standard deviations of logarithmically
transformed site mean concentrations were calculated for a range of pollutant types and
landuses.

It was concluded that the broader urban landuse categories such as

residential, commercial and industrial had low explanatory power. The large amount of
scatter in the data led to considerable overlap between the concentration distributions
associated with each landuse category.
The differences between the broader landuse categories and agricultural and forested
landuses tended to be more significant (Duncan 1999). In general, concentrations of
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nutrients and suspended solids tend to be lowest for forested areas and highest for
agricultural areas.
It was also found that surface type (road or roof) displayed greater explanatory power
than the broader urban landuse categories. Roads tended to have higher concentrations
of most contaminants, due to their low elevation and proximity to vehicle related
sources. The increased altitude of roofs limited the quantity of accumulated pollutants
available for washoff, leading to lower associated concentrations for all constituents
aside from zinc. The higher zinc concentrations from roofs were assumed to be derived
from additional leaching of zinc from zinc roofs.
The limited sample sizes typically associated landuse/landcover categories other than
commercial and residential area landuses limited the amount of confidence that could be
placed in the results.

However, collation of specific categories into high urban

(residential, commercial, industrial, institutional, etc.) and low urban (forest, agriculture,
etc.) produced larger datasets, capable of deriving further landuse based trends. In
general, compared to high urban landuses, low urban landuses had lower concentrations
of COD, BOD, total lead, faecal streptococci, faecal coliforms and total coliforms.
Overall, Duncan (1999) concluded that the explanatory power of landuse was low.
Mitchell (2005) undertook an analysis of northern European data to determine the
influence of landuse upon site mean EMC values. A total of 313 catchments were
analysed from countries including Denmark, Finland, France, Germany, the
Netherlands, Norway, Russia, Sweden, Switzerland, and the UK. Overall, it was found
that site mean EMC was correlated with landuse. Another statistical analysis was
undertaken on data from just the UK (n=71). The results from the analysis were mixed.
This was assumed to be due to the limited size of the analysed dataset, which prohibited
the formulation of a universal conclusion.
Another comprehensive study was undertaken by Athayde et al. (1983). These authors
attempted to determine the significance of landuse categories in defining EMC
variability, using water quality data from catchments within the United States, collected
as part of the NURP study.
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In one analysis, data from all monitored sites was collated. Median estimates and
associated coefficients of variations were calculated for a number of important landuse
categories; residential, mixed, commercial, and open/non-urban.

The summarised

values presented in Table 4.4 indicate that the open/non-urban landuse category was
markedly different from the remainder of categories. For the majority of constituents,
the coefficient of variations tended to be greater and median values tended to be lower
for the open/non-urban landuse category. The very slight difference between values for
the remainder of landuse categories, combined with the high coefficients of variation,
implied that landuse was not a useful explanatory variable when analysed in isolation.

Table 4.4: Median EMCs associated with land-use category in the NURP study
(Athayde et al. 1983)
Open/nonResidential

Mixed

Commercial

urban

Pollutant

Units

Med.

CV

Med.

CV

Med.

CV

Med.

CV

BOD

mg/L

10

0.41

7.8

0.52

9.3

0.31

-

-

COD

mg/L

73

0.55

65

0.58

57

0.39

40

0.78

TSS

mg/L

101

0.96

67

1.14

69

0.35

70

2.92

Pb

mg/L

144

0.75

114

1.35

104

0.68

30

1.52

Cu

mg/L

33

0.99

27

1.32

29

0.81

-

-

Zn

mg/L

135

0.84

154

0.78

226

1.07

195

0.66

TKN

mg/L

1900

0.73

1288

0.5

1179

0.43

965

1

NOx

mg/L

736

0.83

558

0.67

572

0.48

543

0.91

TP

mg/L

383

0.69

263

0.75

201

0.67

121

1.66

DP

mg/L

143

0.46

56

0.75

80

0.71

26

2.11

The effect of landuse categories was also analysed at three geographic regions. This
was assumed to negate the effects of broad scale variables such as mean annual rainfall.
It was concluded that the median site concentrations did not tend to vary significantly
within a particular geographic locality, though when they did, landuse was not deemed
to be capable of defining the observed differences. The main limitations with this
analysis were associated with the limited number of geographic regions that were
studied, and the inability to account for potentially significant catchment and storm
variables.
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A number of regional regression models have suggested that landuse is significantly
correlated with a number of water quality constituents.

The advantage of such

techniques is that they can maximise the use of available data, and factor in the
significance of other important explanatory variables.

Driver and Tasker (1990)

constructed regional regression models using data collected in the NURP study. The
majority of models predicting event loads found either landuse or impervious area to be
significant. However, this may have been due to the ability of the variables to define
variations in runoff volume, rather than EMC. In the regression models predicting
EMC, landuse or impervious area was not always found to be significant at the 5%
level. This was true for 3 out of the 11 models using impervious area, and 11 out of the
18 models using landuse.
Brezonik and Stadelmann (2002) analysed data from the Twin Cities metropolitan area,
Minnesota. The results from the Pearson correlation coefficients suggested that landuse
was a significant predictor of event load, though not necessarily EMC. Furthermore,
landuse was also used in more than half of the multiple linear regression models
predicting event load or EMC. In addition, more accurate EMC regression models were
constructed on homogeneous subsets of data, segregated according to catchment size
and dominant landuse.
A number of other localised studies have suggested the significance of landuse as a
predictor of EMC. Bolstad and Swank (1997) cited in Tong and Chen (2002) found
water quality to vary with respect to landuse in their study of Coweeta Creek in western
North Carolina. Lystrom et al. (1978) cited in Driver and Tasker (1990) also observed
relationships between some water quality variables and landuse categories during their
study of the Susquehanna River basin. In addition, Schoonover and Lockaby (2006)
analysed storm runoff quality from 18 mixed landuse catchments within western
Georgia and found that nutrient concentrations were generally higher at urbanised
catchments. LADPW (2000) cited in Burian et al. (2002) observed that water quality
varied significantly between seven landuse categories in Los Angeles, California.
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4.4.1

Impervious area

The percentage of impervious area in a catchment generally increases as urbanization
proceeds. Associated with the increase in impervious area is an increase in the volume
of runoff from the catchment. This is mainly due to a decrease in the pervious area
infiltration. Since runoff is a key transport mechanism of urban stormwater pollutants,
an increase in the pollutant load is often associated with an increase in the impervious
area.
In addition, higher runoff rates from impervious surfaces induce greater shear stress,
leading to a further potential increase in the load in the overland flow. The increased
volume of runoff also accumulates in drainage networks more quickly, producing larger
flowrates with increased scouring potential (Lee and Bang 2000). Furthermore, there
may be increased sources associated with impervious areas, such as traffic related
pollutants on roads and zinc derived from roofs (Duncan 1999). In these situations,
pollutant concentration may also increase as impervious area increases.
Pollutant concentration may decrease as the impervious area in the catchment increases.
This could be due to the increased volume of flow removing more of the supply limited
pollutants from the catchment surfaces. This process can then lead to dilution effects,
particularly for large storm events.

Alternatively, a negative correlation between

impervious area and concentration may also be observed in catchments where
significant portions of contaminants originate from pervious surfaces.
In isolation, impervious area is generally not sufficient to determine the variability of
runoff, concentration or load. The spatial arrangement of impervious and pervious areas
influences the quantity of runoff and pollutant/s entering receiving waters. This concept
led to the creation of another important explanatory variable known as “effective
impervious area” or “directly connected impervious area”. It is defined as the portion of
impervious area directly connected to the drainage network (Pandit and Gopalakrishnan
1997). It includes all impervious area aside from the portions which produce runoff that
flows onto pervious areas. This water is assumed to infiltrate the soil and generally
behave in the same manner as rain falling directly upon the pervious surface.
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One potential limitation with effective impervious area is that it does not inherently
account for the relative sizes of impervious and pervious areas.

For example,

impervious area runoff flowing onto a small section of pervious area may readily flow
onto adjoining impervious areas. This would occur if the soil has a low permeability,
the soil is already saturated or the ground surface has a low roughness. Furthermore,
effective impervious area is often more costly and time consuming to obtain when
compared to total impervious area (Cianfrani et al., 2006)
The influence of total impervious area or effective impervious area upon water quality
varies depending upon the type of storm event. For example, effective impervious areas
contribute the majority of runoff during small storm events, whereas total impervious
area may be more appropriate for runoff forecasting during very large storm events (Lee
and Heany, 2003). Determining the minimum storm size that initiates runoff from areas
other than the effective impervious may be important for modelling purposes.
There is controversy regarding the significance of impervious area as a descriptor of
water quality. Peters and Kandell (1999) and Wanielista and Yousef (1993) concluded
that the worst water quality was generally observed in the most highly developed areas,
with the highest percentage of impervious area. In general, the explanatory power of
impervious area in determining water quality generally depends upon the type of
constituent. Table 4.5, derived by Duncan (1999), shows water quality parameters that
are not correlated with impervious area. In contrast, significant relationships between
impervious area and water quality variables are presented in Table 4.6.

Table 4.5: Water quality parameters not correlated with impervious area (Duncan
1999)
Constituent

Landuse type

TN

All data

TP

High urban

SS

High urban, low urban, roads
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Table 4.6: Water quality parameters correlated wih impervious area
Author/s

Year

Constituent

Correlation

Location

Analysis

Type

Pos

Neg

Driver & Tasker

1990

United states

Regression

Load

SS, DS, TN, TKN, TP, DP, Cu, Pb, Zn

DP

Driver & Tasker

1990

United states

Regression

Conc.

DS, TN, TKN, TP, DP, Cu, Pb, Zn

SS

Brezonik & Stadelmann

2002

TCMA, Minnesota

Correlation

Conc.

Pb

VSS, COD, TN

Brezonik & Stadelmann

2002

TCMA, Minnesota

Regression

Conc.

-

DP, NOx

1982

-

-

Flux

TP

-

a

Arnell
a

cited in Soranno et al. 1996
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There are many different types of impervious surfaces in urban areas. Each surface may
influence urban stormwater quality differently. For example, runoff from residential
roofs may export different quantities of pollutants than runoff from parking lots and
streets (Arnold and Gibbons, 1996 cited in Carle et al. 2005). Furthermore, Bannerman
et al. (1993) cited in Burian et al. (2002) analysed data from micro-monitoring samplers
and found that stormwater quality varied between 12 different urban surfaces such as
roofs, driveways, parking lots, streets, etc.

4.4.1.1 Roads and highways

Runoff from roads and highways can contain significant quantities of pollutants. Ball et
al. (1998) suggested that although road surfaces constituted only a small fraction of
typical urban catchments, they were important in terms of urban stormwater quality
modeling. The authors hypothesized that the high imperviousness of road surfaces,
combined with their direct link to water transportation networks promoted the rapid
removal of pollutants from roads. Furthermore, Duncan (1999) suggested that the low
elevation of roads led to higher runoff concentrations than elevated surfaces such as
roofs. The particles on roofs were perceived to become readily resuspended by wind
and eventually settle upon the surfaces with lower elevations.
Roads may also be important sources of traffic related pollutants. Table 4.7 shows a
variety of common water quality constituents found in road runoff and their dominant
sources. Research conducted by Malmquist et al. (1999) also found that traffic was an
important source of lead, cadmium, copper, zinc and polycyclic aromatic hydrocarbons.
Furthermore, Chan and Kwok (2001) stated that the most significant cause of increased
levels of fine particles in road side monitoring stations in Hong Kong was diesel vehicle
exhaust. The importance of vehicle emissions was further supported in a study by
Diamond et al. (2001). The authors hypothesised that emissions from vehicles created a
thin organic film (30-250 nm thick) on impervious surfaces which increased the
particulate capture efficiency. This thin film also increased the washoff potential of
contaminants during storm events.
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Table 4.7: Sources of pollutants in runoff from roads (Ball et al. 1998)
Pollutant

Source

Particulates

Pavement wear
Vehicles
Atmosphere

Nitrogen & Phosphorus

Roadside fertiliser application
Atmosphere

Zinc

Tyre wear
Grease
Motor oil

Lead

Car exhaust
Tyre wear
Bearing wear
Lubricating grease and oil

Copper

Metal plating
Moving engine parts
Bearing and brushing wear
Break lining wear
Insecticides and fungicides

Cadmium

Tyre wear
Insecticides

Nickel

Car exhaust
Brake lining wear
Bushing wear
Metal plating
Lubricating oil
Asphalt paving

Iron

Moving engine parts
Car corrosion
Corrosion of steel road structures

Chromium

Break lining wear
Metal plating
Moving parts

Pierce et al. (1998) suggested that transport related pollutants might be decreased
through transportation planning, implementation of inspection programs targeting car
exhaust emissions, and by selecting road surfaces more resilient to degradation.
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The extent of roadside degradation is an important factor impacting upon solids loading.
Sartor et al. (1974) cited in Hall (1984) stated that the carriageway in asphalt streets
were more prone to deterioration than concrete roads. As a result, asphalt streets were
found to produce pollutant loadings approximately four fifths greater than concrete
roads.
The type of material used to construct the road is generally governed by its location.
Urban roads are generally constructed from impervious material such as asphalt or
concrete, while rural roads are often constructed using soil. Another important feature
associated with rural roads is that they are not generally at the lowest elevation in the
local area (Duncan 1990). This suggests that atmospheric pollutants may accumulate in
other locations in rural environments. This is supported by Wu et al. (1998), who found
that highways adjacent to urban land had increased dust fall compared to rural roads.
The type of roadside drainage system can also influence the quality of runoff derived
from road surfaces. Mitton and Payne (1997) cited in Brezonik and Stadelmann (2002)
observed roadways in northeastern TCMA and found that guttered roadways produced
higher median suspended solids concentrations and lower TP concentrations than unguttered roadways.

The presence of vegetative material in roadside ditches was

perceived to slow the flow, thereby promoting sedimentation, while at the same time
contributing additional nutrients associated with the breakdown of vegetation.

4.4.1.2 Roofs

Roofs can be an important source of certain contaminants. The type of roof material
significantly influences the type of pollutants derived from the surface. Corrosion of
metal roofs during a storm event can increase the quantity of the source metal in urban
runoff. For example, a study of urban sites in Genoa, Italy by Gnecco et al. (2005) and
a study of two urban catchments in Dunedin by Brown and Peake (2006) indicated that
the corrosion of zinc gutters led to the very high observed concentrations of zinc in
runoff.

Duncan (1999) also observed that runoff from galvanised iron roofs had

significantly increased zinc concentrations. Another study by Van Metre and Mahler
(2003) found increased concentrations of lead from asphalt shingle roof runoff. Good’s
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study in 1993, on the other hand, indicated that tar covered roofs were a source of
copper in runoff.
It is generally found that atmospheric deposition contributes the major portion of
pollutants in roof runoff. This infers that the location of the roof may also influence the
runoff quality. Research conducted by Thomas & Greene (1993) showed that runoff
from roofs in industrial catchments had high solids, lead and zinc concentrations. In
contrast, runoff from roofs in rural areas was also shown to have increased nitrate
concentrations as well as slightly increased pH.
The increased altitude of roofs often leads to lower runoff concentrations compared to
the majority of other urban land covers, especially roads and highways. This theory
was put forth by Duncan (1999), who’s collation of worldwide data implied that
suspended solids concentrations in roof runoff were typically lower than concentrations
from other land covers. In addition, roof surfaces are not generally linked to other
surfaces in catchment. This means that once pollutants are removed from the surface,
no more may flow from them. Roads on the other hand, may receive interflow from
adjacent impervious surfaces such as pavements.

This effectively replenishes the

quantity of pollutant flowing from the surface, maintaining a state of dynamic
equilibrium between inflow and outflow from the particular surface (Vaze and Chiew
2003a).
The collection of roof water for reuse may decrease the total quantity of water
originating from roofs in urban areas. In addition, the manner in which the runoff from
roofs is connected to the urban drainage system may also influence the loads from such
surfaces. For example, roof runoff may spill out onto pervious surfaces and infiltrate
the soil medium. Alternatively, it may be directly connected to the drainage system,
flowing into gutters along streets and eventually into the underground drainage network.
This type of disposal increases the first flush effect, and may lead to the erosion of
stream sediment further downstream.
Another means of reducing the quantity of polluted runoff flowing from roof surfaces is
through the use of vegetated roof systems. Bengtsson et al. (2005) cited in Emilsson et
al. (2007) indicated that vegetated roof systems are capable of retaining stormwater.
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This may encourage particle sedimentation and the uptake of nutrients in rainwater by
vegetation, while decreasing the adverse effects associated with first flush phenonema.

4.4.2

Pervious area

The quantity of runoff and pollutants removed during storm events depends upon the
type of pervious surface. Pervious areas made up of exposed soil may be eroded during
storm events, resulting in the export of significant quantities of particulate pollutants. In
contrast, pervious areas covered with vegetation typically export lower quantities of
particulate pollutants.
The presence of vegetation in pervious areas promotes lower pollutant loads via a
number of different mechanisms. Depending upon the height of the vegetation, direct
interception may reduce the erosive power of raindrops, leading to the reduced erosion
of soil. The rainwater is also more likely to infiltrate in into the soil, producing low
runoff volumes. Once infiltrated into the soil, vegetation can uptake the moisture and
eventually release it via transpiration.
The type and amount of vegetation influences the quantity and quality of runoff
(Sonoda et al. 2001, Bolton and Ward 1993). For example, dense forest would be more
likely to retain water than sparse grass plains. The degree of raindrop interception
would be greater in dense forest, although coalesced raindrops falling from the upper
canopy directly to the forest floor may cause greater impaction forces, hence increased
rain splash erosion. Furthermore, denser vegetation decreases the extent of evaporation.
This promotes the binding of soil particles and decreases their tendency to erode (Pierce
et al. 1998).
The soil in forests is also more likely to be resistant to erosion due to the structural
stability associated with the tree roots, stems and other plant material. The presence of
additional humic material on the forest floor rapidly adsorbs water as it flows over the
ground surface, more so than sparse vegetation or barren soils. However, Lek et al.
(1999) suggested that the export of humic material from forests caused higher
concentrations of organic nitrogen than urban areas.
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Fertilisers are a potential source of nutrients in pervious areas. A variety of fertilisers
may be applied to fields, parks, gardens and lawns. For example, Table 4.8 shows the
fertiliser application rates for different landuses. Only a portion of the fertiliser applied
to a given landuse is typically exported during storm events. The amount may be
mitigated by applying the fertiliser at appropriate times, at appropriate rates (Line et al.,
2002). In general, increased fertiliser application in the late winter and spring periods
may lead to higher concentrations of nutrients in surface runoff and subsurface flow
during these periods (Sliva and Williams 2001).

Table 4.8: Fertiliser application rates for different land uses
Fertiliser application
Source
Hipp et al. (1993)

a

Osmond et al. (1999)

rate (kg/ha/yr)

Residential

TP

100

Residential

TN

168

b

Rural

TN

86.2

Golf course

TN

97.4

Turf grass

TN

220

b

Turner and Miller (1982)
a

Nutrient

b

Osmond and Platt (2000)
Line and Osmond (1999)

Landuse

b

Winter and Duthie (2000)

b

Line et al. (2002)

Decaying plant material can leach nutrients into storm runoff.

However, the

contribution of such sources is difficult to universally quantify. Allison et al. (1998)
observed that the nutrient contribution of leaf litter (greater than 5 mm) was
approximately two orders of magnitude less than the total urban stormwater
concentration. However, Cowen and Lee (1973) cited in Hall (1984) suggested that
vegetation could be a more important source of phosphorus than fertilizers. It was
suggested that as much as twenty percent of the phosphorus in leaves could leach into
runoff (depending upon the species of vegetation). Table 4.9 presents a quantified
summary of nutrient leaching from leaf litter. The figures vary significantly between
studies, making it difficult to summarise the results.
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Table 4.9: Amount of nutrient leaching from in leaf litter (adapted from Allison et al. (1998))
Proportion of nutrients
Nutrients in leaf litter

that can leach into water

(% of dry leaf weight)

(% of dry leaf weight)
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Source

Year

Location

TP

Prasad et al.

1980

Toronto, Canada

0.07-0.26

0.7-1.2

0.006-0.07

0.05-0.24

Dorney

1986

Milwaukee & Shorewood

0.06-0.44

n/a

0.004-0.026

n/a

Attivil & Leeper

1990

Australian forests

<0.1

<1.2

n/a

n/a

Cowan & Lee

1973

Madison, USA

n/a

n/a

0.005-0.023

n/a

Riley & Abood

1995

Sydney, Australia

n/a

n/a

0.003

0.05

Allison et al.

1998

Melbourne, Australia

0.7-1.2

0.05-0.45

0.035-0.24

0.003-0.09
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TN

TP

TN

4.4.3

Urban areas

Progressive urbanisation has led to the degradation of many surface waters.
Urbanisation changes the land cover of the catchment and introduces additional
pollutant sources.

Sonoda et al. (2001) noted that these sources originate from a

multitude of anthropogenic activities, which are generally related to specific landuse
categories. The type of landuse category may also influence the pathways of pollutants.
The main alterations to the flow regime in urban areas are associated with the increase
in impervious surfaces. This increases the total amount of runoff from storm events,
leading to an increase in pollutant load entering surface waters. Furthermore, ASCE
(1975) cited in Goonetilleke et al. (2005) noted that other hydrologic changes to urban
stormwater systems included an increased runoff peak and reduced time to peak. These
changes may increase the shear stress induced by the runoff, thereby increasing the
erosion of stream channels.

This channel erosion may be the primary source of

sediment in streams (Im et al., 2003).
There are a number of additional anthropogenic sources of metallic pollutants in urban
areas. Davis et al. (2001) identified a number of key sources of four heavy metals;
cadmium, copper, lead and zinc. All four pollutants were present in runoff from
building sidings and roofs. In addition, zinc was derived from tire wear and copper
from vehicle brake emissions. Furthermore, atmospheric deposition was a significant
source of lead, copper and cadmium.

The authors noted that the elimination or

modifications of metal parts associated with vehicular and building materials may
reduce metal inputs. For example, Davis and Burns (1999) cited in Davis et al. (2001)
suggested that lead in urban runoff may be significantly reduced by ceasing the use of
leaded paint. Furthermore, it has been widely observed that the progressive phasing out
of leaded gasoline has significantly reduced the observed concentration of lead in urban
runoff.
Other pollutants aside from heavy metals may be present in high concentrations in
urban stormwater. In a study by Clinton and Vose (2006), storm water quality from an
urban and forested site located in the Southern Appalachians was compared. The results
are presented in Table 4.10. Overall, it was found that constituent concentrations from
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the urban site were larger than those from the forested catchment for all analysed
contaminants.

Table 4.10: Mean solute concentrations at urban and forested catchments located in
the Southern Appalanchians (Clinton and Vose 2006)
Parameter

Urban

Forested

0.1

0.059

NH4+ (mg/L)

0.046

0.024

PO4+

0.022

0.01

Cl (mg/L)

4.91

3.48

K (mg/L)

0.92

0.45

Na (mg/L)

3.38

2.57

Ca (mg/L)

2.49

1.29

Mg (mg/L)

0.46

0.29

NO3-

(mg/L)

(mg/L)

-

The type of drainage network may also influence the quantity and quality of storm
runoff (O’Loughlin et al. 1996).

The construction of concrete channels in urban

environments increases the velocity of flow, leading to potential erosion of downstream
sections which are not concreted.
The channelisation of drainage networks also decreases stream meandering, further
contributing to the rapid accumulation of runoff. Galloway et al. (2003) cited in Taylor
et al. (2005) noted that the decreased detention times associated with stream
channelisation also reduced nutrient cycling, leading to increased concentrations of total
dissolved nitrogen in urban runoff. Furthermore, Soranno et al. (1996) stated vegetation
removal in the riparian corridor also led to the decreased attenuation of nutrients.
Corbett et al. (1997) suggested that steep stream banks in urban areas were also prone to
erosion by high flows. This erosion may lead to enlarged cross sectional areas in urban
streams (Hammer, 1972; Trimble, 1997; Pizzuto et al., 2000; Hesson et al., 2003 cited
in Cianfrani et al., 2006).
Other features present in urban areas may temporarily or permanently retain runoff in
urban catchments. For example, runoff from roofs may be collected in stormwater
tanks (O’Loughlin et al. 1996). In addition, temporary retention of runoff may result
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from obstructions such as road embankments, fences and detention facilities (Lee and
Bang 2000).

4.4.3.1 Residential area

Residential landuse is one of the most common types of landuse in urban areas.
However, a number of factors limit the homogeneity of such areas. For example, the
population density of a residential area impacts the type of housing, amount of
impervious area, traffic density, sewerage load and system, and the types and magnitude
of various contaminant sources. Consequently, residential areas are often divided into
three distinct categories; low density residential, medium density residential and high
density residential.
Higher density residential areas tend to have greater portions of impervious area,
leading to increased runoff and loads of most pollutants. They may also have large
rates of sewerage, leading to overflows during large storms. Furthermore, additional
building product sources may also increase pollutant concentrations (Davis et al. 2001).
In addition, higher population densities generally correlate with traffic intensity, leading
to additional traffic related pollutants in higher population density areas.
Residential areas, irrespective of density, have been shown to produce different
concentrations of constituents when compared to other urban landuses. For example,
Athayde et al. (1983) and Duncan (1999) found that residential areas produced higher
concentrations of TKN and TP compared to other urban landuses. This was possibly
due to the increased pervious area sources such as fertiliser (Duncan 1999), and
increased sewerage contamination.

The increase in sewerage contamination in

residential areas was further supported by Duncan (1999) who observed that residential
zonings produced higher concentrations of microbiological measures compared to other
urban zonings.
Duncan (1999) also found that residential landuses produced lower concentrations of
metals and organic carbons than other urban zonings. This was possibly due to the
decreased traffic rate and fewer building material sources in residential areas.
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4.4.3.2 Commercial area

Commercial areas typically have higher percentages of impervious surfaces when
compared to residential areas. The increased runoff from impervious surfaces leads to
increased pollutant loads from commercial areas. However, supply limited pollutants
on the impervious surfaces may deplete during larger storm events, leading to low
EMCs. The lack of pervious surfaces typically limits the erosion and/or dissolution of
soil derived contaminants from the catchment surface, although the increased runoff can
lead to significant in stream scour downstream of the catchment. The increased vehicles
and building materials associated with commercial areas may also increase pollutant
concentrations (particularly heavy metals).

4.4.3.3 Industrial area

The type and intensity of industry governs the type and quantity of pollutants emitted
from these areas. Lazaro (1979) indicated that pollutants could be derived from a
number of sources in industrial areas including:


raw materials leaking from open stockpiles;



accidental spills;



leaking storage units and pipes;



washout of atmospheric pollutants.

The quantity of such pollutants may be minimised via the implementation of various
best management practices.
Many studies have recognised that the pollutant exports from industrial areas may vary
significantly. Kim et al. (1993) stated higher pollutant exports were generally observed
from intense industrial zones.

Lower intensity industrial areas, that release fewer

pollutants, are often suggested to have similar characteristics to commercial landuses.
This has led to the lumping of the two into one category (Athayde et al. 1983, Brezonik
and Stadelmann 2002). Low intensity industrial and commercial areas have comparable
portions of impervious surfaces. They also have comparable sources of pollutants
derived from vehicular activities and building products.
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4.4.3.4 Construction sites

Construction sites are a major source of sediment and adsorbed pollutants. The large
portion of exposed soil can lead to significant amounts of erosion, particularly during
intense storms.
The stage of construction influences the quantity of pollutant export. Lazaro (1979)
stated that the early stages of construction disturb the soil, leading to large quantities of
eroded sediment during storm events. During later stages, soils may become compacted
or revegetated, leading to decreased levels of erosion. However, the increased vehicular
movement in the later stages may generate additional dust and various vehicle related
pollutants.

Furthermore, the corrosion of constructed building materials may also

increase pollutant concentrations (Lazaro 1979).
Various best management practices can be implemented to prevent the erosion of
pollutants from construction sites. Velocity reduction methods use various obstacles
such as plastic barriers, hay bales, jute mesh and filter inlets to slow the runoff velocity
(Pierce et al. 1998). This decreases the erosive power of the runoff and promotes
sedimentation of particles in suspension. Deflection methods, on the other hand, reduce
runoff erosion by diverting water that would otherwise pass over exposed soil.
Following construction, the sites are generally revegetated to decrease the erosion from
exposed soils.

4.4.3.5 Public and open space

Public and open spaces include parks, gardens and playing fields. The higher portion of
pervious surfaces associated with such areas generally reduces the runoff rate and
pollutant loads. However, relatively high concentrations of certain pollutants may be
derived from pervious areas.

In particular, excessive fertiliser application, garden

clippings and animal droppings may increase nutrient concentrations in runoff.
In a study by Ackerman and Schiff (2003), constituent concentrations associated with
open landuses were compared to average constituent concentrations from other
dominant landuses such as agricultural, commercial, industrial and residential. Overall,
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open landuse had lower geometric mean concentrations for all but 2 of the 11
constituents analysed (Table 4.11).

Table 4.11: Comparison between open and the other landuses located in the Southern
California Bight (Ackerman and Schiff 2003)
N

4.4.4

Geometric mean

Constituent

ALL

Open

All

Open

Ammonia (mg/L)

814

124

0.41

0.07

Cadmium (mg/L)

552

72

0.31

0.09

Chromium (mg/L)

552

72

1.68

0.81

Copper (mg/L)

552

72

22.07

5.04

Lead (mg/L)

552

74

4.70

0.69

Mercury (mg/L)

528

71

0.04

0.07

Nickel (mg/L)

750

128

1.53

2.04

Nitrate (mg/L)

394

62

0.09

0.02

Selenium (mg/L)

546

72

0.18

0.09

Suspended solids (mg/L)

495

64

70.61

28.83

Zinc (mg/L)

551

72

125.52

3.19

Rural areas

There are a wide range of different types of agricultural practices occurring in rural
areas. In a study by Graves et al. (2004), stormwater characteristics associated with a
number of different types of agricultural landuses were investigated from catchments in
Southern Florida. Median nutrient concentrations from four agricultural landuses were
compared. The results are presented in Table 4.12.

Table 4.12: Median nutrient concentrations in storm water runoff from four
agricultural landuse categories sampled in Southern Florida (Graves et al. 2004)
No. of
Landuse

Median EMC (mg/L)

Samples

TP

TN

Organic N

Inorganic N

NH3-N

NOx-N

Citrus

127

0.16

1.23

1.05

0.13

0.06

0.04

Pasture

53

0.22

1.09

0.94

0.08

0.06

0.01

Row crop

20

0.45

1.31

0.97

0.33

0.04

0.27

Dairy

8

8.86

24.6

7.39

11.5

11

0.03
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It can be seen that the TP, TN, Organic N, Inorganic N and NH3-N concentrations
associated with the dairy landuse category were significantly higher than the
concentrations associated with the remainder of agricultural landuse categories.
Another noticable difference was associated with NOx-N concentrations. It can be seen
that the NOx-N concentration associated with row crop landuse is approximately an
order of magnitude greater than the remainder of agricultural landuses. The remainder
of median contaminant concentrations were within an order of magnitude of one
another.
The exact type of agricultural landuse occurring within a rural area is rarely specified
within large scale studies. However, as mentioned previously, the type of agriculture
can significantly influence pollutant concentrations in runoff from rural areas.
Therefore, the wide range of landuses may be divided into two categories based upon
the intensity of agricultural practices; low intensity rural and intense agricultural.

4.4.4.1 Low intensity rural

Low intensity rural landuses are generally pastural land uses. However, they could also
include areas of unused or barren land.
In many low intensity rural catchments, the natural forests have been cleared or thinned
for crop production or grazing. This may increase the potential for soil erosion during
drier periods when there is little grass or vegetation coverage. The shorter root systems
associated with grass vegetation compared to trees are less inclined to hold the soils
together and prevent erosion. This may further exacerbate soil erosion during dry
periods, particularly if soils have been compacted by hoofs of grazing animals.
It is difficult to determine whether or not crops should be incorporated into this
category, since the definition of “intensity” is rather subjective. Different crops and
management practices can significantly influence the intensity of the agricultural
practices. The most important of these practices is fertilizer application. The amount of
applied fertilizer can significantly influence the quantity of nutrients which runoff the
catchment. Therefore, in situations where the fertiliser application is significant, the
rural land may be defined as ‘intense agriculture’.
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4.4.4.2 Intense agriculture

Landuses that are classified as intense agriculture include areas containing high
densities of livestock or croplands requiring high levels of fertilizer application. Land
clearing typically increases the quantity and velocity of runoff. It also makes soils more
susceptible to erosion, by removing the root support network of trees. In addition to soil
erosion, agricultural landuses introduce other pollutants derived from agricultural
chemicals (such as fertilizers and pesticides), along with additional nutrients derived
from plants and animals.
Agricultural areas with high densities of animals may contribute significant quantities of
pollutants to surface waters. A major source of pollutant is associated with manure
generation, which leads to increased concentrations of nutrients, BOD and fecal related
contaminants. Wanielista and Yousef (1993) suggested that runoff quality from animal
feed lots were dependent upon animal species, animal density, maturity of animals and
feed type.
Lek et al. (1999) suggested that the correlation between animal density and nitrogen
concentrations in receiving waters implied that farms in America managed manure
poorly. In particular, it was suggested that large cattle herds located near receiving
waters were significant sources of manure. Chandler (1994) also found that cattle herds
in Washington State exported three quarters of the total nutrient load into Carlisle Lake.
Furthermore, Kelly et al. (2002) found that ammonium concentrations in the atmosphere
and in precipitation were correlated with cattle density in the immediate locality
(R2=0.74, R2=0.44).
Nitrogen in the atmosphere may be derived from fertilizer application as well as cattle
emissions. Wayne (1985) stated that a portion of applied fertilizer is converted to
atmospheric N2O. The remainder of applied fertilizer is uptaken by vegetation, stored
in the soil medium, leached into groundwater, or is washed from the catchment during
storm events.
The quantity of fertilizer applied generally determines the distinction between low and
high intensity agricultural areas. Owens et al. (1991) and Adamus and Berman (1996)
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cited in Lek et al. (1999) stated that experimental sites throughout the United States
found that extensive agriculture did not increase nitrogen concentrations in receiving
waters, while intensive agriculture did.
In a study by Ackerman and Schiff (2003), constituent concentrations associated with
agricultural landuses were compared to average constituent concentrations from other
dominant landuses such as commercial, industrial, open and residential. The results
from this analysis are presented in Table 4.13.

In general, the geometric mean

concentrations associated with the agricultural catchments were significantly greater
than the average geometric mean concentrations associated with the remaining landuses.
Constituent concentrations in agricultural areas were greater by a factor of 3 to 117,
depending upon the constituent.

Table 4.13: Comparison between agricultural (LUAGR) and the other landuses located
in the Southern California Bight (Ackerman and Schiff 2003)
N

Geometric mean

Constituent

ALL

LUAGR

ALL

LUAGR

Ammonia (mg/L)

923

15

0.32

1.34

Cadmium (mg/L)

609

15

0.25

4.31

Chromium (mg/L)

609

15

1.39

103

Copper (mg/L)

609

15

17.7

152

Lead (mg/L)

611

15

3.52

43.4

Mercury (mg/L)

583

16

0.04

0.11

Nickel (mg/L)

863

15

1.49

77.8

Nitrate (mg/L)

442

14

0.06

7.31

Selenium (mg/L)

603

15

0.15

1.62

Suspended solids (mg/L)

545

14

58.7

1520

Zinc (mg/L)

608

15

80.1

223

4.5 Geological
There are a number of geological variables influencing urban stormwater quality. They
include soil type, slope, drainage area, and altitude. Omernik (1997) cited in Lek et al.
(1999) stated that geological variables were generally less significant than
anthropogenic variables when predicting surface water quality.
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4.5.1

Soil type

The type of soil influences the quantity and quality of runoff from pervious surfaces.
The size, shape, density and composition of the soil particles affect the permeability of
the soil matrix, which then influences the amount of runoff production. The soil type
also provides an indication of the soil’s capacity to be eroded.
Clay particles tend to be more resilient to detachment than sands, however clay can be
more readily transported once in suspension. A number of other factors influence soil
erosion, including water content, organic matter, soil structure, compactness or density,
and various biological and chemical characteristics (Elliot et al. 1993 cited in Ward and
Elliot 1995).
Soil characteristics are influenced upon a number of different factors. The geological
origin and age of the soil can influence its properties. Igneous rocks are formed from
the cooling of lava from above or below the ground surface. Sedimentary soils are
derived from older rocks that generally have been exposed to the elements of nature for
longer time periods, to produce finer, more fertile soils. Black (1996) stated that soils
derived from sedimentary rocks tend to have relatively high concentrations of dissolved
contaminants.

Furthermore, sedimentary rocks derived from sandstone have high

amounts of silica, while sedimentary rocks derived from limestone are rich in
magnesium or calcium. The typical composition of the three main types of rocks is
shown in Table 4.14.

Table 4.14: Summary of rock composition (from Hem (1970) cited in Black (1996))
Sedimentary
Igneous

Sandstone

Carbonate

Elements

(%)

(%)

(%)

Silica

28.5

35.9

0

20.8

9.7

9.4

0

1.4

11.3

all other elements

50.7

53

79.3

Totals

100

100

100

Aluminium, Iron, Calcium,
Potassium, Manganese, Titanium,
Magnesium and phosphorus
Carbon
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An important constituent present in soils is phosphorus. Ward and Elliot (1995) stated
that typical total phosphorus concentrations in soils located in the U.S. range from 300
to 1200 mg/kg. Furthermore, Abrams and Jarrel (1995) cited in Sonoda et al. (2001)
observed that the average total phosphorus concentration in the United States was
approximately 600mg/kg.
Ward and Elliot (1995) stated that more than 99% of the phosphorus in soil is present in
the solid phase, with the remainder in soluble form. The majority of soluble phosphorus
is present as orthophosphate (H2PO4-), with smaller portions adsorbed to fine ferrous
oxides and organic material, or dissolved in solution in the organic form. Less than
25% of the solid phase may remain in dynamic equilibrium with phosphorus in solution.
The equilibrium is controlled by a series of sorption-desorption, immobilizationmineralisation, or precipitation-dissolution reactions. This portion is often called labile
or bioavailable phosphorus, as it is readily dissolved and uptaken by vegetation.
In general, soils do not readily leach phosphorus due to the tendency for phosphorus to
bind to solids within the soil matrix. Ward and Elliot (1995) noted that an exception to
this rule occurred when excessive amounts of organic wastes were applied onto
fractured bedrock or sandy soils. Reckhow et al. (1985) also noted that sandy and peaty
soils readily leached phosphates, while other soils did not. The increased permeability
and/or lack of binding sites on soil solids may explain this phenomenon. Sonoda et al.
(2001) also noted increased groundwater acidity might cause the release of iron
phosphate bound to sediments.
Nitrogen compounds are more prone to leach through the soil matrix than phosphorus
compounds, since they are more soluble and less likely to attach to soil particles. This
makes groundwater leaching a significant source of nitrogen in large rural catchments,
with relatively low amounts of stormwater runoff. However, there may be certain lag
times between nitrogen application to the ground surface and subsequent leaching into
receiving waters as baseflow. For example, a study conducted in California between
1978 and 1979 by Singh and Sekton cited in Stauffer (1998) found that it took an
average of 10 years for nitrates to leach 15 metres below the ground surface.

159

4.5.2

Slope

The main influences of slope are associated with its effect upon runoff velocity (Sliva
and Williams 2001). An increase in slope generally leads to faster flows, which are
typically less prone to infiltration and evaporation. Consequently, runoff volumes and
loads may increase as the catchment slope increases.
The increased rate of runoff also has larger erosive energy, capable of removing greater
portions of particulate matter from the catchment surface (Haster and James 1994, Ward
and Elliot 1995). In constrast, gentle sloping catchments are more likely to have
depression storages and slower flows that encourage the deposition of suspended matter
(Ichiki and Yamada 1999).
Gently sloping catchments also increase the contact time of the runoff with the ground
surface. This may result in an increase in the portion of dissolved constituents in the
runoff.

4.5.3

Drainage area

Drainage area is strongly correlated with runoff load, based upon the known theoretical
relationship between load, concentration and runoff volume. The size of the drainage
area may also influence pollutant concentrations in runoff. For example, Lee et al.
(2002) observed that a first flush effect was more pronounced for smaller catchments.
This typically means that pollutant concentrations are more variable within small
catchments compared to large catchments.

The size of the catchment may also

influence the portion of suspended load deposited on overland surfaces, in channels and
in flood plains (Basnyat et al. 2000, Pierce et al. 1998). Pollutant attenuation may also
occur via a number of other physical, chemical and biological processes. These may
have a more pronounced effect on water quality from large catchments, particularly if
time dependent reactions do not occur in small catchments.

For example, the

conversion of ammonia to nitrate is time dependent and therefore more likely to occur
in larger catchments compared to smaller ones.
The size of the drainage area could be also useful in determining the homogeneity of
catchments.

In general, single landuse catchments with larger drainage areas are
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perceived to be more homogeneous than smaller ones. As the size of the catchment
becomes reduced, there is the potential for greater variation in water quality, due to the
increased significance of atypical phenomenon. Larger catchments are less likely to be
biased by such factors. The factors are more likely to be distributed over a larger area
and factored into the homogeneity of the catchment area.
Extremely large drainage areas could also experience spatially variable rainfall patterns,
particularly during the summer storms. This could lead to large variations of EMCs,
particularly if the landuse/landcover or other catchment characteristics are not
homogeneous over the catchment area.

Consequently, large standard deviations

associated with EMCs at single sites may be observed from large catchments with
heterogeneous landuses.
The size of the catchment could also determine the relative influence of surrounding
landuse/land cover on water quality in the studied catchment. It is anticipated that
catchments with very small drainage areas should be more significantly influenced by
surrounding areas compared to catchments with very large drainage areas. The extent
of influence from surrounding landuses depends upon the distance air pollution travels.
This can be influenced by wind (speed and direction), release height, particle type (size
and density), etc.

4.5.4

Altitude

Altitude is another variable that may indirectly influence surface water quality. Altitude
can affect various climatic phenomena, such as increased precipitation associated with
orographic lifting of air (Ward and Elliot 1995). Areas of high altitude may also
experience variable forms of precipitation including rainfall, snowfall, mists and ground
level cloud condensation (Becket et al. 2000).
Black (1996) suggested that higher altitude catchments in the United States tended to
have higher acidic runoff. This was partly due to atmospheric influences upon sulphate
concentrations, and partly due to the increased prevalence of coniferous vegetation.
Such vegetation generally produces more acidic runoff than deciduous vegetation. This
is partially due to the fact that runoff from areas containing coniferous vegetation is not
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well buffered by the shallow soils in which the vegetation grows.

4.6 Miscellaneous spatial variables
The spatial distribution of various factors within and outside the catchment area can
affect the quantity and quality of storm runoff. In particular, the spatial distribution of
landuses within the catchment may significantly influence constituent concentrations.
However, a combination of limited data and excessive model complexity restricts the
feasibility of accurately modelling spatial variation within a catchment.
The proximity of the catchment to various phenomena lying outside the catchment
boundaries may also influence the water quality at the site of interest. For example,
proximity of the catchment to the ocean and surrounding anthropogenic sources such as
industrial areas may influence water quality.
Atmospheric influences may also vary predictably over large areas, implying the
validity of using broad scale spatial variables such as latitude and longitude. It also
infers the validity of segregating catchment data based upon region or locality.
Particular geographic regions are more likely to have homogeneous climatic or
geographic characteristics than continental aggregations of data.

4.6.1

Intra-catchment spatial variability

The proximity of landuses and land covers to surface waters can lead to variations in
runoff quality, particularly in large rural areas. Mulamoottil et al. (1996) and Peirce et
al. (1998) stated that the treatment capacity of riparian buffer zones enabled the
reduction in particulate pollutants. The presence of vegetation not only prevents erosion
but also slows the flow to allow the deposition of pollutants. In addition, nutrients
attached to the deposited sediment may eventually uptaken by vegetation in the areas,
thereby preventing their subsequent flushing during larger storm events.
It is also possible that areas within rural catchments, lacking artificial drainage
networks, do not contribute pollutants to the watercourse during storm events (Reckhow
1985). This is due to the fact that runoff may not be able to transport eroded sediment
to the watercourse before it infiltrates the soil or evaporates. The region adjacent to the
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drainage network that exports pollutants during the storm event is termed the
‘contributing area’.

Soranno et al. (1996) suggested that depending upon runoff

conditions and topography, the contributing area could vary anywhere between 0.1 and
6 km.
The presence of artificial drainage networks in urban environments suggests that most
runoff from impervious surfaces flows into the receiving water during a storm event,
irrespective of its proximity to the receiving water. However, Peirce et al. (1998)
suggested that suspended pollutants in urban environments were typically only
transported short distances. Although pollutants may only move a small distance during
a given storm event, subsequent storm events ensure that they eventually reach the
receiving water.

4.6.2

Proximity to the ocean

The proximity of the catchment to the ocean may be correlated with important climatic
variables. Catchments located adjacent to the coast generally exhibit higher mean
annual rainfalls than inland catchments. This is because the majority of atmospheric
moisture is derived from the evaporation of water in the ocean (Chow et al. 1988).
The distance from the ocean also provides a measure of the ionic content in the air.
This may indirectly influence the rate at which metallic surfaces within the catchment
corrode. Kennedy et al. (1979) cited in Black (1996) suggested that ocean salts could
be carried up to 10 km inland.

4.6.3

Proximity to anthropogenic sources

The proximity of catchments to various anthropogenic atmospheric emissions can also
affect water quality at the site. Wayne (1985) and Ball et al. (1998) suggested that
atmospheric pollutants can be transported long distances. This was further supported by
Cohen et al. (1988) who stated that ‘near natural’ streams could be polluted by
atmospheric emissions from distal anthropogenic sources. Furthermore, Burian et al.
(2001) suggested that a linked CIT-SWMM model could be improved via the inclusion
of an additional component that modeled regional and mesoscale meteorology. This
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component allowed the atmospheric contribution from regional sources to be
determined.
The regional significance of anthropogenic pollutants depends upon the source emission
height.

Large industrial stacks are capable of releasing pollutants high in the

atmosphere. These “regional” emissions then become distributed over a wide area,
contributing to atmospheric pollution in distal sources. For example, Kelly et al. (2002)
observed atmospheric nitrate at a rural catchment in south-eastern New York, USA. An
analysis of atmospheric pollutant trends between 1988 and 1999 implied that nitrate
concentration at the site was more strongly correlated with regional power plant
emissions than various local emissions. The respective correlations are presented in
Table 4.15. In addition, Wayne (1985) stated that a plume from a 400 metre tall stack
in Ontario, Canada, was visible up to 200 km from the source.

Table 4.15: Regional and local emission effect upon nitrate deposition at a rural
catchment in south-eastern New York (Kelly et al. 2002)
R2

NO3 source
Regional power plant NOx

0.43

Local power plant NOx

0.08

Local point source NOx

0.28

Local point + non-point source NOx

0.29

Despite these observations, Lazaro (1979) stated that although dust may be derived
from beyond the catchment boundaries, the majority is locally generated. This reduces
the necessity of incorporating broad scale anthropogenic sources into the modelling
exercise.

4.6.4

Latitude and longitude

General spatial information such as latitude and longitude has the advantage of being
relatively easy and inexpensive to attain. However, the relative significance of latitude
and longitude to surface water quality modelling is probably minor compared to other
variables more closely linked to the fundamental processes influencing stormwater
quality.
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Latitude may provide information regarding the general climatic patterns to be expected
in a given area.
temperatures.

In general, regions located closer to the equator have higher

Higher temperature is generally strongly linked to other important

climatic characteristics such as rainfall. These phenomena ultimately influence soil
moisture levels, levels of pollutant accumulation and vegetation coverage, which may in
turn affect the water quality of a catchment. However, this variable may only have
noticeable significance when analysing large, natural systems where anthropogenic
influences are minimal.
Unlike latitude, longitude is not linked to a single, universal phenomena associated with
stormwater quality. However, regional trends occurring over large geographic areas
may result in the variable’s apparent significance. For example, it may be linked to
broad scale climatic or geologic variables that are strongly correlated with water quality.
Several climatic variables exhibit regional trends that are influenced by a multitude of
factors including topography, proximity to the ocean and the direction of rotation of the
earth’s axis. For example, Chow et al. (1988) observed that precipitation in the United
States generally decreases from the east to the west across the Great Plains.

4.6.5

Region

Broad scale regional division of catchments may increase the apparent homogeneity of
various processes influencing stormwater quality.
defining different regional sub groupings.

Spatial division is one way of

Relatively homogeneous climatic and

geologic variables may occur within a particular region. However, orographic effects
may significantly increase the variability of these parameters at a single region. For
example, Chow et al. (1988) observed considerable variation in precipitation within the
mountainous regions of the western United States.

4.7 Miscellaneous anthropogenic
Landuse is commonly used to define anthropogenic influences on runoff quantity and
quality. However, a number of other miscellaneous anthropogenic variables can also
explain variations in urban stormwater quality. These variables include population
density, traffic intensity, and type of sewerage treatment.
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4.7.1

Population density

Population density is often used to gauge the magnitude of the various anthropogenic
practices that may contribute to the decline of stormwater quality in developed
catchments.

Population density is likely to be correlated with landuse variables,

particularly residential area. It is also used to separate residential areas into various
categories; high, medium and low density residential area.
High population densities are likely to be associated with sky rise buildings, and areas
with typically larger amounts of impervious surfaces.

The quantity of sewerage

generated in higher density areas is also likely to be greater than in lower density areas.
This may then influence the type of sanitary sewerage treatment method used. In
addition, population density may also be correlated with traffic intensity.
The correlation between population density and urban stormwater quality typically
varies depending upon the analysed pollutant.

In a study of worldwide urban

stormwater quality data, Duncan (1999) observed higher concentrations of BOD, COD,
and total nitrogen, and higher faecal and total coliform counts associated with large
population densities. However, no significant relationships were observed between
population density and heavy metals. In addition, no significant relationship was found
between total phosphorus and population density when highly urbanised catchments
were analysed. Nor was there any significant relationship between suspended solids
concentration and population density when either the high or low urban landuse
category was analysed.

4.7.2

Traffic intensity

Traffic intensity can be an important indicator of the quantities of pollutants derived
from vehicular movement. Table 4.7 showed a number of important vehicle related
pollutants identified in a study by Ball (1998).
Increased traffic intensities release increased atmospheric pollutants and break down
large particles on the street surface into smaller ones. The reduced size of the particles
can increase the portion of pollutants resuspended into the atmosphere by wind or
vehicular turbulence. The reduced size of particles can also affect the quantity of
166

pollutants transported to receiving waters during runoff events. This essentially occurs
because finer particles require less energy to be transported. To make matters worse,
many of the pollutants on the road surfaces more readily adsorb to the surface of the
finer particles.
Various studies, including those by Ball et al. (1998) and Davis et al. (2001) have
identified a strong correlation between heavy metals and traffic intensity. Studies
conducted by Roesner (1999) observed areas with traffic intensities greater than 30000
vehicles per day led to toxicity problems in receiving waters. A study of worldwide
stormwater quality data by Duncan (1999) found that the use of lead as an antiknocking
agent in fuel led to increases in lead concentrations near areas with high traffic
intensities. The study also observed a negative correlation between total phosphorus
and traffic intensity (R2 = 0.57). This was perceived to be due the decreased number of
total phosphorus sources in areas supporting large volumes of traffic. However, Cowen
and Lee (1973) cited in Duncan (1999) suggested that vehicular movement might break
up vegetative matter, resulting in an increased rate of phosphorus release. Finally, the
study of worldwide data by Duncan (1999) also found no significant relationship
between traffic intensity and suspended solids.

4.7.3

Sewerage treatment system

The management of sewerage in developed areas can influence the quality of surface
waters. The method used to manage sewerage is strongly related to the population
density of the catchment. Higher density populations generally implement sanitary
sewer drainage systems to collect the wastewater for treatment by a centralised
sewerage treatment plant. Combined sanitary and stormwater sewer networks were
applied in the past, however they have been sequentially phased out in recent times due
to their ineffectiveness. They have since been superseded by separate systems. Lower
density populations typically apply simple outhouses or septic systems.
Sewage has a large oxygen demand derived from the presence of organic material.
Furthermore, the organic material present in sewage has the potential to break down
quicker than typical natural sources, due to its fine composition (Stauffer, 1998). The
reduction of organic material in sewage depletes oxygen and produces ammonia
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(Stauffer, 1998). The ammonia can be then oxidized to various forms of nitrogen
(Valiela and Bowen 2002). The high nitrogen content in sewage results from the
presence of urine, whereas approximately half of the phosphorus in sewage is derived
from detergents and the other half from natural human waste (Stauffer 1998). Table
4.16 quantifies nutrient concentrations in untreated domestic wastewater (Metcalf and
Eddy, 1991).

Table 4.16: Nutrient concentrations in untreated domestic wastewater (Metcalf and
Eddy 1991)
Concentrations (mg/L)
Constituent

Weak

Medium

Strong

Total nitrogen

20

40

85

Organic nitrogen

8

15

35

Free Ammonia

12

25

50

Nitrites

0

0

0

Nitrates

0

0

0

Total phosphorus

4

8

15

Organic phosphorus

1

3

5

Inorganic phosphorus

3

5

10

4.7.3.1 Septic tank

Household waste is generally treated using septic tanks in areas distal from sanitary
sewer systems. Such areas include lower density residential areas and rural areas. They
may be considered a point source if small catchments are analysed. However, the use of
multiple units in larger catchments lends toward their categorisation as diffuse inputs.
Separate studies by Brezonik and Stadelmann (2002), Sonoda et al. (2001), and Athayde
et al. (1983) identified septic tanks as an important source of pollution in surface waters.

4.7.3.2 Combined sewer system

Combined sewer systems act as both sanitary and storm-water sewers. They were
initially developed for economic reasons. In dry weather, sewerage was transported to
the sewerage treatment plant via the combined sewer system. In wet weather, the sewer
transported both sewerage and stormwater to the treatment plant.
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The large volumes entering the system during larger storm events often exceeded the
treatment capacity for the treatment plant, leading to the bypass and emission of
untreated water directly into receiving surface waters. In addition, the large amounts of
water transported during these periods often led to sewer overflows. This also resulted
in contaminated water directly entering the receiving water without adequate treatment
(Stauffer 1998 and Pierce, 1980 cited in Kim et al., 1993).

4.7.3.3 Separate sewer system

Separate sewer systems are generally more efficient than combined sewer systems.
This is due to the fact that highly contaminated sewerage may be more effectively
treated by a sewerage treatment facility than sewerage diluted by stormwater runoff.
Excessive fluctuations in water volume and quality associated with combined sewers
may upset various biological treatment facilities used in secondary or tertiary treatment
plants. As mentioned previously, combined sewer systems may also lead to the release
untreated sewerage into receiving waters. Untreated sewerage derived from separate
sanitary sewers may also enter the receiving waters, due to illegal connections,
overflows and exfiltration through ineffectual or deteriorating infrastructure (Athayde et
al., 1983; Schoonover and Lockaby, 2006). Though, compared to combined sewers, the
amount is generally small.
Treated wastewater from sewerage treatment facilities may also degrade the quality of
the surface water in which it is emitted.

Stauffer (1998) stated that the water

immediately downstream from a sewage treatment plant outfall typically has low
dissolved oxygen levels and high concentrations of ammonia, as a result of the
breakdown of the organic material present in the sewage. Further downstream, the DO
levels begin to rise and the ammonia levels decrease as it is converted to nitrate. Winter
and Duthie (2000) also observed that sewerage effluent was an important source of
phosphorus. However, Wilkinson (1956) and Weibel et al. (1964) cited in Hall (1984)
observed that sewerage treatment plant effluent had lower concentrations of suspended
solids compared to urban stormwater runoff.
The concentrations of contaminants present in effluent from sewerage treatment plants
vary according to the implemented level of treatment.
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As shown in Table 4.17,

contaminant levels are greatest in plants only using primary treatment, second lowest in
those using secondary treatment, and lowest in plants applying tertiary treatment
(Stanners and Bourdeau 1995 cited in Stauffer 1998). Stauffer (1998) observed that the
majority of treatment facilities in the United States implemented secondary and/or
tertiary treatment.

Table 4.17: The effectiveness of primary, secondary and tertiary treatment (% removal
of contaminants) (Stanners and Bourdeau (1995) cited in Stauffer (1998))
Constituent

Primary

Secondary

Tertiary

Suspended solids

60-70

80-95

90-95

BOD

20-40

70-90

>95

Phosphorus

10-30

20-40

85-97

Nitrogen

10-20

20-40

20-40

E. coli bacteria

60-90

90-99

>99

Viruses

30-70

90-99

>99

Cadmium and zinc

5-20

20-40

40-60

Copper, lead and cadmium

40-60

70-90

80-89

Other more specific sewerage treatment plant design features also influence
contaminant levels. For example, Table 4.18 from Keily (1997) cites the treatment
efficiency differences between primary sedimentation facilities with and without the
addition of coagulants.

Table 4.18: Removal effiencies for primary sedimentation with and without coagulation
(Kiely 1997)
Parameter

Removal efficiencies of primary settling
With coagulants (%)

Without coagulants (%)

TSS

60-90

40-47

BOD

40-70

25-40

COD

30-60

20-30

TP

70-90

5-10

Bacteria

80-90

50-60
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4.8 Temporal variation
The temporal variation of water quality can occur at various scales. Two of the more
important temporal variations are associated with diurnal and seasonal cycles. Seasonal
temperature variations influence a wide range of biological, chemical and physical
processes. This leads to seasonal variations in phenomena such as:


precipitation type (rain, snow, dew, mist);



storm type (convective or frontal);



soil moisture content;



snowmelt;



frost;



atmospheric pollutant concentration;



pollutant accumulation;



leaf fall;



vegetation cover;



pollen;



forest fires.

A number of anthropogenic practices such as house heating and fertilizer application
may also display seasonal patterns.
Daniell and Wundke (1993) observed seasonal variations in nutrient loads and
concentrations in stormwater runoff from catchments in South Australia.

It was

suggested that seasonal variation in nutrient concentrations would occur in catchments
where climatic conditions (particularly rainfall) varied considerably between seasons.
The availability of contaminants was hypothesised to be greater at the beginning of the
wet season, before they were washed off by rain. Hence, increased concentrations were
generally observed at the beginning of the wet season when compared to the end. This
was further supported by a study of Californian catchments by Lee et al. (2004), which
found that storms occurring at the beginning of the wet season had concentrations
anywhere between 1.2 and 20 higher than those occurring late in the wet season.
Brezonik and Stadelmann (2002) analysed seasonal variations in storm runoff
concentrations at a number of sites in the Twin Cities metropolitan area, Minnesota,
USA. As indicated by Table 4.19, seasonal differences in median EMCs were observed
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for the majority of analysed constituents. However, the highest seasonal concentration
varied depending upon the analysed constituent.

Table 4.19: Median EMCs for various seasons at Minnesota sites (Brezonik and
Stadelmann 2002)
Constituent

Winter

Spring

Summer

Autumn

TSS

134

118

80

62

VSS

20

35

19

18

TP

0.55

0.38

0.32

0.57

DP

0.23

0.19

0.14

0.14

SRP

0.4

0.05

0.06

0.26

COD

196

129

82

70

TKN

2.01

2.4

1.8

1.5

NN

0.71

0.37

0.43

0.32

TN

3.4

2.5

2.2

2.37

Pb

0.011

0.003

0.062

0.013

Deletic and Orr (2005) analysed the buildup of pollutants upon a road surface located in
Aberdeen (Scotland). A total of 66 samples were collected over a period of 17 months
using a technique which simultaneously washed and vacuumed sediments from the
designated surfaces. They observed that during the road salting period in the cooler
months, sediment loading was approximately three times greater than the annual
average.
Daily cycles may also have an effect on some water quality parameters. As mentioned
previously, sunlight influences evaporation. This affects the drying rates of water on
impervious surfaces and ultimately the binding of associated pollutants to the catchment
surface (Vaze and Chiew 2002a). It also influences the drying rate of soils, hence the
amount of erosion in subsequent storms.

4.9 Water quality constituents
Aquatic ecosystems may be more likely to be significantly impacted by combinations of
water quality constituents rather than just one constituent viewed in isolation (Zoppou
2001). For example, a combination of both nitrogen and phosphorus is required before
eutrophication may take place.
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In addition, heavy metals tend to be more readily dissolved and hence more bioavailable
in acidic conditions.

Acid rain may also corrode heavy metals from various

anthropogenic materials, suggesting that a correlation may exist between pH and heavy
metals in urban runoff.
Sediment is also often assumed to be correlated with a number of its adsorbed pollutants
(Whipple et al. 1983 cited in Haster and James 1994). However, a study of worldwide
urban water quality data carried out by Duncan (1999) inferred that no single
constituent could be used to accurately predict a number of others.

4.10 Summary
Urban stormwater systems are inherently complex, suggesting the need for a large
number of explanatory variables for successful modelling of urban stormwater quality.
The identification of significant explanatory variables to describe the system is made
difficult by the lack of data and interrelationships between variables. A large number of
variables were analysed in this chapter including multiple climatic, hydrological,
landuse and landcover, geological, miscellaneous spatial, miscellaneous anthropogenic,
best management practice and temporal variables.
Climatic variables may be used to define the deposition and washoff of pollutants from
the catchment surface. Storm types determine rainfall characteristics. Convective
storms are typically high intensity storms with small durations, whereas frontal storms
are low intensity, long duration events. This results in a high correlation between
rainfall depth, intensity and duration. In general, large rainfall events deplete the supply
limited pollutants from impervious surfaces, leading to low concentrations late in the
storm events. High intensity events tend to increase the potential to erode pollutants
from the catchment surface, leading to high concentrations. Long duration events
produce low pollutant concentrations. The low intensity rainfall associated with these
events reduces the rates of erosion, and the increased rainfall volume depletes supply
limited pollutants. However, these trends are generally only applicable for particulate
pollutant washoff from highly impervious areas.

For example, the dissolution of

pollutants from pervious soils depends on a variety of other factors, particularly soil
moisture conditions at the beginning of the storm event.
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Antecedent dry days can provide an indication of soil moisture conditions and the
amount of pollutant accumulated on impervious surfaces. However, its ability to define
the latter is subject to controversy. Many studies have suggested that an increase in the
antecedent dry days leads to an increase in the amount of pollutants deposited on the
catchment surface. Other studies suggest that the increased mechanical breakup of
pollutants by vehicular action over time increases the portion of small particulates
readily available for washoff in subsequent storm events. Furthermore, some studies
suggest that the increased suspension of these particles leads to a decrease in the amount
of pollutants accumulated on impervious surfaces. Another limitation associated with
the use of antecedent dry days is linked to the observation that typical storm events only
remove a portion of the accumulated load. Without long term data, this phenonemon
cannot be easily factored into a stormwater quality model.

Therefore, the use of

variables defining rain falling prior to a storm may be used in its place. They are more
able to define the amount of pollutant removal by multiple numbers of storm events.
The main limitation with these variables is linked to the fact that they do not directly
correlate with runoff volume. This leads to a situation whereby low intensity drizzles
not producing runoff may distort the calculation of pollutant accumulation.
Other climatic variables may be used to define pollutant accumulation levels. For
example, areas with large mean annual rainfalls generally have lower concentrations
than areas with low mean annual rainfalls. This is due to the fact that higher rainfall
volumes deplete the accumulated pollutants on the catchment surface. Rates of dry
deposition may also assist in determining the extent of pollutant accumulation, whereas
wind may determine the amount of this accumulated pollutant resuspended. Other
important climatic variables include wet deposition and atmospheric temperature.
A number of hydrologic variables may be used to define the washoff of pollutants from
the catchment surface. However, many of the runoff variables are strongly correlated to
their climatic counterparts and are generally more expensive to attain. Despite these
facts, they are deemed more applicable since they more accurately define the processes
influencing the removal and transport of pollutants to receiving waters.
Various catchment variables also influence urban stormwater quality. The significance
of landuse as a descriptor of stormwater quality has been analysed in a number of
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different studies. However, the results have been mixed. Many wide scale studies have
failed to identify significant differences in water quality between common types of
urban landuses. However, natural catchments such as forests tend to have low pollutant
concentrations, whereas agricultural areas may export elevated levels of solids and
nutrients. Differences have also been observed between different surface types; roofs or
roads. The low elevation of roads and their proximity to a multitude of vehicular
related sources has led to high concentrations of heavy metals from these surfaces.
Impervious area has been found to significantly influence pollutant load from urban
catchments, since it is a key determinant in the amount of runoff produced. However,
its affect upon water quality is mixed, dependent somewhat on the type of contaminant
analysed.
Several geographical variables can also influence urban stormwater quality.

Such

variables include soil type, slope, drainage area and altitude. Soil type and slope
determine the extent of erosion. Instream attenuation processes are assumed to be more
pronounced in large catchments, while catchments at higher altitudes tend to experience
more oragraphic precipitation and snowfall.
The spatial arrangement of landuses within catchments can influence the amount of
runoff and pollutants exported. In extremely large rural catchments, only areas adjacent
to the stream contribute runoff. As a result, well managed riparian buffer zones may
significantly reduce pollutant export.

However, the presence of artificial drainage

networks in urban areas results in the majority of runoff from impervious surfaces
enterring receiving waters.
Many broad scale climatic and geographic variables are relatively homogeneous in a
given region. For example, the proximity of a catchment to the ocean may influence the
amount of precipitation in a given area. Furthermore, proximity of the catchment to
significant anthropogenic sources can also influence stormwater quality. As a result,
latitude and longitude may indirectly define important regional differences in water
quality.
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There are a number of anthropogenic variables influencing urban stormwater quality.
Population density may determine the extent of anthropogenic practices, in particular
the amount of sewerage produced and the method in which it is managed. Traffic
intensity, on the other hand, provides an indication of the quantity of vehicular related
pollutants accumulated on the catchment surface.
Various best management practices may be implemented to control pollutants in urban
stormwater. Runoff control measures such as detention basins reduce the quantity of
runoff and contaminants by retaining the flow and encouraging sedimentation. Source
reduction techniques such as street cleaning may reduce the amount of pollutants
accumulated on impervious surfaces. The presence of vegetation, particularly in the
riparian corrider, can promote sedimentation and the uptake of nutrients.
Temporal variables may be used to indirectly define seasonal differences in climatic
variables within urban stormwater quality models. In particular, temporal variables may
define seasonal differences in rainfall, hence the amount of pollutant accumulated on
the catchment surface.
Finally, water quality variables may exhibit correlation with one another. For example,
highly acidic rainfall may promote the corrosion of metallic pollutants from a variety of
sources in urban catchments.
The vast number of explanatory variables influencing urban stormwater quality suggests
the need for complicated models incorporating multiple variables. The construction of
deterministic models describing the fundamental processes influencing pollutant
generation and transport in urban catchments is made difficult by the lack of measured
primary variables. Therefore, models must be constructed using a combination of
available secondary variables acting as surrogates for primary variables. Complex
statistical models such as artificial neural networks offer a means to do so.
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5 Artificial neural networks
5.1 Introduction
Artificial neural networks (ANN) are information processing structures inspired by the
functioning of the brain. A neural network consists of an interconnected structure of
processing elements. The computational power of the processing elements is minimal
when they are in isolation. However, parallel processing of information within large
networks of interconnected processing elements can lead to much greater computational
power.

This enables artificial neural networks to model complex environmental

systems. Consequently, artificial neural networks have been previously applied in many
water resources applications (Holmberg et al. 2006; Mazvimavi et al. 2005; Riad et al.
2004; Sarangi and Bhattacharya 2005; and Tayfur et al. 2005).

5.2 Biological neural networks
5.2.1

Definition

Biological neural networks (BNN) are natural structures capable of completing
complicated tasks. They are comprised of a vast number of interconnected neurons
which can process information. The processing power of the neural networks however,
is not simply derived from to the computational power of the individual neurons.
Instead it is derived from the capacity of the simplistic elements to work together and
process information in a massively ‘parallel’ manner.
The individual processing elements in biological neural networks are called neurons. A
diagram of a typical neuron and its main features is shown in Figure 5.1.
Each neuron is capable of making simplistic decisions as to whether or not to pass
information through the neural network. The neuron receives electrical stimulation
from one or more other neurons. Based upon prior activity, the neuron determines to
either pass the electrical impulse through the network or not.
If the neuron decides to pass on the information, an electrical signal is sent along a fibre
known as an axon, which is very similar to an electrical cable. Each neuron can have a
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large number of attached axons branching off dendritically. These axons are connected
to other neurons in the network.

soma

dendrite

axon

synapse

Figure 5.1: Diagram of a typical neuron

At the meeting point of an axon and a neuron is a small gap known as a synapse. Upon
reaching a synapse, the electrical impulse from an axon triggers the release of chemicals
via alteration of membrane permeability.

Such chemicals then diffuse across the

synaptic cleft and become uptaken by a membrane on the other side, producing a
voltage shift known as a post synaptic potential (PSP).

After the PSP has been

generated, the chemicals are converted into inactive forms and reuptaken by the
presynaptic membrane.
The PSPs from a large number of incoming signals are accumulated in the cell body of
the neuron, or soma. Based upon prior activity, the neuron “decides” whether or not to
pass the electrical signal to adjacent neurons. Incoming PSPs can either be excitary or
inhibitory, in other words, they can have a positive or negative voltage. If the total
summated voltage reaches a threshold limit, the soma sends an electrical signal along its
axons (Weiten 1998).
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5.2.2

Analogies between ANN and BNN

Artificial neural networks were inspired by the workings of the brain. Therefore,
certain analogies can be drawn between the two. In essence, the computational power
of both natural and artificial neural networks relies upon the parallel processing of
information through large interconnected systems of small, limited elements. Each
system learns via the sequential alteration of connective strengths between individual
processing elements as information passes through the network.

5.2.2.1 Connection weights

Connection weights are comparable to the calibration parameters used in multiple linear
regression equations. They are also somewhat inspired by brain functioning in that they
can display excitary or inhibitory behaviour, similar to post synaptic potentials (PSPs).
Positive weights suggest excitary relationships and negative weights suggest inhibitory
relationships, while zero weights suggest an absence of a connection (Maier and Dandy,
1996). The strength of each connection weight is adjusted during the training of an
artificial neural network. This is similar to learning in the brain, whereby excitement
frequency leads to adjustment of connectivity strengths between neurons.

5.2.2.2 Nodes

The processing elements (or nodes) within an artificial neural network are analogous to
somas within a biological neural network. Their main task is to receive, combine and
transmit information. Weighted data from other nodes in the network is summated at
the node and transformed using a suitable transfer function. Early transfer functions
were inspired by fire or don’t fire response present in neurons. While other transfer
functions such as the sigmoidal and hypertangent functions do not fully replicate this
phenomenon, they are still indirectly inspired by the concept of the threshold limit. The
two aforementioned “squashing” functions are essentially smooth versions of step
functions with bounds [0,1] and [-1,1] respectively. Linear transfer functions are also
occasionally used, although have very little biological basis. They are most commonly
used in the output node to encourage extrapolation.
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5.2.2.3 Topology

The main feature that enables biological neural networks to complete complicated tasks
is linked to the vast amount of interconnected neurons within the network. Similarly,
artificial neural networks attempt to recreate this feature. An example of an artificial
neural network topology is shown in Figure 5.2.

Figure 5.2: The topology of a typical artificial neural network

The information passes from the input layer to the hidden layer and finally to the output
layer. Information is processed in a parallel fashion through to each successive layer.
This parallel processing one of the keys to the model’s success.
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5.3 Operation
A summary by Maier and Dandy (2000) identified that the vast majority of water
resources applications used feedforward networks with backpropagation algorithms.
Therefore, further discussion shall focus upon feedforward, backpropagation networks.
The main goal of backpropagation neural networks is to predict one or more output
variables using a combination of input variables.

This is essentially achieved by

passing information through the network and using the error associated with the
difference between observed and predicted values to adjust calibration parameters
within the network. The calibration process is a reiterative one, often requiring a large
number of iterative adjustments to reach an optimum solution.
Backpropagation neural networks are a type of feedforward network that use the
gradient descent principle to update weights during calibration. They are comprised of
three or more layers which include an input layer, output layer and one or more hidden
layers.
Information is sent into the network via the input layer. Such information is then
linearly scaled using a value known as a “weight” and sent to nodes in the hidden layer.
The nodes in the hidden layer first summate the scaled input values, and then rescale the
summated value using a suitable transfer function. These values are then sent to the
next layer, which could either be another hidden layer or the output layer.
At each layer including the output layer, incoming values are first linearly scaled using
weights, summated then rescaled using a transfer function. The final predicted output
value from the network is compared to an observed value. The difference between the
two values is then used to adjust weights within the network.
The difference between the observed and predicted output value is quantified using an
equation known as the error (cost) function. The quadratic (mean square error) function
is the most common global error function used in practice:
E(t) 

1
d j (t)  y j (t)2

2

(5.1)
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E(t) = error function at time t,
yj(t) = predicted output at time t,
dj(t) = desired output at time t (Maier and Dandy 1998).
The goal of network training is to reduce the error function by updating network
weights. Network weights are updated using a form of the generalized delta learning
rule. The magnitude of the weight update is assumed to be proportional to network
error. The final equation defining the weight update is:
Δw ji (t)   ηd j  y j f  . y i  μ Δw ji t  1
ε

(5.2)

s 1

wji = weight update,
 = learning rate,
 = momentum value,
 = epoch size,
wji = weight between nodes i and j,
f’(.) = derivative of the transfer function with respect to its input,
yi = output of node i,
s = training sample (Maier and Dandy 1998).
The weight update process is repeated until an “optimum” network is identified.

5.4 Network design
The construction of a backpropagation neural network requires a large number of design
choices.

Decisions have to be made concerning the network topology, network

parameters and input variables. Network design is often highly problem dependent and
therefore must be optimized using trial and error. However, some general guidelines
exist which may make the decision making process more efficient.

5.4.1

Topology

Topology refers to the geometrical arrangement of neurons and their interconnections.
In the majority of situations, the network topology is determined by trial and error. This
is due to the fact that determination of network topology is problem specific (Maier and
Dandy 2000).
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The advantages of large and small networks are presented in Table 5.1. Generally, a
balance is found between model accuracy and computation time, which encourages the
use of small, parsimonious models over excessively large cumbersome ones.
Applications that are strongly influenced by time constraints may limit network size in
order to minimize the time required for model construction, at the risk of reducing
model accuracy.

Table 5.1: Advantages of large and small networks (adapted from Maier and Dandy
2000)
Network
Size

Reference

Advantage

Small

Castellano et al., 1997*

good generalization ability

Bebis & Georgiopoulos, 1994*

economic implementation

Towell et al., 1991*

simpler rule extraction

Maier & Dandy, 2000

physical resource requirement is low

Maier & Dandy, 2000

high processing speed

Maier & Dandy, 2000

require less data records

Plaut & Hinton, 1987*

Learn quickly (wrt no. of training cycles)

Lippmann, 1987*

Decision regions suitably complex

Rumelhart et al., 1986*

Can avoid local minima

Large

The number of training records may also influence the final network topology. In
general, the smaller the number of records, the smaller the network must be to prevent
the potential for overfitting the available data (Maier and Dandy 2000).
Recommendations regarding the optimum ratio between the number of training records
and connection weights are presented in Table 5.2. The large variation between the
ratios suggested by various authors further reinforces the fact that the determination of
optimum network topology is problem specific.
There are a number of techniques currently available which automatically determine the
network topology. The two broad categories are constructive algorithms and pruning
algorithms (Maier and Dandy 1998).

Constructive algorithms begin with a small

network and sequentially add nodes or connections as required. In contrast, pruning
algorithms begin with large networks and sequentially remove nodes or connections till
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an optimum network is isolated.

However, the often arbitrary specification of

additional network parameters associated with such techniques limits their practicality.

Table 5.2: Recommended optimum ratios between the number of training records and
the number of connection weights (Maier and Dandy 1998)
Ratio between number of training samples
Authors

Year

and number of connection weights

Rogers & Dowla

1994

>1

Masters

1993

>2

Weigend et al.

1990

>10

Amari et al.

1997

>30

5.4.1.1 Input parameters

The determination of input parameters for artificial neural network models is an
important part of the model building process. No matter what other parameters are used
in the model, if the input parameters are not significant, poor results will eventuate.
This is not to say combinations of variables with very low individual explanatory power
will not create useful models. It simply implies that input variables must obviously
have a major influence over the modelled output. Otherwise spurious noise will be over
fitted into the model, leading to extremely poor generalisation on future data sets.
The choice of suitable input parameters can be a very difficult task, particularly when
there are a large number of interrelated variables to choose from.

Theoretical

knowledge of significant processes and variables is probably the most applicable means
for selecting input parameters.

Prior studies can offer a means of determining

synergistic subsets of variables that can be directly entered into an ANN model.
However, if there is little available knowledge associated with a particular area, other
techniques must be inevitably used.
Simplistic correlation coefficients are probably the most basic of statistical approaches
used to identify potentially useful variables. The main limitation of the approach is that
it is difficult to identify synergistic sets of variables, since each variable correlation is
viewed in isolation. While cross correlations between input parameters do offer some
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insight into the interrelationships between variables, they do not explain complex
synergy existing between the variables.
Multiple regression equations may offer greater insights into the synergistic
relationships between variables. However, such approaches are limited if the functional
form between variables is unknown.

Another limitation with the use of multiple

regression equations to identify a set of input variables is linked to the interdependence
between many of the variables available for use in the models. Highly correlated input
variables may explain similar proportions of the variability in the dependent variable,
making it extremely difficult to identify there significance. The inclusion of two or
more highly correlated input variables into a single multiple regression model may skew
the observed relationship between the independent and dependent variable, leading to
counter-intuitive regression coefficients. Typically, in this situation, one or more of the
correlated input variables are removed. In contrast, the use of highly correlated input
variables in an ANN model is deemed to be less of an issue. However, as with
regression models, the use of highly correlated variables in an ANN model can distort
the observed relationships. This can then make it difficult to interpret the validity of the
modelled relationships by means such as sensitivity analyses.
Principal component analyses may also be used to redefine the input vectors, enabling
the efficient extraction of significant variation in the dataset. However, if insignificant
input variables are used in the analyses, the extracted information may not be strongly
correlated with the output variable.

This could eventually lead to worse model

predictions if such vectors are then used to construct ANN models. Furthermore, it
would be virtually impossible to identify the significant processes influencing the
dependent variable after model construction.
In order to maximise the opportunity to identify significant synergistic relationships; it
may be useful for the modeller to enter all available inputs into the ANN model. Once
constructed, a sensitivity analysis can be applied to identify significant variables.
Insignificant variables can then be removed, and the model reconstructed only using
highly sensitive inputs.
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However, there are a few key limitations associated with this approach. It is possible,
for example, for synergistic sets of variables to have low individual sensitivities, despite
their capacity to accurately define variation in the output variable. In contrast, variables
with high sensitivities may simply fit sporadic noise in the data, defining little or no
variation in the output variable.
Models constructed on all the available data may also be less likely to effectively
identify significant variable relationships, and be overcome by noise in the data.
Furthermore, the identification of the significant relationships may require more data
records and models may take more time to calibrate when there are excessively large
numbers of input parameters. However, starting with an assumed synergistic set of
input parameters and applying this technique on the smaller subset may overcome this
limitation. It may also provide a means of obtaining an optimum solution more quickly,
by reducing the network size and potential noise in the data.
Another option is to start with a small network and then sequentially add new input
variables. At each step, the variable leading to the most accurate network should be
chosen. This process can then be repeated until the addition of new variables does not
significantly improve the accuracy of the network. The main limitation with technique
is that it is extremely time consuming. Furthermore, it may not be able to identify the
significance of synergistic sets of variables.

5.4.1.2 Hidden units

The determination of the number of hidden units is a key feature of topology design.
The number of hidden layers must be defined, along with the number of nodes in each
hidden layer. The determination of network geometry can be achieved by either fixing
the number of layers, then determining the number of nodes per layer, or vice versa
(Maier and Dandy, 2000). The selection of the optimum number of hidden nodes is
problem specific, though it is linked to the number of data records. In general, the less
the data records, the less number of hidden nodes that can be used in the model.
There is some debate in the literature regarding how many hidden layers are required to
model mathematical functions. Hornik et al. (1989) suggested that ANN models with
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one hidden layer could estimate any function. Whereas Cheng and Titterington (1994)
and Flood and Kartam (1994) suggested that in practice, one hidden layer was
insufficient to estimate certain functions, due to the requirement of excessive numbers
of nodes. Studies conducted by Baev (1998) indicated that although a hypothetical
three layer back-propagation network was adequate for the approximation of real-world
functions; using four, five or even more layers attains better results. Furthermore, Flood
and Kartam (1994), Riply (1994), Sarle (1994) and Tamura and Tateishi (1997) showed
that in many circumstances, networks with more hidden layers used fewer weights to
estimate complicated functions.
The determination of the optimum number of hidden layers and nodes is often
dependent upon the problem at hand. This infers trial and error may be the best way to
determine the optimum number of hidden nodes (Maier and Dandy, 2000).

The

maximum number of hidden nodes that can be used generally decreases as the number
of data records decreases. The use of excessive numbers of hidden nodes may be
counterproductive, requiring long periods of time to calibrate the network. In addition,
networks with large numbers of hidden nodes are also more likely to over fit the
available data, leading to poor generalization ability when applied on future datasets
(Schalkoff 1997).
The number of hidden nodes may be initially estimated. This may be done using one of
several empirical equations. In general, these equations limit the number of hidden
nodes based upon data availability. A study carried out by Maier and Dandy (2000)
identified a number of sources that defined empirical relationships between the training
set size and the number of connection weights. These relationships area summarised in
Table 5.3. As would be anticipated, Maier and Dandy (2000) stated that the optimum
number of hidden units calculated using the emperical relationships displayed
considerable variability.
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Table 5.3: Empirical relationships between training set size and the number of network
weights (Maier and Dandy 2001)
Source*

Empirical relationship

Rogers and Dowla (1994)

Number of training samples > number of weights

Masters (1993)

Number of training samples/number of weights = 2:1

Weigend et al. (1993)

Number of training samples/number of weights = 10:1

Amari et al. (1993)

Number of training samples/number of weights = 30:1

The number of inputs in the model may also be used to estimate the number of hidden
nodes. Maier and Dandy (1996) suggested the upper limit of hidden units could be
derived from the following equation.
Upper limit  2  I  1

(5.3)

Where I = the number of input nodes.
The optimum number of hidden units is often considerably less than the figure
generated by equation 5.3. In fact, the optimum number of hidden units is often less
than the number of input units (Maren et al. 1990 cited in Maier and Dandy 1998). In
an empirical study, Maier and Dandy (1998) found that network geometry did not have
a significant impact on network accuracy, though did have an impact on training speed.
There are two main types of automated techniques capable of determining the optimum
number of hidden nodes; pruning or constructionist. Pruning techniques start with a
model constructed using a large number of hidden nodes, and then sequentially removes
superfluous nodes from the network. Constructionist techniques on the other hand, start
with small models and sequentially add nodes to the model. Both automated techniques
require the specification of additional empirical coefficients, which are typically
dependent upon the particular application. Such coefficients may need to be defined
using trial and error approaches, thereby increasing the amount of time required to
calibrate the ANN model.

5.4.1.3 Output parameters

Modelling more than one output parameter in a single network does not make intuitive
sense unless they are linked to one another, or are controlled by similar processes. This
is due to the fact that all information would be initially processed in the same fashion
between the input and first hidden layer for all outputs. This may inhibit the modeling
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of variables that are influenced by different processes. Therefore, in the majority of
situations, a single output variable is modeled.

5.4.2

Network parameters

There are a number of parameters that must be estimated prior to model calibration.
Linkages between steps in the model construction process often make the selection of
various network parameters dependent on the specific problem at hand (Maier and
Dandy 2000). This suggests that many network parameters have to be optimized via a
process of trial and error.
Several procedures are available that attempt to automate the selection of a number of
learning parameters (e.g. momentum, learning rate):


delta-bar-delta algorithm;



extended-delta-bar-delta algorithm;



r prop algorithm;



various search then converge techniques.

However, such techniques require the specification of additional user defined
parameters that are often determined using trial and error.

5.4.2.1 Initial weights

The weights of an artificial neural network must be set prior to model calibration. The
values of the initial weights may affect the final performance of the ANN model.
Schalkoff (1997) suggested that the proper initialisation of weights is used to avoid
local minima during the training phase. In general, the initial weights are set at small,
random numbers with an average of zero (Maier and Dandy 1998).
The selection of the upper and lower bounds {-, } for the initial weight distribution
can have a significant effect upon network training. Training could be paralysed if the
 value is too small (Maier and Dandy 1998), whereas large  values could lead to
early saturation of network nodes, causing training to slow down and eventually stop
before an optimum solution is reached (Hush et al., 1991 cited in Maier and Dandy
1998).
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Empirical studies conducted by Wessels and Barnard (1992) suggested that a large
range of  values would yield comparable results. Similarly, an empirical study by
Maier and Dandy (1998) found no significant difference in training time or accuracy
between three networks with different weight initializations.

5.4.2.2 Learning rate

The learning rate is a key parameter influencing ANN calibration. The learning rate is
one factor that affects the size of weight updates. NeuralWare Inc. (1991) cited in
Maier and Dandy (1998) stated that the theory behind backpropagation suggests the
need for learning rates approaching zero. However, the selection of an appropriate
learning rate is typically problem specific and depends upon the shape of the ‘error
surface’ (Skalkoff 1997).
In general, large learning rates produce larger weight updates. This can lead to faster
network convergence. However, if the learning rate is too large, oscillatory behaviour
may hinder network convergence or, in extreme cases, lead to divergence from the
optimum solution (Maier 1995; Schalkoff 1997; Maier and Dandy 1998).
Networks with small learning rates generally take longer to converge, though do not
display significant oscillation around the optimum solution (Lek et al. 1996). However,
networks with small learning rates may also become stuck in a suboptimal local
minimum (Maier and Dandy 1998). In contrast, models with larger learning rates
would be more likely to escape local minima due to the larger steps taken in weight
space. Therefore, trial and error is often used to select the largest learning rate that does
not cause significant oscillation in the error surface (Schalkoff 1997). In an empirical
study by Maier and Dandy (1998), it was observed that learning rate had a significant
impact upon training speed, but not on model accuracy.
The use of a fixed learning rate was traditionally used in many applications (Warner and
Misra 1996 cited in Maier and Dandy 1998). However, a number of empirical methods
have been suggested to adapt the learning rate during training (Vogl et al. 1988; Jacobs
1988; Battiti 1989; Silva and Almeida 1990 cited in Maier and Dandy 1998). In theory,
a learning rate that varies during training may allow large initial updates that avoid local
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minimums and small updates later on to avoid excessive oscillation (Schalkoff 1997).
However, Maier and Dandy (1998) suggested that such approaches required
specification of additional parameters that tended to be application specific.

5.4.2.3 Momentum

Momentum is another model parameter influencing the calibration of ANN models.
The momentum term is used to incorporate information from the previous weight
update into the current one (Maier and Dandy 1998). The desired effects of momentum
are to avoid local minima (Lek et al. 1996), speed network convergence, and minimize
the oscillation around the optimum solution. Momentum terms are always less than
one, in order to prevent divergent behaviour (Dai and Macbeth 1997, cited in Maier and
Dandy 1998).
The selection of the optimum momentum value is influenced by the shape of the error
surface (Schalkoff 1997) and the selected learning rate. A network with a large learning
rate combined with a large momentum value is more likely to produce divergent
behaviour than a network with a small learning rate and momentum (Maier and Dandy
1998). In an empirical study undertaken by Maier and Dandy (1998), it was found that
momentum influenced training speed but did not significantly impact the generalisation
ability of the network.

5.4.2.4 Epoch size

The use of the normalised cumulative delta learning rule requires specification of a
parameter known as epoch size. The epoch size corresponds to the number of randomly
selected training patterns presented to the network prior to each weight update. The
epoch size can range between the entire training set to a single training record.
The presentation of more than one training pattern to the network prior to weight update
increases the likelihood that the network will approach the global minimum
(NeuralWare Inc. 1991 cited in Maier and Dandy 1998). This can decrease the training
time in certain situations. However, extremely large epochs require large storage space
between weight updates, which can effectively slow the learning process (Maier and
Dandy 1998).
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Hassoun (1995) cited in Maier and Dandy (1998) suggested that smaller epoch sizes
encourage a wider, stochastic search of the weight space, which can produce better
results. In addition, an empirical study by Maier (1995) suggested smaller epoch sizes
significantly increased learning speed, though did not affect the prediction accuracy of
networks.

5.4.2.5 Transfer functions

The transfer function associated with a processing element in an ANN model is inspired
by the functioning of neuron within a biological neural network. The output of a
processing element is derived using a transformation of input signals. A graphical
depiction of the structure of a processing element is shown in Figure 5.3.

wi1
xi1

Summation: Ij = wixi+w0

xi2
wi2

yj
Sum

xin

Transfer

Transfer: yi = f(Ij)
win

Figure 5.3: Typical structure of a processing element (Maier and Dandy 2000)

The weighted summation of input signals is initially derived using equation 5.4:
n

I j   w i zi  w 0

(5.4)

i 1
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Ij = weighted sum of inputs,
n = number of inputs,
w0 = bias (threshhold of a neuron),
wi = weight of the ith input,
zi = ith input value.
The summated inputs are then entered into a transfer function:
y j  f (I j )

(5.5)

where yj is the output of the neuron.
There are three main transfer functions used in many ANN applications. They include:
1. sigmoid;
2. hypertangent;
3. linear.
The equation for the sigmoid transfer function is as follows:
1
f (I j ) 
I
1 e j

(5.6)

while the equation for the hypertangent trasfer fuction is:
f(I j )  tanh (I j )

(5.7)

and finally, the equation for the linear transfer function is:
f(I j )  I j

(5.8)

A combination of different types of transfer function may be used in a single model.
However, as with most network parameters, the transfer function is typically determined
using a trial and error approach.
Transfer functions are equations that convert the summated weighted inputs entering a
node to produce an output value. In addition, the derivative of the transfer function is
used to determine the magnitude of the weight updates. An important part of the
transfer function is the slope of the approximately linearly varying section called the
gain. In general, larger gains generally result in faster training times.
In an empirical study by Maier and Dandy (1998), the hyperbolic tangent transfer
function had a larger gain, hence training speed, when compared to the sigmoidal
transfer function.

The authors also observed that models using sigmoidal and
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hyperbolic tangent transfer functions produced more accurate models compared with the
model using the linear tangent function.

5.4.2.6 Error function

The determination of error function is another important part of ANN model
development. The error function is based upon a comparison between the observed and
predicted output of the network. Weight updates in the network are proportional to the
partial derivative of the error function, with respect to the particular weight (Maier and
Dandy 1998). Warner and Misra (1996) stated that the mean square error (also called
the quadratic error function) was the most commonly used error function. Furthermore,
in an empirical study conducted by Maier and Dandy (1998), the network using the
quadratic error function was found to have superior accuracy and quicker training speed
compared to networks using the cubic or quartic error functions.

5.4.2.7 Bias

Bias may be used to selectively inhibit the activity of certain neurons (Schalkoff 1997).
The bias (or threshhold) essentially acts like another processing element with a constant
output. It has the effect of adding a constant value to the summed input. The main
functional purpose of the bias is to scale the input to a useful range.

5.4.3

Data preprocessing

In the majority of applications, data must be preprocessed before it can be used to
construct ANN models. At the very least, the data should be scaled within ranges that
are within the bounds of the transfer functions used in the output layer of the network
(Minns and Hall 1996). This ensures that variables spanning different ranges receive
equal attention during network training.
Maier and Dandy (2000) also noted that the input data should not be scaled to the
extreme limits of the transfer function, as this may lead to extremely small weight
updates, and “flat-spots” during the training process. Instead, values should be scaled to
a range slightly smaller than the range of the transfer function.
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Various other data transformations may also be carried out, which are generally
dependent upon the specific application. It may be useful to initially analyse the data
using more transparent and time efficient techniques. Graphing the data may encourage
the removal of outliers and provide indications regarding useful transformations that
could be applied to input and output variables. For example, lognormally distributed
data might be logarithmically transformed prior to data scaling and model construction.
There is some debate in the literature on whether or not variables should be normally
distributed if they are to be used in ANN models. Burke and Ignizio (1992) stated that
the data did not have to be normally distributed prior to model construction, since ANN
models do not inherently require knowledge of the statistical distribution of data.
However, Fortin et al. (1997) pointed out that the use of the mean square error function
to update weights required the transformation of data into normal distributions to attain
optimum model accuracy.
Data sets can also be “spiked” by including multiple copies of the same record in the
training set. This allows the network to learn less frequent patterns in the data set that
may be yielding high errors (Schalkoff, 1997). Data spiking is particularly useful if the
main goal of the network is to accurately predict very large or small values distal from
the bulk of the dataset. The repetition of such values, particularly if they are rarely
present in the dataset, ensures that they are given sufficient weighting during the
training process and not effectively ‘ignored’.

5.4.4

Stopping criteria

There are a number of different criteria that can be used to determine when to cease
network training. One of the simplest techniques is to stop network training after a set
number of iterations. The main limitation with this technique is that determination of
the optimum iterations is highly problem specific.

This could lead to suboptimal

solutions whereby networks either fail to reach the convergence point or over-train and
diverge from the optimal solution. Multiple network parameters appear to influence the
optimum number of iterations. The majority of applications require the optimization of
such parameters, making it difficult to specify a universal optimum number of
iterations.
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Another option is to cease training when the training error reaches a specified value.
However, as with the “fixed iteration” technique, the specification of the optimum
training error is often problem specific. In some situations, the network may not reach
the global minimum. In other situations, the error may never be reached and the
network never trained.
Another useful stopping criterion involves stopping network training when there is no
further decrease in the ‘test set’ error. The test set contains data not directly used to
update network weights. The method, known as ‘cross-validation’, requires regular
checking of the test set error during the training process. This makes it more time
consuming and more computationally intensive than the prior two techniques.
However, cross-validation does not require crude guesses regarding the optimum
number of iterations or minimum training set error. Furthermore, the risk of overfitting
the network is also minimized by sequentially evaluating the model’s generalization
capability on ‘unseen’ data.
Despite the fact that cross validation minimizes the overfitting potential of the network,
it is not a completely fail safe technique. This is due to the fact that the test set is not
completely independent of the calibration process, since it is essentially used to
determine when to stop training. This problem is not as significant on larger datasets,
since relatively large test sets may be used. There is less likelihood of overfitting large
test sets compared to small ones, which may only be representative of a small section of
the population domain.
On small datasets, leave-one-out analyses, or jack-knifing techniques may be used to
overcome this limitation. These techniques divide the data into small subsets (ranging
from a single data point), which are sequentially used as test sets during multiple
network trainings. The remainder of data not used in the test set is used for network
training. A large number of networks are then trained using all combinations of test and
training sets. After all networks are trained, the optimum number of iterations is
defined as the iteration that corresponds with the lowest average test error. Even though
the average test set error is still not completely independent of the training process, it is
considered to provide a reasonable estimate of the generalization ability of the
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network/s. The main limitation with these techniques is the increased computation
time.
Validation sets may also be used to determine generalization capability of a network.
Validation sets are used in situations when test sets are used to determine when to cease
model training. In such situations, test sets are not completely independent of the
training procedure, despite the fact that they are not directly used to update network
weights. In contrast, validation sets are completely independent of model calibration.
They are therefore indicative of the future interpolation/extrapolation capacity of the
network. Some caution must be taken when selecting validation sets. They must be
representative of the entire population, in order to fully evaluate the unbiased
generalization ability of the network. In many situations this is difficult to achieve,
since the population domain is difficult to define. Furthermore, data limitations may
prevent the use of large validation sets.
To overcome these limitations, multiple validation sets may be generated, covering the
entire data domain. The remaining data may be allocated into training and test sets,
each linked to an associated validation set. A series of ANN models may then be
constructed using each combination of training and testing sets. Once optimized, the
performance of the ANN may be evaluated using the associated validation set. This
process is then repeated until each validation set has been used to validate an ANN
model.

The average validation error is simply attained by averaging the errors

associated with the validation sets.
The method used to divide data into the various sets is another important consideration.
Generally speaking, it is often preferable that the data is split randomly, to ensure all the
patterns within the modelled system are present within each of the sets. This also
ensures that all datasets are likely to be representative of the population under study
(Maier and Dandy 2000).
However, in order to increase the extrapolation capability of the model, it has been
suggested in the literature that the most extreme data points be included in the training
set.

This prevents the premature saturation of network nodes and minimises the

network’s need to extrapolate outside the ranges of training. The network prediction
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becomes an interpolation rather than an extrapolation problem. There is no general
consensus in the literature on the optimum ratio between the sizes of each data set. It
appears to be purely dependent upon the specific application.

5.5 Predicting urban stormwater quality using ANN
The prediction of urban storm water quality at unmonitored sites is an extremely
difficult task.

The vast number of processes affecting urban storm water quality

suggests the need for a complex model to define the system. Many of the processes are
interrelated, and poorly understood. The derivation of fundamental equations defining
such relationships is further complicated by data limitations. In the current study,
limited numbers of fundamental variables were available, which restricted the
construction of process-based models. However, a number of additional surrogate
variables were available, suggesting the applicability of using data driven or statistical
techniques.
Many of the commonly used statistical methods are based upon linear relationships
between parameters.

However, most environmental systems are more accurately

defined by nonlinear relationships.

This limitation may be overcome by taking

nonlinear transformations (power, exponential, or logarithmic functions) of the input
variables prior to model construction (Lek et al., 1999). Even though the results often
improve after such nonlinear transformation, they are often still generally deemed to be
unsatisfactory.
Artificial neural networks do not require prior specification of the algebraic
relationships between variables. The massively parallel distribution of information
within the network provides the capacity to model complicated, nonlinear, interrelated
processes within the urban stormwater system.
One study conducted by Ha and Stenstrom (2003) used water quality data to predict the
dominant landuse at urban sites located in the County of Los Angeles. A Bayesian
network (BN) was constructed using 10 water quality input variables (alkalinity,
dissolved copper, dissolved phosphorus, dissolved zinc, nitrite-N, potassium, sulfate,
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suspended solids, total dissolved solids and volatile suspended solids) to predict five
landuse variables (vacant, transportation, residential, industrial and commercial).
Storm event data from a total of 5 catchments was randomly allocated into training and
test sets. A total of 85% of the data was used to train the network, while the remaining
15% was used to test the model. Overall, a 92.3 percent classification was obtained for
the test set. Furthermore, the constructed model was shown to be capable of predicting
landuse type at two highway catchments not used in the construction of the model.
The ANN models constructed by Ha and Senstrom (2003) have limited applications.
They may be used at sites with known landuses to identify irregularities within the data.
For example, if the network does not accurately predict the known landuse, it may
suggest that the monitoring data is suspect. Alternatively, it may indicate the presence
of an anomaly such as a leakage, spill or illegal discharge.
The ANN models may also be used to predict the dominant landuse at sites without
such data. However, this application is not anticipated to be very useful. This is due to
the fact that landuse data is significantly cheaper to obtain than water quality data.
Furthermore, the successful construction of a model capable of predicting landuse from
water quality data does not necessarily imply that models may be constructed to
accurately predict water quality data from landuse information.
A large number of previous studies have been conducted, showing the applicability of
ANN to predict water quality constituents in predominantly natural systems. Table 5.4
presents a number of these studies. Some of the most important explanatory variables
used to predict the various water quality constituents included:


precipitation;



rainfall;



runoff;



flow;



stream velocity;



water level;



snow depth;
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temperature;



solar radiation;



water quality constituents;



month;



seasonal input;



catchment area;



lake area;



catchment elevation;



catchment latitude;



basin slope;



throughfall;



landuse;



animal unit density

The significance of each of these variables differed between the various studies.

Table 5.4: Studies using ANNs to predict water quality constituents in natural surface
waters
Reference

Surface water(s)

Water quality constituent(s)

Bastarache et al. (1997)

Small streams

pH, conductivity

Bowers and Shedrow (2000)

Streams

SS, DS, TS

Clair and Ehrman (1996)

Rivers

DOC, DON

Clair and Ehrman (1998)

Rivers

DOC, DON

Daniell and Wundke (1993)

Creeks

TN, TP, SS, DP

Ehrman et al. (1996)

Lakes

pH

Holmberg et al. (2006)

Boreal streams

TOC, TN, TP

Lek et al. (1996)

Streams

TP, OP

Lek et al. (1999)

Streams

IN, TN

Lischeid et al. (1998)

Forested catchments

NO3-

Lischeid (2001)

Forested catchment

SO4

Moatar et al. (1999)

River

pH

Wundke and Daniell (1996)

Creeks

SS, TN, TP, NH3, turbidity

Yang et al. (2001)

River

COD, DO

COD = chemical oxygen demand; DO = dissolved oxygen; DOC = dissolved organic
carbon; DON = dissolved organic nitrogen; DP = dissolved phosphorus; DS = dissolved
solids; IN = inorganic nitrogen; NO3- = nitrate; NH4 = ammonia; OP = ortho-phosphorus;
SO4 = sulphate; SS = suspended solids; TN = total nitrogen; TOC = total organic
carbon; TP = total phosphorus; TS = total solids
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Two of the most important of these studies were conducted by Lek et al. (1996, 1999),
who sought to predict water quality using predominantly landuse information. The
studies used both ANN and regression models to predict nutrient levels in dry weather
flows in ‘natural’ waterways throughout the United States. The term ‘natural’ was used
somewhat broadly, considering both urban and agricultural areas fed some of the
waterways sampled in the studies.
The studies implied that ANN models were more suitable than regression models when
predicting nutrient levels at unmonitored streams. This implies that ANN might be an
applicable technique for predicting stormwater quality at unmonitored urban sites.
Even though urban storm water systems have been adapted by man and are no longer
completely natural systems, they are still driven by several important natural processes.
The models constructed by Lek et al. (1996, 1999) used almost one thousand sampled
sites located throughout the United States. The largest, most readily accessible urban
water quality dataset was considered to be the NURP dataset. Despite the fact that it
was conducted and collated in the late 1970’s and early 1980’s, the relative
homogeneity in sampling techniques and quality control measures make it a useful
dataset for constructing broad scale, generalised models.
Even though the NURP dataset contained in excess of one thousand unique storm
events, it was considered limited, based upon the small number of unique sampled sites
(about one hundred). However, the low explanatory power of urban landuse categories
(Athayde et al. 1983) and the high variability of EMC at individual sites implied that
storm variability might be the most significant aspect to be modelled. This suggests that
the number of storm events might be the key factor defining dataset size, and that the
NURP dataset might be used to construct ANN models capable of predicting EMC at
unmonitored urban sites.
Multiple linear regression equations were previously developed by Driver and Tasker
(1990) using the NURP data. The accuracy of the models varied depending upon the
analysed pollutant.

Despite the high standard errors of estimate for most models

(typically in excess of 100%), the positive coefficients of determination suggested that
the models were more applicable than a basic geometric mean estimate of the entire
dataset. The logarithmic transformation of variables prior to model calibration enabled
201

the modelling of nonlinear relationships in the data.

However, the nonlinear

relationships were essentially limited to power relationships.
One main limitation with such models was linked to their treatment of total rainfall.
The regression models could only cater for monotonic relationships between EMC and
total rainfall. This assumption was inferred to be limited, according to the study by
Athayde et al. (1983), which showed that the relationship between runoff volume and
pollutant concentrations varied between sites. The relatively small sample sizes and/or
sampling bias may have over emphasised the apparent disparity between the
correlations at different sites. In addition, the influence of other storm variables was
likely to reduce the observed significance of the correlations. It was assumed that the
inclusion of additional storm variables into the regression models might increase the
ability of the model to predict stormwater concentrations.
Variations in the concavity of the correlations may be impossible to define using the
multiple linear regression equations developed by Driver and Tasker (1990). Such
variations may not only differ between sites, but also at a single site, depending upon a
large number of factors. For example, the contribution of pervious area may only
become significant after a certain amount of rainfall has occurred, leading to abrupt
variations in the relationship between rainfall depth and concentration after a certain
rainfall volume. In addition, subtle variations in rainfall intensity may affect erosionsedimentation and dissolution-absorption processes, leading to additional variations in
the observed concavity of concentration versus rainfall curves. Dilution effects and lag
times associated with the movement of runoff may further complicate the relationships
between variables.
In essence, the number of interrelated factors affecting urban stormwater quality was
assumed to exceed the amount capable of being fathomed by the human mind, and
thereby impossible to be summarised into a simplistic algorithm.

Furthermore,

simplistic regression models were deemed unable to model the complex assortment of
processes present in urban stormwater systems. For these reasons, ANN modelling was
assumed to be an applicable method for predicting urban stormwater quality at
unmonitored sites.
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5.6 Summary
Artificial neural networks are a modeling approach inspired by the workings of the
brain. They typically use large numbers of interconnected processing elements to
identify underlying trends in potentially large datasets that are otherwise inexplicable.
Their ability to model nonlinear relationships, without knowledge of the exact
functional form describing the system under study, make artificial neural networks a
versatile modeling approach in environmental applications. The uncertain effects of
many interrelated, natural processes influencing urban storm water quality suggest the
applicability of using artificial neural networks in this area.
A number of network design choices influence the performance of the constructed ANN
models. Many of the design choices are dependent upon the given application, and are
therefore generally optimized using trial and error. However, some guidelines exist to
aid in the decision making process.
The optimization of network topology is an important part of model development. The
selection of input variables has the most significant influence upon network accuracy.
Without significant input variables, the ANN would simply overfit noise into the model,
resulting in poor generalization ability. A number of techniques may be used to select
input variables. Process knowledge is the most applicable technique. However, when
analyzing poorly understood systems, correlation coefficients, multiple regression
equations, principle component analyses and sensitivity analyses may be used to
supplement process knowledge. One or more output variables may be modeled in a
single ANN model. However, one output variable is generally preferable, particularly
in situations where the processes influencing the output variables are disparate. The
number of hidden layers and units must also be optimized during model construction.
As a general rule, parsimonious models are preferential to large models. They are more
transparent, have higher processing speeds and generalize better on limited datasets.
A number of key network parameters must also be optimized when constructing ANN
models. The learning rate influences the size of the weight updates. Theoretically, its
value should be close to zero. However, it is often preferable to select the largest
learning rate that does not cause significant oscillation at the global minimum. This is
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to speed network convergence and ensure that the network does not get stuck in a local
minimum. Large values of momentum are also used to speed network convergence and
avoid local minima, while reducing oscillation at the optimum solution. However, if
large learning rates are used in conjunction with large momentums, divergent behaviour
may eventuate. Other important network parameters include initial weights, epoch size,
transfer functions, error function and bias.
Data preprocessing can also influence the success of a model. Input and output values
are chiefly scaled within the range of the transfer function used in the model. The
values may also be logarithmically transformed, particularly in environmental
applications, as a way of decreasing the bias associated with large, potentially outlying
values.
Stopping criterion is another important aspect of network design. Commonly used
stopping criteria include fixed iteration, prespecified training error and cross-validation.
Cross-validation relies upon the magnitude of the test set error to determine when to
cease calibration. This means that the test sets are not completely independent of the
training process. As a result, independent validation sets may be set aside and used to
determine the true generalization ability of the models constructed using cross
validation.

204

6 Methodology
6.1 Introduction
The main objective of the study was to determine the ability of artificial neural networks
to predict urban stormwater quality.

A secondary objective of the study was to

determine the most accurate model for predicting urban stormwater quality.
A number of analyses were carried on data collected during the Nationwide Urban
Runoff Program (NURP).
phosphorus data.

The first group of analyses were undertaken on total

Total phosphorus was the most well monitored water quality

constituent, and was therefore assumed to produce the most accurate stormwater quality
models. The data was initially pre-processed, during which a number of atypical storms
and catchments were removed.

They were primarily identified using theoretical

considerations, supplemented with simple statistical analyses of the dataset.
Two ‘single catchment’ analyses were initially carried out upon 17 catchments
containing 12 or more sampled storms. The objective of the first analysis was to
determine the measure of central tendency defining site mean concentration (SMC)
which produced the most accurate predictions of long term yield. The measures of
central tendency trialed in this analysis were the arithmetic mean, geometric mean,
harmonic mean, median and flow-weighted mean concentration. In the second analysis,
a series of reiterative analyses were used to determine the optimum number of storms
required to generate a geometric mean estimate of SMC.
Total phosphorus data from the NURP study was then used to construct broad scale
regression and ANN models. The entire dataset (aside from storms removed during
data preprocessing) was initially used to construct regression models. Two regression
models were constructed, predicting EMC and storm load. The most appropriate of
these dependent variables was then used in subsequent analyses. A smaller subset,
previously defined by Driver and Tasker (1990), was also used to construct an
additional regression model. Following these regression analyses, ANN models were
constructed on the two datasets, using input variables found significant in the regression
models and additional network parameters optimised using trial and error. All of the
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models were then compared to determine the optimum method for predicting total
phosphorus concentration at unmonitored catchments.

The optimum method was

determined using a number of criterion. These included model accuracy, transparency
and construction time.
A large number of different constituents from the NURP study were then analysed.
Atypical storms and catchments were removed using the criterion from the initial
analysis of total phosphorus data. The missing values in the dataset were then infilled
using theoretical relationships and a variety of simple statistical techniques (including
linear regression models and average estimates). Furthermore, additional variables from
various other sources were added to the NURP dataset. Multiple linear regression
models were then calibrated using the logarithmically transformed data. A number of
different constant concentration models were also constructed, using predominantly
arithmetic and geometric means.

These included landuse averages, site mean

concentrations, metropolitan area mean concentrations, mean annual rainfall averages
and nationwide averages. All constructed models were then compared to determine the
most applicable model for predicting EMCs in urban catchments.
A second set of ANN models were then constructed using water quality variables
containing large numbers of datapoints. A total of five water quality constituents were
analysed; chemical oxygen demand (COD), lead (Pb), total suspended solids (TSS),
total Kjeldhal nitrogen (TKN), and total phosphorus (TP). The independent variables
identified as significant in the regression analyses were used as inputs for the ANN
models, and network parameters and topology were optimised using a trial and error
approach. The optimum ANN models were then compared to multiple linear regression
models to determine the applicability of using ANN models to predict urban stormwater
quality at unmonitored catchments.

6.2 NURP data preprocessing
The dataset analysed in the current study combined data collected from two American
stormwater monitoring programs conducted by the United States Geological Survey
(USGS) and the United States Environmental Protection Agency (USEPA) as part of
the Nationwide Urban Runoff Program (NURP). Electronic versions of the two datasets
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were downloaded from a website developed by Cahaba/Warrior Student Chapter of the
American Water Resources Association (1998).
Storm event data from a wide range of catchments located throughout the U.S.A. was
collected by the USGS in the early 1980’s. Several catchments from each of the 21
metropolitan areas monitored in the study were analysed in an attempt to characterise
water quality levels associated with specific urban landuses or management practices
(Driver et al. 1985). A total of 1123 storm events from 98 stations were sampled in the
study (Driver and Tasker 1990).
U.S. Environmental protection Agency (USEPA) conducted a storm water sampling
program that began in the late 1970’s and ended in the early 1980’s. The sampling
program analysed predominantly urban catchments from 15 metropolitan areas located
throughout the USA.

A total of 1690 storm events from 75 urban stations were

analysed in the USEPA study (Driver and Tasker 1990).

6.2.1

Definition of a storm event

Unique storm events were defined using four terms. The ‘metropolitan area number’
(MENO) defined the metropolitan area where the storm occurred. The ‘station number’
(STATNO) defined the catchment where the storm occurred. The ‘event number’
(EVNO) defined the day on which the storm began, and the ‘storm sequence number’
(SSN) defined how many storms preceded the event on the given day. The event
number (EVNO) combined the year, month and day of the storm’s beginning date into
one number, using the following equation:
EVNO  (10000  year)  (100  month)  day

(6.1)

The year was a 2 digit number. For example, the year 1980 was represented by a value
of 80. The month and day were also 2 digit numbers. The end product was a series of 6
digit numbers defining the exact day of each storm event.

6.2.2

Derivation of event loads and EMCs

6.2.2.1 USGS

The USGS data collated by the Cahaba/Warrior Student Chapter of the American Water
Resources Association (1998) was comprised of a series of EMCs, already preprocessed
by project personnel.
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Monitoring programs often varied. Flow records at each station were typically collected
every 5 minutes, although they were occasionally collected at other regular intervals.
Not all constituents were monitored during each storm event.

Furthermore, the

available water quality data was comprised of both discrete and composite samples.
EMCs associated with the composite samples were equivalent to the flow weighted
mean concentration of a storm event. Composite samples were assumed to encompass
the full runoff duration (Driver et al. 1985).
Instantaneously collected discrete samples described the condition of the water at a
particular time. A series of discrete samples were collected to determine total storm
loads and weighted EMCs. The calculation of total constituent loads and runoff values
was carried out by two different sources. USGS project personnel, who were involved
in the data collection and interpretation at each catchment, manually calculated total
storm runoff and loads.

The remainder of storm loads were calculated using an

automated computer program.

Total storm loadings generated by the automated

computer program included baseflow in the calculation, whereas the loads reported by
the project personnel may or may not have (Mustard et al. 1987). If duplicate records
existed, the computer generated data was generally eliminated (Mustard et al., 1987).
Computer generated storm loadings were calculated using the methodology defined in
Mustard et al. (1987). Constituent concentrations were generated for every measured
value of storm event discharge. This was achieved by using time-dependent linear
interpolations between the analysed samples. In addition, the concentration of the first
measured sample was assigned to runoff measurements prior to it, while the final
measured sample concentration was assigned to runoff measurements after it.
Instantaneous loading rates were determined by multiplying the instantaneous
concentrations with the corresponding discharge value. A time series of loads was then
generated by multiplying each instantaneous loading rate with one half the time
difference between the succeeding and previous sample in the time series. The time
period for the last and first value was assumed to be one half the regular interval of the
time series plus one-half the adjacent time interval. The total storm load was then
determined by summing the time series of loads.

These total loads theoretically

included base loads. However, the base load contribution was assumed negligible for
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the stations analysed using this method (Mustard et al., 1987).

Event mean

concentrations were then calculated for each event using the following equation:

EMC 

TEL
DA  TRFD

(6.2)

Where EMC = event mean concentration (mg/L),
TEL= total event load (mg),
DA = drainage area (m2),
TRFD = total storm runoff depth (mm).

6.2.2.2 USEPA

The USEPA data collated by the Cahaba/Warrior Student Chapter of the American
Water Resources Association (1998) contained both discrete and composite samples. It
was assumed that the composite samples were equivalent to the flow weighted mean
concentration of a storm event. The discrete samples, on the other hand, were converted
into EMCs using the method outlined by Mustard et al. (1987). Additional criteria were
specified to ensure that the measured discrete samples provided a representative
estimate of EMC. The rising limb, peak and falling limb of the pollutograph each had
to be well sampled. If they were not, the storm was excluded from the dataset.

6.2.3

Water quality constituents

A total of 14 water quality constituents monitored in the Nationwide Urban Runoff
Program were analysed in this study. The water quality constituents and their acronyms
are presented in Table 6.1. Not every constituent was measured at every catchment, nor
were they measured during every storm event.
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Table 6.1: The dependent variables within the NURP dataset
Water quality constituent

Acronym

Chemical oxygen demand

COD

Suspended solids

SS

Total nitrogen

TN

Ammonia, dissolved as nitrogen

NH3

Total Kjeldhal nitrogen, total as nitrogen

TKN

Nitrite plus nitrate, total as nitrogen

NOx

Total phosphorus

TP

Dissolved phosphorus

DP

Dissolved chloride

Cl

Cadmium, total recoverable

Cd

Copper, total recoverable

Cu

Lead, total recoverable

Pb

Zinc, total recoverable

Zn

Dissolved solids

DS

Nb. All variables measured in mg/L

6.2.4

Storm variables

A total of 15 storm variables were measured in the NURP analysis. These variables and
their associated acronyms are presented in Table 6.2. Once again, not every storm
variable was monitored during every storm event.
Total rainfall depth (TRND) was estimated for each storm event, using data from one or
more rain gauges in the catchment. At catchments containing more than one rain gage,
a method using Thiessen coefficients was used to estimate the total storm rainfall. If
data was missing at one rain gauge, then the average rainfall from the remaining rain
gauges was used to predict the missing value (Mustard et al. 1987).
Rainfall duration (DRN) was also estimated using information from rain gauges. It was
defined as the time interval between the first and last nonzero rainfall value associated
with the rain gauge with the longest duration rainfall record.
Maximum rainfall intensities were also derived from the rainfall data. These included
maximum 5 minute rainfall intensity (M5RR), maximum 15 minute rainfall rate
(M15RR) and maximum 60 minute rainfall rate (M60RR).
210

Table 6.2: The storm variables present in the NURP dataset
Event variables

Acronym

Units

Total storm rainfall depth

TRND

mm

Maximum 5 minute rainfall rate

M5RR

mm/hr

Maximum 15 minute rainfall rate

M15RR

mm/hr

Maximum 60 minute rainfall rate

M60RR

mm/hr

Preceding number of dry days

ADD

days

Amount of rainfall during the preceding day

P1RN

mm

Amount of rainfall during the preceding 3 days

P3RN

mm

Amount of rainfall during the preceding 7 days

P7RN

mm

Total storm runoff depth

TRFD

mm

Peak discharge

QMAX

m3/s

Base flow

QBASE

m3/s

Duration of runoff

DRF

min

Duration of rainfall

DRN

min

Time from beginning of rainfall to peak discharge

TRPD

min

Time since last street cleaning

TSSC

days

The antecedent storm variables were generated using daily rainfall information. The
number of preceding dry days (ADD) was defined as the number of days preceding the
storm event with rainfalls less than 1.27 mm (Mustard et al., 1987). The amount of
rainfall occurring in the preceding day (P1RN), preceding 3 days (P3RN) and preceding
7 days (P7RN) were also calculated.
Another variable defining conditions occurring on the catchment surface preceding a
storm event was the time since last street cleaning (TSSC). However, this variable was
only measured at a limited number of the analysed catchments.
Discharge data was also used by Mustard et al. (1987) in order to calculate total runoff
depth (TRFD), peak discharge (QMAX), base flow (QBASE) and runoff duration
(DRF). The measured discharges were first used to calculate runoff volumes for various
time intervals throughout the storm. These volumes were then summated and divided
by the drainage area in order to calculate total runoff depth. The largest discharge value
of the storm was defined as peak discharge, while the first discharge value for the storm
was assumed to be equivalent to base flow (Mustard et al. 1987). The time interval
between the first and last nonzero discharge value was assumed to be equal to runoff
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duration. A combination of rainfall and discharge information was used to determine
the ‘time from beginning of rainfall to peak discharge’ (TRPD). In this circumstance,
the beginning of the rainfall corresponded to the first nonzero value for the rainfall
record.
Average storm runoff intensity (ROI) and average storm rainfall intensity (RAI) were
also calculated. Average storm runoff intensity was calculated using the following
equation:
ROI 

TRFD
DRF

(6.3)

While average storm rainfall intensity was calculated using the following equation:
RAI 

TRND
DRN

(6.4)

Two additional seasonal variables were also derived. Julian day represents the day in
the year as a summation of all previous days. For example, the Julian day for the third
day in February would be a summation of all the days in January and the three days in
February (31 + 3 = 34). An approximation of the Julian day was calculated from the
data using the following equation:
Julian day = (month - 1) x 30 + day

(6.5)

The approximated Julian day was then transformed using the sine and cosine functions
to generate two new variables (VC and VS) that could be used as seasonality indicators.
Equations 8.5 and 8.6 show the calculation of VC and VS respectively:
VC  cos(2π
VS  sin(2π

j
)
365

(6.6)

j
)
365

(6.7)

where, j = the Julian day (Bastarache et al. 1997).

6.2.5

Catchment variables

A total of 28 selected catchment characteristics were measured in the sampling
programs undertaken by the USGS. However, in many cases, not all variables were
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monitored at each catchment.

A summary of the catchment and broad scale

atmospheric variables present in the USGS dataset are presented in Table 6.3.

Table 6.3: The catchment and broad scale atmospheric variables present in the NURP
dataset
Catchment area variable

Acronym

Units

Drainage area

DA

ha

Impervious area

IA

% of drainage area

Effective impervious area

EFFIA

% of drainage area

Average basin slope

ABS

%

Main conveyance slope

MCS

%

Population density

PD

people/ha

Street density

SD

km of lanes per ha

Rural and pasture landuse

LURP

% of drainage area

Agricultural landuse

LUAGR

% of drainage area

Low-density residential landuse

LULDR

% of drainage area

Medium density residential landuse

LUMDR

% of drainage area

High density residential landuse

LUHDR

% of drainage area

Commercial landuse

LUCOM

% of drainage area

Industrial landuse

LUI

% of drainage area

Construction landuse

LUCON

% of drainage area

Idle or vacant landuse

LUIV

% of drainage area

Wetland landuse

LUWET

% of drainage area

Parkland landuse

LUPL

% of drainage area

Detention storage

DEST

m3

% of drainage area upstream from detention storage

DAUSS

%

% of drainage area drained by a storm sewer system

DASSS

%

% of streets that have curb and gutter drainage

SCGD

%

% of streets that have ditch and swale drainage

SDSD

%

Mean annual rainfall

MARN

mm

10 year, 1 hour rainfall intensity

10YHI

mm/hr

Mean annual January temperature

MJT

o

2-year, 24 hours rainfall

2YDR

mm

Mean annual nitrogen precipitation load

MNL

kg/ha

F

A total of 11 landuse categories were measured by the USGS. An additional landuse
group termed ‘non-urban landuses’ (LUN) was also created. It was equivalent to the
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non-urban landuse category in the Driver and Tasker (1990) study, and was calculated
via the following equation:
LUN  LURP  LUAGR  LUCON  LUIV  LUWET  LUPL

(6.8)

The grouping of these landuses into one general category might not be appropriate.
Most of the specific variables used in the nonurban landuse category were perceived to
contain few sources of most contaminants.

Two possible exceptions were the

agricultural and construction landuses. Agricultural landuses were assumed to have
significant sources of nutrients, while construction landuses were assumed to have
significant sources of suspended solids. However, the portion of construction landuses
was generally quite small, suggesting that its effect on urban stormwater quality in the
analysed catchments was likely to be insignificant.

In addition, there was no

information regarding the stage of construction at construction sites. This would have a
significant effect on the pollutant export from the construction sites.
The three different density residential landuses were also combined into one category in
an attempt to reduce the number of landuse groups. Percentage of residential landuse
(LUR) was derived using the following equation:
LUR  LULDR  LUMDR  LUHDR

(6.9)

This grouping of data produced a broader landuse category that contained more non
zero values than the previous, more specific groupings.
A large number of the landuse categories measured in the USEPA study were not
equivalent to those used in the USGS study.
measured in the USEPA study include:


institutional landuse;



open landuse;



expressway landuse;



cemetery/recreation landuse;



water landuse;



forest landuse;



woodland landuse;



reservoir landuse;



quarry/landuse landuse.
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The additional landuse categories

In order to combine the USEPA and USGS datasets, these additional landuses were
lumped into the ‘nonurban’ landuse category. In addition, the open landuse category in
the USEPA dataset was assumed to be equivalent to the idle or vacant landuse category
in the USGS dataset.

6.2.6

Catchment types

There were a number of different types of catchments analysed in the USGS study.
General catchment descriptions included:


basin outflow;



sub basin outflow;



detention inflow;



detention outflow;



main-stem inflow;



main-stem outflow.

More specific catchment descriptions were also specified:


brook tributary;



canal tributary;



conduit;



creek;



creek tributary;



detention basin inlet;



detention basin outlet;



ditch;



drain;



drainage ditch;



floodway channel;



gulch;



inlet;



rainfall-runoff simulation plot;



recharge basin inflow;



river;



river tributary;
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storm drain;



storm sewer;



storm sewer outfall;



submerged outlet of a detention basin;



surface outlet of a detention basin.

Out of all the catchment types measured, only detention basin outlets were removed.
This was due to the fact that concentrations from detention basin outlets were deemed
nonrepresentative of values from typical urban catchments. It was assumed that the
additional pollutant treatment (i.e. sedimentation) would significantly reduce pollutant
concentrations exiting detention basins.

6.2.7

Quality assurance procedures

Quality assurance procedures were initially applied to the NURP data to identify and
remove any unacceptable data.

The estimated total storm loads generated by the

computer program were compared to hand-calculated values. Discrepancies between
the values were checked for a range of possible causes including; the method of load
calculation, the consideration of base flow and base load, and the choice of the
beginning and end time of the runoff period.
In many cases, a comparison between sources was considered invalid due to the use of
considerably different storm-runoff periods to calculate total storm loads (Mustard et
al., 1987). Different sources of error were also checked. Types of error included data
entry error, conversion error and inherent error in the data received. Further errors were
identified by creating statistical summaries for each constituent at each station and then
analysing the outliers. Using these techniques, subsets containing unacceptable data
were deleted from the storm dataset (Mustard et al., 1987).
Logic tests were also performed on the data. This was to identify possible errors
present in the dataset, which may have entered during any stage of the data acquisition
process. If base flow was greater than peak discharge, the corresponding data was
removed from the set (Mustard et al., 1987). Data was also removed if the amount of
rain falling during the preceding day was greater than the rain falling during the
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preceding 3 or 7 days, or the rain falling during the preceding 3 days was greater than
the rain falling during the preceding 7 days (Mustard et al., 1987). Rainfall rates were
also checked to ensure they were greater runoff rates. If the runoff-rainfall ratio was
significantly greater than 1, the data was excluded, since the base flow volume was
deemed to be too large (Mustard et al. 1987).
The transfer of the hard copy of the data to an electronic version may have resulted in
the incorporation of additional errors or the loss of important information.

The

following data records were excluded from the analysis because they had large amounts
of missing information:


station 0612500 had no basin characteristics, and missing rainfall, runoff and
antecedent condition information;



station 12119730 had missing load information from 20/1/81 to 25/1/82;



station 364818119443800 had missing rainfall, runoff and antecedent condition
information from 14/3/82 to 23/3/83.

Each of the 3 types of files collated in the thesis had event numbers associated with each
event and station numbers associated with each catchment.

The event numbers

generated from the load, rainfall-runoff, and basin characteristics files were compared to
ensure the data records were describing the same events.
Station 415311088032907 showed some discrepancy between the load and rainfallrunoff files. For every event (excluding 800804) the station number was quoted as
415302088032907 in the load files. However, the event numbers were compatible with
one another, suggesting that the difference between event numbers may have been a
typing error.

So the station numbers in the load file were changed from

415302088032907 to 415311088032907.

6.2.8

Additional sources of data

Additional sources of data were also used in the current study.
variables and their sources are presented in Table 6.4.
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The explanatory

Table 6.4: Additional variables from sources other than the NURP study
Acronym

Variable

Units

Source

AMRN

Average monthly rainfall

mm

Ward and Elliot (1995)

AMT

Average monthly temperature

0

Ward and Elliot (1995)

KAVE

Average soil erodibility factor

-

Ward and Elliot (1995)

PHR

The pH of rainfall

-

NADP*

MAP

Total annual precipitation

mm

NADP*

NO3R

Nitrate concentration in rainfall

mg/L

NADP*

NH4R

Ammonium concentration in rainfall

mg/L

NADP*

MAAT

Mean average annual temperature

0

NADP*

DISS

Distance to the ocean

km

Driver and Tasker (1990)

EROS

Rainfall and runoff erosivity index

-

Ward and Elliot (1995)

RASI

Regional average storm event intensity

mm/hr

Athayde et al. (1983)

100YHI

Maximum rainfall intensity with a

mm/hr

Black (1996)

F

F

recurrence interval of 100 years

*NADP = National Atmospheric Deposition Program (1994)

6.2.9

Removal of atypical storms and catchments

After the USGS and USEPA datasets had been combined, a number of atypical storms
and catchments deemed to lie outside the modelling domain were removed. Conceptual
knowledge was the main method used to identify and consequently remove the
following atypical storms and catchments:


storms with low total event rainfall;



storms with low total event runoff;



storms with extremely large base flows;



catchments with large detention storages;



catchments with large portions of industrial landuse;



catchments with large portions of agricultural landuse;



catchments with large population densities;



catchments with extremely small drainage areas;



catchments with extremely large drainage areas;



catchments located distal from the majority of the catchments.

In certain circumstances, it may be necessary to predict stormwater quality at atypical
catchments. Stormwater quality associated with these catchments may be predicted
using two alternative techniques. The first technique uses average EMCs from atypical
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catchments in the NURP study to predict stormwater quality at catchments with similar
characteristics. However, this particular technique may be limited in situations when
very few storms have been sampled at the atypical catchments. The second technique
may predict stormwater quality at industrial and agricultural catchments using
worldwide averages from a study undertaken by Duncan (1999).

However, this

technique is limited by the fact that considerable variability in stormwater may be
observed between countries, let alone continents, making it difficult to derive an
accurate estimate of stormwater quality for industrial and agricultural landuses.

6.2.10 Data infilling

The missing values in the dataset were infilled using a variety of simplistic techniques.
A theoretical understanding of the relationships between variables was initially used to
infill missing values. In addition, strongly correlated variables were used to construct
simple linear regression models. The accuracy of the models was gauged using the
coefficient of determination (R2). The most accurate of these models were then used to
infill the missing values. In the absence of strong correlations between variables,
simple median or mean estimates were used to infill the remainder of missing values.

6.3 Single catchment analyses using original NURP data
Two “single catchment” analyses were conducted using the original NURP data. The
first analysis sought to determine the measure of central tendency defining site mean
concentration (SMC) which most accurately predicted long term yields. The second
analysis sought to determine the optimum number of storms required to generate an
accurate estimate of the SMC, using the geometric mean.
A total of 17 catchments were analysed, containing total phosphorus EMC data from 12
or more sampled storm events. The characteristics of the catchments are presented in
Table 6.5. It can be seen that the majority of catchments were relatively small, highly
impervious catchments with large portions of commercial and/or residential landuse.
However, one catchment (261629080072400) had a large portion of nonurban landuse,
and had very low concentrations of total phosphorus.
differences, it was analysed with the other 16 catchments.
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Despite these observed

Table 6.5: Characteristics of the 17 urban catchments used in the single catchment
analyses
Drainage

Impervious

Commercial

Residential

Nonurban

Catchment

area (ha)

area (%)

landuse (%)

landuse (%)

landuse (%)

10167220

26

52.4

8

83

9

12119725

39

36.1

6.8

89.8

3.4

12120005

36

30.9

5.7

90.7

3.6

261002080070100

8

97.9

97.9

0

2.1

261615080055900

16

43.9

0

100

0

261629080072400

23

36

40

0

60

445210093271701

34

11

1

87.2

11.8

445937093230701

85

22

0

83

17

450011093221901

31

70

84.6

9.6

5.8

450100093205501

122

35

19.5

79.5

1

450541093201201

57

29

3.5

96.5

0

04086941

16

44

0

100

0

04086943

5

99.4

100

0

0

04086945

5

98

100

0

0

04087057

13

30

0

100

0

04087115

10

76.8

80

20

0

04087133

18

80.6

70

30

0

6.3.1

The use of measures of central tendency defining site mean concentration to
predict long term yields

The main objective of this analysis was to determine the most appropriate measure of
central tendency defining site mean concentration (SMC), for predicting long term total
phosphorus (TP) yields. The analysed measures of central tendency were:


arithmetic mean;



geometric mean;



harmonic mean;



median;



flow-weighted mean.

Correlation coefficients were initially calculated between event mean concentration
(EMC) and total runoff depth at each catchment. These correlation coefficients are
presented in Table 6.6, along with the total number of sampled storm events at each
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catchment. It was assumed that the correlations would provide valuable insight into the
most feasible measure of central tendency for predicting long term TP yields.

Table 6.6: Correlation between total phosphorus EMCs and total runoff depth at each
catchment
Correlation

No. of sampled

Catchment

coefficient

storms

10167220

-0.35

15

12119725

-0.01

31

12120005

-0.25

24

261002080070100

-0.44

28

261615080055900

-0.21

28

261629080072400

-0.29

42

445210093271701

0.53

17

445937093230701

-0.53

13

450011093221901

-0.17

21

450100093205501

-0.12

21

450541093201201

-0.05

25

04086941

-0.49

12

04086943

0.23

14

04086945

-0.42

13

04087057

-0.11

14

04087115

-0.31

13

04087133

-0.33

14

Two separate analyses were used to determine the measure of central tendency defining
SMC which most accurately predicted long term TP yield. The first analysis used a
series of leave-one-out analyses. At each catchment, storm events were sequentially
separated from the remainder of storms, which were then used to calculate SMC. This
value of SMC was then multiplied by the total event runoff depth associated with the
separated storm to generate an estimate of yield for this storm event. This process was
repeated until all storms had been used for “verification”. These analyses were assumed
to indicate how well the various measures of central tendency predicted long term yield
at well sampled catchments. The second analysis used a series of cross validation
analyses, with 50% of the data for calibration and the remaining 50% used for
verification.

The calibration data was used to calculate the SMC at the analysed

catchment. The calculated SMC was then multiplied by the various total event runoff
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depths from the verification set to generate estimates of yields. This process was then
repeated using different portions of data for calibration and verification. These analyses
were assumed to indicate how well the measures of central tendency predicted long
term yield at catchments with limited sampling.
The predicted yields were then compared to the observed yields at a given catchment.
The observed long term yield at a given catchment was derived by summating all
observed yields. Similarly, predicted long term yield was derived by summating the
predicted yields at a given catchment. The accuracy of the predicted long term yields
calculated using measures of central tendency were then evaluated by comparing them
to the observed long term yields. This was achieved by entering the observed and
predicted long term yields into the following equation:
n

AAPE 100 

 y i  ŷ i 


y
i


n

 abs  
i 1

(6.10)

where AAPE = average absolute percentage error (%),
yi = the observed long term yield (mg/mm),
ŷ i = the predicted long term yield (mg/mm).

The long term yield errors associated with each measure of central tendency defining
SMC were then compared.

6.3.2

Effect of sample size on site mean concentration calculation

The optimum number of storm events required to generate a geometric mean estimate of
site mean concentration (SMC) was determined using total phosphorus EMC data from
17 catchments with 12 or more sampled storm events.
A reiterative analysis was used to identify the optimum number of storm events required
to accurately estimate the SMC.

During each iteration, EMC data was randomly

allocated into various calibration set sizes, without replacement. The number of storm
events in each calibration set ranged from 1 to n, where n was the total number of
sampled storms at a given catchment. Geometric mean estimates were then calculated
using the EMC data in each calibration subset, at each catchment. The accuracy of the
calculated geometric mean estimates were then verified using all the available data at
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the catchment of interest. The verification errors used in this analysis were the standard
error of estimate (SEE) of EMCs and the average absolute yield error (AAEy).
The procedure was reiterated 10000 times for each of the 17 catchments. Average
verification errors were then calculated for each calibration set size, at each catchment.
Graphs were plotted for each of the error measures, which showed the effect of
calibration set size upon the accuracy of geometric mean estimates. These were used to
identify the optimum number of storms required to estimate the SMC. The ‘optimum’
number of storms was selected using a compromise between cost and uncertainty, such
that the minimum number of storm events generating a comparatively accurate
geometric mean estimate was selected. As a final step, costs associated with sampling
programs monitoring different numbers of storm events were calculated to supplement
the reiterative analysis.

6.4 Between catchment analyses using original NURP data
Total phosphorus was the most prevalent variable available in the USGS dataset. It was
assumed that models constructed on larger datasets were less likely to be overfitted,
particularly when constructing complex models such as multiple regression models and
artificial neural networks. In the following analyses, only fully monitored explanatory
variables available in the original NURP dataset were used to construct models.

6.4.1

Variation in the data

The variation in the total phosphorus data was initially analysed.

Coefficients of

variation (CV) were initially calculated on the data using the following equation:
CV 

100  STD
AM

(6.11)

where STD = standard deviation,
AM = arithmetic mean.
It is commonly suggested in the literature that environmental data, including water
quality data, is generally lognormally distributed. Therefore, geometric coefficients of
variation (GCV) were also calculated using the following equation:
GCV  GSD 1100

(6.12)
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Where GSD = geometric standard deviation.
The geometric standard deviation was derived from the standard deviation calculated on
logarithmically transformed data using the following equation:
GSD 10 SDL

(6.13)

where SDL = the standard deviation calculated on logarithmically transformed data.
The first objective was to identify the most important variables influencing total storm
load. Coefficients of variation associated with total runoff depth (TRFD), drainage area
(DA), event mean concentration (EMC) and total event load (TEL) were calculated and
compared.
The second objective was to define the magnitudes of at site and between site variation
of EMC data. Coefficients of variation of EMC data were calculated at catchments with
four or more sampled storm events. These coefficients of variation were then averaged
to determine an average estimate of the variation of EMCs at single catchments. Site
mean concentrations were then calculated at catchments with four or more sampled
storms. The coefficient of variation associated with these site mean concentrations was
used to determine an estimate of the variation of EMCs between sites.

6.4.2

Comparison between the USGS and USEPA data

Basic statistics were used to compare the USGS and USEPA datasets. Averages and
coefficients of variation were compared using logarithmically transformed and nonlogarithmically transformed data. The comparison was made to ensure that the two
datasets were compatible with one another.

6.4.3

Regression analyses

Regression analyses were initially undertaken upon a dataset containing 754 storm
events. The main objective was to determine whether load or concentration was the
optimum variable to be modelled. Constant values were added to explanatory variables
with zero values to allow for logarithmic transformation, as shown in Table 6.7. A
constant of 2 was added to nonurban landuse in accordance with the study by Driver
and Tasker (1990).

The data was then logarithmically transformed and used to
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construct multiple linear regression models. The functional form of the regression
models was as follows:
n

log (y)  β 0   β i log (x i )

(6.14)

i 1

Where, xi = explanatory variable i,
y = response variable,
i = regression coefficient (otherwise known as the beta coefficient) associated with
explanatory variable i,
= intercept calculated on logarithmically transformed data,
n = number of explanatory variables.
Stepwise regression procedures (Draper and Smith 1998) were used to select
explanatory variables. If the p-value associated with a given variable was less than
0.05, the variable was entered into the model. Furthermore, if a variable’s p-value
increased above 0.1, the variable was removed from the model.

Table 6.7: Constant values added to explanatory variables to allow for logarithmic
transformation
Variable

Acronym

Constant added

Impervious area

IA

1

Commercial land-use

LUC

1

Industrial land-use

LUI

1

Residential land-use

LUR

1

Nonurban land-use

LUN

2

After a series of regression models were constructed, errors were calculated. The error
measures used in the comparative analysis were the standard error of estimate (SEE)
and the average absolute percentage error (AAPE). These measures enabled a direct
comparison between the load and concentration models.

Further analyses were

undertaken upon the dependent variable yielding the lowest errors.
The next set of regression models were constructed using all available total phosphorus
EMC data from the NURP dataset (N=965). It was hypothesised that standardised
stepwise regression procedures were not applicable, since most of the independent
variables available for analysis violated the assumption of data independence. This was
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due to the fact that more than one storm event was typically monitored at most
catchments. Hence, all variables aside from total storm rainfall were constant at a given
catchment. This decreased the ‘effective’ size of the dataset, leading to the potential
underestimation of p-values and possible inclusion of spurious variables into the final
model.
A cross validation approach was applied to solve this problem.

The dataset was

separated into ten disjointed subsets of data, each containing approximately 10% of the
data. A total of ten analyses were carried out, using a different subset for validation
each time. The remaining 90% of data was used to calibrate the model. After the ten
models had been constructed, the ten validation errors were calculated and averaged to
provide an average validation error.
A series of regression models were constructed, using inputs found significant during a
stepwise regression analysis upon the 965 point dataset. The first regression model
contained one input variable, the second contained two, and so on until all variables had
been entered into the model. The average validation errors (SEE and AAPE) were
calculated for each model. It was assumed that input variables resulting in an increase
in both error measures were not significant, and therefore not included in the final
model.
Another regression analysis was conducted on a regional data subset. In accordance
with a study by Driver and Tasker (1990), storm events from catchments with mean
annual rainfalls between 500 and 1000 millimetres were separated. It was assumed that
processes in the smaller data subset would be more homogeneous and therefore more
conducive to modelling.
Variables found significant in the previous analysis of the entire dataset were analysed
along with variables deemed significant in the study by Driver and Tasker (1990).
Standardised stepwise regression procedures were not used to determine the order of
variable entry into the regression model. Instead, variables were entered according to
their anticipated significance. Once again, cross validation was used to determine the
significance of variables. Ten disjoint subsets of data containing approximately 10% of
the data were created. Ten analyses were undertaken, with a different subset being used
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for validation purposes each time. The remainder of the data (90%) was used for model
calibration.
The average SEE and AAPE were calculated following the addition of each new
variable into the model. Variables leading to an increase in both error measures were
deemed to be insignificant and removed from the final model.

6.4.4

ANN analyses

Artificial neural networks (ANNs) were constructed using the Professional II/Plus
software developed by NeuralWare Inc. (1991). In accordance with many other water
resources applications, feedforward, backpropagation networks were used in the study.
These networks were optimised using a normalised cumulative delta rule learning rule.
Data was initially logarithmically transformed. The output variable was then scaled
between -0.8 and 0.8 and input variables scaled between -1 and 1. These values were
within the bounds of the hyperbolic tangent transfer function. A large epoch size was
selected, equal to the training set size. The learning rate for weights connecting the
input layer to the hidden layer was arbitrarily fixed at twice the learning rate connecting
the hidden layer to the output layer. These learning rates were initially set at 0.04 and
0.02 respectively, while the momentum was initially set at 0.01.
The independent variables found significant in the regression analyses were used as
inputs in the ANN models. The number of hidden layers was set at one, due to the lack
of data. The optimum number of hidden nodes was determined using a trial and error
approach. Furthermore, trial and error was also used to optimise the learning rate and
momentum.
Networks were trained using a cross validation approach. In accordance with the
previous regression analyses, data was separated into ten disjoint subsets, each
containing approximately 10% of the data.

A total of ten ANN models were

constructed, using a different 10% subset for testing each time. The remaining 90% of
the data was used to train the model. During training, the test set error was calculated at
each weight update. For each weight update, an average error associated with the ten
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test sets was calculated. The stopping point was assumed to correspond to the lowest
average test set error.
Two ANN models were constructed on different data domains. The first of these
models was constructed on the entire dataset, which contained 965 records. The second
model was constructed on a regional subset containing only 374 records. The results
from the regression and ANN analysis were then compared, using a cross validation
approach.

6.5 Statistical analyses using the expanded NURP dataset
The missing values in the NURP dataset were replaced, and additional variables from
other sources combined to create a larger dataset more conducive to modelling. The
water quality constituents analysed in successive statistical analyses are presented in
Table 6.8.

The number of monitored storms, catchments and metropolitan areas

associated with each water quality constituent were initially calculated to determine
possible modelling limitations.
Table 6.8: The constituents used in the statistical analyses following missing data
infilling
Constituent

Acronym

Ammonia

NH3

Cadmium

Cd

Chemical oxygen demand

COD

Chloride

Cl

Copper

Cu

Dissolved phosphorus

DP

Dissolved solids

DS

Lead

Pb

Nitrogen oxides

NOx

Suspended solids

SS

Total Kjheldhal nitrogen

TKN

Total nitrogen

TN

Total phosphorus

TP

Zinc

Zn
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A number of different statistical models were initially constructed on the available data.
They were:


landuse averages;



site mean concentrations;



metropolitan area mean concentrations;



mean annual rainfall averages;



nationwide averages;



regression models.

After the models were constructed, they were compared with one another to determine
the optimum model for predicting urban stormwater quality.

6.5.1

Landuse averages

The available data was segregated into distinct sets according to landuse. The main
landuse categories were:


residential landuse>66%;



non-urban landuse>50%;



industrial plus commercial landuse>66%;



mixed landuse;



agricultural landuse>50%;



industrial landuse>50%.

Arithmetic and geometric means associated with each landuse category were then
calculated.
Standard deviations of EMCs were also calculated on the logarithmically transformed
data. These standard deviations were then added and subtracted from the mean of the
logarithmically transformed EMCs, and retransformed by raising them to the power of
the base of the logarithm. The resulting values were then plotted on graphs to view the
differences between landuse categories.
It should be noted that catchments with large portions of agricultural or industrial area
were previously indentified as atypical. Therefore, they were not used in the subsequent
comparative analyses. The remaining landuse averages were used to predict stormwater
quality. The resultant landuse models were validated using all available data and leave
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one metropolitan area out analyses. If insufficient data was available for a particular
landuse category, an average estimate of the entire dataset was used to provide a rough
estimate of the validation error. However, it must be noted that this situation rarely
occurred, since the majority of landuse categories were well sampled.

6.5.2

Site mean concentrations

Site mean concentrations were calculated using two measures of central tendency.
These were:


arithmetic mean;



geometric mean.

Only calibration errors were calculated for the site mean concentration models. This
was to ensure that catchments with very small datasets did not produce excessively
large errors which would ultimately bias the final results. Instead, the models were
generally over fitted, thereby producing a lower limit on which to compare the
remainder of models.

7.5.3 Metropolitan area mean concentrations

Metropolitan area mean concentrations were generated by taking arithmetic and
geometric means of the available EMC data at particular metropolitan areas. The
accuracy of the metropolitan area averages were first validated on the entire calibration
dataset. They were then validated using a series of leave one site out analyses. At
metropolitan areas containing data from only one sampled site, an average of the entire
dataset was used as an approximation of the metropolitan area mean concentration.
This was to ensure that the data was not overfitted. As a result, the validation errors
associated with the metropolitan area mean concentration models were overpredicted.
However, this was believed to reflect the main problem with applying such models,
which was the lack of available data measured at many metropolitan areas.

6.5.4

Mean annual rainfall averages

The data was also separated into three main subsets based upon mean annual rainfall.
The subsets were:


MARN<500mm



500<MARN<1000mm
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MARN>1000mm

These ranges were compatible with the ranges used in the Driver and Tasker (1990)
study. Once again, the average constituent concentrations associated with each data
subset were generated using arithmetic and geometric means. The mean annual rainfall
models were initially calibrated using all available data, and subsequently validated on
the entire dataset. They were then validated using a series of leave one metropolitan
area out analyses.

6.5.5

Nationwide averages

Nationwide averages were constructed using both arithmetic and geometric means. All
available data was used to calibrate the nationwide averages, which were also
subsequently validated using the entire dataset.

6.5.6

Multiple regression models

A large number of explanatory variables were available for inclusion into the multiple
regression models. However, a number of these variables had zero and/or subzero
values.

Constant values were added to these variables to allow for subsequent

logarithmic transformation. The constants added to each variable are shown in Table
6.9.
The data was then logarithmically transformed and a series of multiple regression
models constructed. The previously defined equation 7.14 expresses the functional
form of the regression models.

Explanatory variables were initially entered into

regression models using stepwise regression procedures (Draper and Smith 1998).
They were entered if their p-values were less than 0.05, and removed if their p-values
increased above 0.1. However, the lack of data independence for catchment and broad
scale climatic variables meant that an automatic variable selection process may lead to
model overfitting, despite standard statistical significances on the contrary. Therefore,
excessive numbers of variables lacking data independence were prevented from entering
the models.
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Table 6.9: The constants added to each explanatory variable prior to logarithmic
transformation
Constant
Variable

Acronym

added

Preceding number of dry days

ADD

1

Amount of rainfall during the preceding day

P1RN

1

Amount of rainfall during the preceding 3 days

P3RN

1

Amount of rainfall during the preceding 7 days

P7RN

1

Cosine seasonality index

VC

2

Sine seasonality index

VS

2

Impervious area

IA

1

Commercial land-use

LUC

1

Industrial land-use

LUI

1

Residential land-use

LUR

1

Nonurban land-use

LUN

2

Population density

PD

1

Street density

SD

1

Rural and pasture land-use

LURP

1

Agricultural land-use

LUAGR

1

Low-density residential land-use

LULDR

1

Medium density residential land-use

LUMDR

1

High density residential land-use

LUHDR

1

Commercial land-use

LUCOM

1

Industrial land-use

LUIND

1

Construction land-use

LUCON

1

Idle or vacant land-use

LUIV

1

Wetland land-use

LUWET

1

Parkland land-use

LUPL

1

Detention storage

DEST

1

% of drainage area upstream from detention storage

DAUSS

1

% of drainage area drained by a storm sewer system

DASSS

1

% of streets that have curb and gutter drainage

SCGD

1

% of streets that have ditch and swale drainage

SDSD

1

In addition, many highly correlated variables were available in the datasets. Therefore,
process knowledge and single variable correlations were used to help determine the
optimum combinations of variables. In particular, post interpretation of regression
coefficients was used to determine whether entered variables could be theoretically
justified. If they could not, the counter intuitive variables were generally removed. The
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final stepwise regression models were then verified using all available data, leave one
site out analyses, and leave one metropolitan area out analyses.
The significance of each explanatory variable used in the regression models was
determined using a number of methods. The order of entry into the models was used as
an initial criterion for determining the most important variables, with those included in
the early stage of model construction deemed more significant than those included in
the latter stages. Furthermore, the increase in the coefficient of determination following
the addition of an explanatory variable was used to determine if the new variable should
be included in the final regression model. If there was an insignificant increase in the
coefficient of determination, the variable was not explaining any new variability in the
response variable.

Finally, coefficient known as the “standardised regression

coefficient” (otherwise known as the standardised beta coefficient) was used to evaluate
the relative significance of the explanatory variables.

“Standardised regression

coefficient” or “standardised beta coefficient” is a term used to define the regression
coefficient (otherwise known as the beta coefficient) associated with an explanatory
variable, when a regression equation is developed using standardised values of both the
response and explanatory variables. A linear regression equation may be developed to
predict a response variable (y) using an explanatory variable (x) as follows:
y  ˆ 0  ˆ 1 x

(6.15)

Where ̂ 0 and ̂1 = the regression coefficients derived using the initial values of the
response and explanatory variables.
The response variable may then be standardised using the following equation:
Y

y y
sy

(6.16)

Where Y = the standardised values of the response variable,
y = the mean of the response variable,
sy = the standard deviation of the response variable.
Similarly, the explanatory variable may also be standardised using the following
equation:
X

xx
sx

(6.17)

Where X = the standardised values of the explanatory variable,
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x = the mean of the explanatory variable,
sx = the standard deviation of the response variable.
A linear regression equation may then be developed to predict the standardised values
of the response variable with the standardised values of the explanatory variable,
according to the following equation:
~ ~
Y  0  1 X

(6.18)

~
~
Where 0 and 1 = the regression coefficients derived using the standardised values of
~
the response and explanatory variables ( 1 is otherwise known as the standardised
regression coefficient).
Equations 6.16 and 6.17 may then be substituted into equation 6.18:
yy ~ ~  xx 

 0  1
sy
s
 x 

Rearranging 6.19:
~
~
~
 1s y  x    1 s y
y  0  s y  y
  

 
s
x

   s x


(6.19)


x



(6.20)

The coefficients associated with x in equations 6.15 and 6.20 are equivalent. As a
result:
~
 s
ˆ  1 y
1
sx

(6.21)

Rearranging equation 7.21:
~ s  ˆ
1  x 1
sy

(6.22)

This simple equation may then be used to derive the “standardised regression
coefficients”. The advantage of the standardised regression coefficients is that they are
directly comparable to one another, since the effect of the domains of explanatory
variables has been essentially negated. This ultimately enables the identification of the
most important variable influencing pollutant concentrations. However, it is limited in
some respects. Importantly, correlations between explanatory variables can bias the
calculation of standardised regression coefficients. Therefore, caution must be used
when evaluating the relative significance of standardised regression coefficients,
particularly when highly correlated variables are included in the regression model.
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6.5.7

ANN models

ANN models were also constructed after the missing values had been infilled. The
construction of ANN models was deemed to be very time consuming. Furthermore,
their inherent complexity suggests the need for large datasets. Therefore only variables
with large numbers of data records were analysed; chemical oxygen demand (COD),
lead (Pb), suspended solids (SS), total Kjeldhal nitrogen (TKN), total phosphorus (TP).
Feedforward, backpropogation networks were constructed to predict each of the five
selected water quality constituents. The normalised cumulative delta learning rule,
described in equation 6.2, was used to update network weights.
The variables found significant during the regression analyses were used as input
variables in the ANN models.

The output and input variables were initially

logarithmically transformed, then scaled within the bounds of the hyperbolic tangent
transfer function. The input variables were scaled between -1 and 1, whereas the output
variables were scaled between -0.8 and 0.8.

This was believed to minimise the

incidence of flat spots during the training process (Maier and Dandy 1998). The size of
the epoch was equivalent to the training set size. The number of hidden layers was
arbitrarily set at one, due to the lack of available data. The following empirical equation
was used to initially estimate the number of hidden nodes:
N H  N I 1

(6.23)

NH = the number of hidden nodes
NI = the number of input nodes (Maier 1995).
The momentum was initially set at 0.01. The learning rate associated with weights
connecting the input layer to the hidden layer (1) was assumed to be twice as large as
the learning rate connecting the hidden layer and the output layer (2). This was
assumed to speed up the rate of convergence. The learning rate was then optimised
using a trial and error approach, followed by the momentum, then the number of hidden
nodes. The standard error of estimate (SEE) was used as the primary criterion for
selecting the optimum ANN model. The secondary criteria were the average absolute
percentage error (AAPE), and the error oscillation about the local minimum. If the error
oscillation about the local minimum was deemed to be excessively large, divergent
behaviour was assumed to be occurring. Therefore, this was avoided if possible.
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In order to determine when to stop network training, a cross validation approach was
applied. The data was initially separated into ten disjoint sets. A total of ten networks
were then constructed using a different 10% subset of the data for the test set each time.
The remaining 90% of the data was used to update network weights.
At every 1000 iterations, a test set error was calculated. An average test set error was
then calculated using the ten test set errors. The lowest average test set error was used
to define number of iterations required to train the ANN models. Furthermore, these
average test errors were used to select the optimal network parameters and topology.
However, the average test errors were not independent of the training process, hence
were not deemed to be validation errors. Therefore, another set of analyses were
undertaken to determine the true generalisation ability of the final optimised ANN
models.
In order to determine the true generalisation ability of the optimised ANN models, a
different training regime was used. The available data was divided into groups of three
sets; training, testing and validation. Ten disjoint data subsets containing 10% of the
data were separated, and used as validation sets. The other 90% of data was randomly
divided into training (70%) and test (20%) sets. Network weights were updated using
the training data, while the test set was used to determine when to stop network training.
At the determined stopping point, the generalisation ability of the constructed network
was determined using the validation set. This process was carried out ten times, for
each of the ten validation sets. Average validation errors were then calculated for each
of the optimised ANN models, predicting each water quality constituent. These errors
were compared with the validation errors associated with the ANN and regression
models, previously constructed using a cross validation approach.
After determining the true generalisation ability of the ANN models, the relative
importance of each input variable was evaluated. In order to achieve this goal, a series
of sensitivity analyses were undertaken on each of the final optimised ANN models,
using the following equation:
Sensitivity 

% change in output
 100%
% change in input

(6.24)
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These sensitivities were then compared with standardised regression coefficients
associated with the regression models. Particular interest was placed in the differences
between the signs of the ANN sensitivities and standardised regression coefficients.
Furthermore, the relative magnitudes of ANN sensitivities and standardised regression
coefficients were also analysed to determine any further discrepancies between the two
model types.

6.6 Summary
The data used in the subsequent analyses was obtained by the USGS and USEPA as part
of the NURP study. As part of data preprocessing, storm events were defined, then
event loads and EMCs calculated. Atypical storm events were identified as those with
low event rainfall and/or runoff, or those with extremely large base flows. Such storms
were removed from the dataset. Atypical catchments were defined as those with large
detention storages, relatively large or small drainage areas, large portions of agricultural
landuse, large portions of industrial landuse, large population densities or those located
distal from the majority of catchments. These catchments were removed from the
dataset. Additional data was also incorporated with the NURP data, and a variety of
simple constant concentration and regression models used to infill missing values.
Total phosphorus data was initially analysed, prior to the incorporation of data from
alternative sources and prior to data infilling. Two single catchment analyses were
undertaken using 17 catchments with 12 or more sampled storms. The first analysis
sought to determine the optimum measure of central tendency used to define site mean
concentration at a given site. Long term yields were derived using an arithmetic mean,
geometric mean, harmonic mean, flow-weighted mean and median. These long term
yields were then compared using leave-one-out and cross-validation analyses to
determine the optimum measure of central tendency defining site mean concentration.
The second single catchment analysis sought to determine the optimum number of
storms required to derive an estimate of site mean concentration, based upon a
geometric mean. A reiterative analysis was undertaken, by sub-sampling the available
storm events and deriving site mean concentrations based upon the selected EMCs.
Verification errors were then averaged for each sample size. The optimum number of
storms required to derive a stie mean concentration was identified using a compromise
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between cost and uncertainty, with the minimum number of storms producing relatively
accurate estimates defined as the optimum.
The second set of analyses using the original total phosphorus data sought to compare
the ability of regression and ANN models to predict urban stormwater quality at
unmonitored catchments.

The variability in the data was initially analysed.

Specifically, the at-site variability in EMCs and the between site variability in SMCs
was analysed to determine the relative importance of both storm and catchment
variables. In addition, EMC variability within the USGS and USEPA data was also
viewed to justify their combination into a single homogeneous dataset. The data was
then logarithmically transformed and regression models constructed on the entire
dataset to determine the optimum response variable to be modelled; EMC or event load.
Regression models were then constructed on a smaller subset based upon mean annual
rainfall, previously defined in a study by Driver and Tasker (1990) as being more
homogeneous and therefore more conducive to modelling. A number of ANN models
were then constructed on the total dataset and the smaller subset. Explanatory variables
found significant in the previous regression analyses were used as inputs in the ANN
models. Various network parameters such as learning rate, momentum and number of
hidden nodes were then optimised using trial and error. The final “optimum” ANN
models were then compared to the equivalent regression models using a leave-oneanalysis to determine the applicability of using ANNs to model TP concentration in
urban stormwater from unmonitored sites.
The next set of analyses were undertaken following the addition of data from alternative
sources and the infilling of missing values. 14 different water quality constituents were
analysed; ammonia (NH3), cadmium (Cd), chemical oxygen demand (COD), chloride
(Cl), copper (Cu), dissolved phosphorus (DP), dissolved solids (DS), lead (Pb), nitrogen
oxides (NOx), suspended solids (SS), total Kjeldhal nitrogen (TKN), total nitrogen
(TN), total phosphorus (TP), and zinc (Zn).

A number of different constant

concentration models were constructed for each contaminant using both arithmetic and
geometric means; land-use averages, site mean concentrations, metropolitan area mean
concentrations, mean annual rainfall averages and nationwide averages. These constant
concentration models were then compared to multivariate regression models constructed
on logarithmically transformed data.
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Due to the fact that ANN models typically require large datasets in order to construct
accurate models, ANN analyses were only undertaken on water quality constituents
with large numbers of sampled storms. They were chemical oxygen demand (COD),
lead (Pb), suspended solids (SS), total Kjeldhal nitrogen (TKN) and total phosphorus
(TP). Once again, explanatory variables found significant in the regression analyses
were used as inputs in the ANN models.

Additional network parameters were

optimised by trial and error. The final optimised ANN models were then compared to
the regression models using a series of simple cross-validation analyses. In addition, a
more rigorous method was also used to determine the true predictive capacity of the
final optimised ANN models. Data was separated into training, test and validation sets,
with the validation sets deemed to reflect the true predictive capacity of the ANN
models. A series of sensitivity analyses were also undertaken on the final ANN models,
the results of which compared to the regression coefficients of the regression models to
determine the relative significance of each explanatory variable.
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7 Results and discussion
7.1 Data preprocessing
There were two main sources of data that contributed to the NURP study; USGS and
USEPA. The USGS data had already been converted into EMCs, while the USEPA
dataset contained both composite and discrete, intra storm samples. These samples
from the USEPA dataset required conversion into EMCs. The large amount of time
required to calculate EMCs from the USEPA data source meant that only one parameter
was fully analysed. Total phosphorus was chosen, since it had the largest number of
EMCs in the USGS dataset.
A total of 384 storms present in the USEPA dataset were analysed to produce TP
EMCs. These EMCs were then used to supplement the 856 TP EMCs from the USGS
dataset, producing a NURP dataset that contained a total of 1240 TP EMCs. This
dataset was then analysed to identify atypical storms and catchments lying outside the
modelling domain. After identifying the atypical storms and catchments in the TP
dataset, EMCs associated with the remainder of constituents were then viewed to
supplement the TP analysis. These statistics are presented in Appendix A.
Additional variables from a variety of other sources were also entered into the dataset
during data preprocessing. They were mostly broad scale climatic variables that were
relatively homogeneous within a given metropolitan area. Unfortunately, many of the
values were not exact, as they were generally interpolated from maps. However, they
were assumed to be sufficiently accurate for subsequent analyses. The final stage of
data preprocessing involved the infilling of missing values. This was achieved using
theoretical relationships and simplistic statistical models.

7.1.1

Removal of atypical storms and catchments

The identification and removal of atypical storms and catchments was an important part
of data preprocessing. It enabled the removal of catchments and storms that were
outside the scope of urban stormwater quality modelling.

In general, theoretical

justification was used to identify atypical storms and catchments. However, simplistic
statistical analyses were also used to supplement the initial hypotheses.
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The EMC data associated with the most prevalent water quality variable (total
phosphorus) was initially viewed to determine whether each atypical characteristic
significantly influenced water quality. If so, EMC data associated with the remainder of
water quality variables were viewed. The information associated with these statistical
analyses is presented in Appendix A.
The application of rigorous statistical methodologies for removing outliers from
environmental datasets was difficult. This may be partially due to the wide range of
phenonema that influence environmental variables. However, most of the variables
analysed in the current thesis were environmental variables. These variables were
generally logarithmically transformed in subsequent analyses.

This meant that

excessively large, outlying values would potentially have minimal influence upon the
final results.

7.1.1.1 Rainfall events

Storms with very low rainfalls were deemed less likely to produce runoff than typical
storm events, particularly in catchments with large portions of pervious surfaces. It was
assumed that the small portion of runoff produced would only contribute a very small
portion of annual pollutant load. In Driver and Tasker’s (1990) analysis of urban
stormwater quality from the United States, it was assumed that events with less than
1.27mm of rainfall did not meet the criteria for a storm event. In the current study, a
total of 24 events producing less than 1.27mm of rainfall were removed from the dataset
to comply with Driver and Tasker’s (1990) assumption. The statistics associated with
these events are presented in Appendix A.

7.1.1.2 Runoff events

Storms producing no runoff were removed from the dataset. In the USGS dataset, there
were 7 storm events that did not produce runoff. These events however, had associated
loads. The loads were likely to be entirely due to the presence of baseflow. Therefore,
the events were removed from the dataset. The statistics associated with these events
are presented in Appendix A.
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7.1.1.3 Base flows

Catchments with large portions of base flow contributing to the total stream flow were
analysed to determine whether or not they were outliers.

In essence, processes

influencing baseflow were considered to be significantly different from the processes
affecting runoff flow. In theory, base flow is governed by subsurface water movement
rather than above surface flow. This was anticipated to lead to significantly different
water quality in catchments producing large portions of baseflow.
In general, it was found that large non-urban basins tended to have large portions of
baseflow. This generally led to lower average concentrations of total phosphorus. It
was suggested that this may have been due to the soil filtering associated with baseflow
production. Alternatively, it may have been due to the limited pollutant sources within
the generally large, non-urban catchments.
A more important variable influencing water quality from catchments with large base
flows was the ratio between baseflow and peak flowrate (Qratio). Table 7.1 presents the
catchments with large ratios of baseflow to peak flow, along with the associated median
total phosphorus EMC (TPmedian) at the catchments. In general, it was observed that
catchments with ratios in excess of 0.35 had significantly lower TP concentrations than
the remainder of the data. Hence, these catchments were subsequently removed from
the dataset. Statistics associated with the remainder of water quality variables are
presented in Appendix A.

Table 7.1: Catchments with the ratio of baseflow to peak flow greater than 0.35
STATNO

Qratio

DA (ha)

TPmedian (mg/L)

No. of events

6413700

0.67

8493

0.08

4

4232046

0.39

7382

0.16

16

10169500

0.58

4533

1.18

4

10168000

0.4

3626

0.19

6

7.1.1.4 Detention storage

Catchments with large detention storages potentially have lower constituent
concentrations, since the storages promote the sedimentation of particles suspended in
runoff. The effectiveness of the detention storage depends upon a number of factors,
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including the relative size of the storage with respect to the catchment size, and the
position of the detention storage within the catchment.
Detention storage facilities located in the upper regions of the catchment would only
treat a small portion of the total runoff flowing from the catchment, while detention
storages located at the pour point could potentially treat all the runoff. For this reason,
catchments where detention storages were located at the pour point were removed from
the dataset. This led to the removal of 50 storm events from four catchments shown in
Table 7.2.

Table 7.2: Catchments with detention storages located at the pour point
Type of catchment
Storm drain

Catchment
6711637

Submerged outlet

415311088032906

Surface outlet

415311088032907

Detention basin outlet

473544122083001

A number of catchments had detention storage facilities located upstream of the pour
point. However, the size of these facilities varied, as did their location within the
drainage network. For simplicity, it was decided to only view the ratio between the
volume of the detention facility and the total drainage area.
In general, it was found that the catchments with very large ratios between detention
storage and drainage area (DEST/DA) tended to produce very small site mean TP
concentrations. Site 5 and Site 3 had DEST/DA ratios more than twice the size of the
next highest ratio (18mm). They also had low site mean concentrations associated with
total phosphorus, as shown in Table 7.3. However, the large portion of parkland (55%)
within Site 5 could have contributed to the lower total phosphorus concentrations. In
addition, the high portion of idle or vacant land (35%) may also have contributed to the
low total phosphorus concentrations associated with Site 3. However, despite these
observations, it was decided to remove catchments with DEST/DA ratios greater than
an arbitrarily defined value of 20mm.
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Table 7.3: Site mean concentrations of TP associated with catchments with detention
storage to drainage area ratios greater than 20mm
SMC (TP)

DEST/DA

(mg/L)

(mm)

Site 5

0.06

57

Site 3

0.17

44

Catchment

7.1.1.5 Industrial landuse

Catchments with large portions of industrial landuse may be considered as outliers,
depending upon a number of factors.

One important consideration is the type of

industry, which generally governs the type and quantity of the pollutant emissions.
Another is the relative size of the industry with respect to the remainder of the
catchment, as this will determine the relative significance of such emissions.
A total of two catchments had industrial areas that exceeded 50% of the entire drainage
area of the catchment. Site 364155119445000 had a large portion of industrial landuse
(65.8%) and also had a very large site mean concentration of TP (6.23 mg/L), which
was well above the NURP average (0.56 mg/L). Site 2 was a completely industrialised
catchment.

However, it did not produce a large site mean concentration of TP

(0.5mg/L). This may have been due to the very limited storm sample size associated
with the catchment (n=2). Alternatively, it may have been due to the type of industry at
the catchment (Oldsmobile Assembly Plant).
Despite the obvious discrepancy between the two catchments, it was decided to remove
all catchments with portions of industrial landuse greater than 50%. The statistics
associated with the remainder of water quality parameters are presented in Appendix A.

7.1.1.6 Agricultural landuse

Catchments with large portions of agricultural landuse were anticipated to have
increased concentrations of nutrients and solids, as a result of the intense agricultural
practices within the catchments. The extent of pollution contributed by agricultural land
depends upon the type of agriculture and the intensity of the practices that produce
water quality impairment. However, these factors were not available in the NURP
dataset.
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Total phosphorus data was viewed from catchments with portions of agricultural
landuse greater than 50%. This information is presented in Table 7.4. A total of three
out of the four analysed catchments had relatively large site mean concentrations of TP.
The catchment that did not have a large average TP concentration was a relatively large
catchment (11500ha), which may have had large portions of rural or non-urban landuse
that was incorrectly classified as agricultural land. Despite this finding, it was decided
to remove all catchments with portions of agricultural landuse greater than 50%.
Statistics associated with the other water quality constituents is presented in Appendix
A.

Table 7.4: Catchments with agricultural landuse portions greater than 50%
STATNO

LUAGR (%)

DA (ha)

TPave (mg/L)

51.7

39

3.03

04232040

57

11500

0.32

06893566

62

63974

2.11

06893520

71

54132

2.31

445032092552801

7.1.1.7 Population density

Areas with excessively large population densities are likely to be atypical city
catchments. Catchments with excessively large population densities potentially have
significantly more anthropogenic sources, particularly sewage. The deterioration of the
sewage networks over time, combined with the increased demand on such facilities due
to an increasing population, could lead to regular sewage overflows, particularly during
the larger storm events. For this reason, catchments with excessively large population
density were viewed to determine whether they were outliers with respect to typical
urban catchments.
Two catchments had excessively large population densities. Site 01589470 had by far
the largest population density (183 people/ha) and a large site mean concentration of TP
(2.61mg/L). Site 01589460 had the second highest population density (138people/ha)
but a much lower site mean concentration of TP (0.53mg/L).

The remainder of

catchments had population densities less than 80 people/ha (average=18 people/ha). It
was concluded all catchments with population densities in excess of 80 people/ha
should be removed from the dataset. The statistics associated with the remainder of
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water quality parameters are presented in Appendix A. Importantly, concentrations of
TKN, TN and NOx were very high at the two catchments with large population
densities, further supporting the hypothesis that sewerage overflows are potentially
more predominant within catchments with high population densities.

7.1.1.8 Drainage area

The drainage area of a catchment was also deemed to have an influence upon urban
stormwater quality, particularly at the extremities of the domain. Catchments with
extremely small drainage areas were considered to be non-representative of typical
urban catchments. In essence, the interflow between various surfaces and drainage
pathways within typical urban catchments are not present in very small, homogeneous
surfaces within urban areas. For example, the “rainfall runoff simulation plots” present
in the NURP dataset had extremely small drainage areas (0.0104ha).

Such plots

produced very low concentrations of total phosphorus, leading to their subsequent
removal from the dataset. It is highly likely that many of the important sources such as
sewerage, soil derived nutrients and fertilizers are not present in these small areas,
contributing to the low observed concentrations of total phosphorus. The statistics
associated with these catchments are presented in Appendix A.
Catchments with extremely large drainage areas were also analysed. In general, many
of these catchments had large portions of non-urban landuse and could be thereby
deemed to be nonrepresentative of typical urban catchments. The large portions of nonurban landuse could potentially increase or decrease nutrient concentrations depending
upon the specific landuse that was prevalent within the catchment (particularly adjacent
to the drainage network).
If intense farming practices were located adjacent to the watercourse, increased
concentrations of nutrients or solids may be anticipated. However, if the land adjacent
to the watercourse was forested or naturally vegetated, the concentrations of these
contaminants would be expected to be less. In addition, catchments with large drainage
areas have the potential to treat pollutants via a variety of instream processes, further
decreasing constituents concentrations.
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Two of the nine catchments with drainage areas greater than 3000ha had low site mean
concentrations of total phosphorus (0.07mg/L and 0.18mg/L). Another two of the nine
catchments were previously identified as having excessively large portions of
agricultural landuse that resulted in large site mean concentrations of total phosphorus
(2.31mg/L and 2.11mg/L). Considering more than half of the catchments with drainage
areas greater than 3000ha had atypical site mean concentrations of total phosphorus, it
was decided to remove all catchments falling into this category.

The statistics

associated with these catchments are presented in Appendix A.

7.1.1.9 Location

Two of the metropolitan areas in the NURP dataset were deemed to be nonrepresentative of the majority of metropolitan areas analysed in the study. They were
not located in the same geographic location as the majority of the catchments in the
United States of America. Alaska is located north west of Canada in the colder upper
regions of the North American continent. The cold climate associated with Alaska’s
location is likely to result in increased snowfall compared to other cities in the dataset.
Hawaii is located in the central region of the Pacific Ocean, far from the North
American continent.

The tropical climate and different geological formations

associated with the island are likely to make Hawii a singularity when compared to the
typical metropolitan areas in the NURP dataset.
In addition, Hawaii and Alaska had a number of missing climatic and soil type data,
which would be difficult to interpolate using the available maps. For these reasons, data
associated with catchments located in Hawaii and Alaska was removed from the dataset.

7.1.1.10 Summary

A summary of the criteria used to remove atypical storms and catchments is presented
below. Atypical storm event variables were initially identified using the following
criteria:


total rainfall < 1.27 mm;



total runoff = 0mm;
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large base flows (where the ratio between base flow and peak flow was greater
than 0.35).

Atypical catchment variables were then identified using the following criteria:


detention storage facilities located at the pour point;



ratio between the detention storage volume and the total drainage area was
greater than 20mm;



percentage of industrial landuse > 50%;



percentage of agricultural landuse > 50%;



population density > 80 people/ha;



rainfall runoff simulation plots (with drainage areas = 0.0104 ha);



total drainage area > 3000 ha;



geographically remote catchments (i.e. Hawaii and Alaska).

7.1.2

Characteristics of catchments used in subsequent analyses

Following the removal of atypical catchments, the average characteristics of the
remaining catchments used in subsequent analyses were defined and presented in Table
7.5. These characteristics defined the domain on which the models were constructed
upon, hence the domain on which they may applied upon in future.

Table 7.5: The characteristics of the catchments used in subsequent analyses
Catchment
characteristic

7.1.3

Minimum

Maximum

Average

Median

LUAGR (%)

0

17

0

0

LUI (%)

0

32

2

0

PD (people/ha)

0

79

17

13

DA (ha)

1

2131

103

31

DEST/DA (mm)

0

17.6

0.5

0

Additional variables from sources other than NURP

There were a number of variables derived from sources other the NURP study that were
combined with the NURP data and used in subsequent analyses. The type of data and
its source are presented in Table 6.4.
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7.1.4

Infilling missing broad scale climatic and geographic variables

There are a number of different broad scale climatic and geographic variables that were
used in the current study. A few of the broad scale climatic variables available within
the NURP dataset did not have information available at all catchments.

Such

catchments required a method for approximating the missing values associated with the
following climatic variables:


mean minimum January temperature (MJT);



maximum 24 hour storm that had a 2 year recurrence interval (2YDR).

The rationale and results associated with the infilling of missing broad scale geographic
and climatic variables have been summarized in Appendix B. The number of infilled
values associated with each broad scale climatic variable is presented in Table 7.6.

Table 7.6: The number of infilled missing values associated with broad scale climatic
variables
No. of
observations
Variable

Units

infilled

MJT

oF

305

2YDR

mm

314

An additional broad scale climatic variable was also available for analysis. Maximum
rainfall intensity with a recurrence interval of 10 years (10YHI) was measured in both
the USGS and USEPA studies. However the values from the two studies were an order
of magnitude different from one another. For this reason, 10YHI was excluded from
the dataset.

7.1.5

Infilling missing catchment variables

There was a wide range of catchment variables within the NURP dataset that had
missing values.

The infilling of these missing values was generally achieved by

constructing regression equations, using one or more other catchment variables. The
following variables were found to have missing values:


impervious area (IA);



effective impervious area (EFFIA);



the percentage of drainage area with storm sewer system (DASSS);
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curb and gutter drainage (SCGD);



ditch and swale drainage (SDSD);



street density (SD);



population density (PD);



average basin slope (ABS);



main conveyance slope (MCS).

The statistical models used to infill the missing catchment variables and their associated
accuracies have been summarized in Appendix C. Furthermore, the total number of
missing catchment variables infilled is presented in Table 7.7.

Table 7.7: The number of infilled missing values associated with catchment variables
No. of
observations

7.1.6

Variable

Units

infilled

IA

% of drainage area

7

EFFIA

% of drainage area

182

ABS

%

337

MCS

%

328

PD

people/ha

354

SD

km of lanes per ha

610

DASSS

%

342

SCGD

%

368

SDSD

%

423

Infilling missing storm variables

There is generally large correlations between the storm variables, allowing the accurate
infilling of missing values.

Explanatory variables for data infilling models were

typically selected using a combination of process knowledge and statistical trends. In
many situations, the multitude of missing values meant that more than one technique
was typically used to infill the missing values. In general, as many missing variables as
possible were infilled using the most accurate technique available. The remainder of
values were infilled using less accurate techniques. The rationale and results associated
with the infilling of missing storm variables have been summarized in Appendix D.
Furthermore, the total number of missing storm variables infilled is presented in Table
7.8.
250

Table 7.8: The number of infilled missing values associated with storm variables
No. of
observations
Variable

Units

infilled

M5RR

mm/hr

504

M15RR

mm/hr

498

M60RR

mm/hr

503

ADD

days

316

P1RN

mm

471

P3RN

mm

530

P7RN

mm

525

TRFD

mm

211

QMAX

m3/s

455

QBASE

m3/s

788

DRF

min

375

DRN

min

519

TRPD

min

702

TSSC

days

918

ROI

mm/hr

442

RAI

mm/hr

519

7.2 Single catchment analyses using original total phosphorus data
Analyses of water quality data at single catchments were used to provide an overall
indication of the limitations associated with using models for predicting water quality at
single catchments.

There were two main objectives associated with the single

catchment analysis of the NURP water quality data. They were:


to determine the most appropriate measure of central tendency defining site
mean concentration (SMC) for predicting long term yields.



to determine the optimum number of monitored storms used to accurately derive
a geometric mean estimate of SMC.

7.2.1

Prediction of long term yield using measures of central tendency defining
site mean concentration

Long term total phosphorus (TP) yields from urban stormwater runoff at 17 urban
catchments were predicted using five measures of central tendency defining site mean
concentration (SMC); arithmetic mean, geometric mean, median, harmonic mean and
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flow-weighted mean. These predicted yields were then compared with observed yields
to determine which measure of central tendency most accurately predicted long term
yields. The average long term yield errors were first calculated at each individual
catchment. These errors were then averaged to provide an overall error, as presented in
Table 7.9.

Table 7.9: The long term yield errors associated with each measure of central
tendency, expressed as an average absolute percentage error (AAPE)
Measure of

Leave-one-

Cross validation

central tendency

out analyses

analyses

Arithmetic mean

28

27

Geometric mean

16

15

Median

24

22

Harmonic mean

25

25

Flow-weighted mean

4

7

The most accurate predictions of long term yields were derived using the flow-weighted
mean estimates of SMC. The geometric mean produced the second most accurate
predictions of long term yields. The next most accurate predictions were associated
with the median estimate, closely followed by the harmonic mean and then the
arithmetic mean.
Overall, the prediction of long term yields was not significantly influenced by the
number of storm events used to derive the various measures of central tendency. The
most obvious differences were associated with the flow-weighted mean estimates. As
anticipated, it was found that more accurate predictions of long term yields were
generated when more storm events were used to derive the flow-weighted mean. When
fewer storms were used to construct the flow-weighted mean, potentially outlying
EMCs were assumed to bias the estimate of central tendency, leading to more inaccurate
predictions of long term yields. In contrast, this phenomenon was not observed for the
remaining measures of central tendency. In fact, more accurate predictions of long term
yield were observed when fewer storms were used to generate geometric means,
medians and arithmetic means. However, it must be noted that the catchments used in
the analysis were well sampled, containing in excess of 11 sampled storms. If the
analyses had been undertaken upon catchments with fewer sampled storm events, it
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would be assumed that more inaccurate estimates of long term yields would be observed
for all measures of central tendency.
The accuracy of long term yield predictions at individual catchments were strongly
influenced by the correlation between total event runoff depths and total phosphorus
EMCs. At the majority of catchments, a negative correlation existed between total
event runoff depth and EMC.

As a result, measures of central tendency which

accurately predicted the lower EMCs tended to generate more accurate estimates of the
larger yields, which dominated the estimates of long term yields. Therefore, accurate
predictions of long term yield at the majority of catchments were produced by measures
of central tendency which accurately predict the lower EMCs.
Overall, the harmonic mean, median and geometric means typically placed more
emphasis upon the prediction of the low values of EMCs. As a result, they all tend to
predict long term yield relatively accurately at the majority of catchments.

The

arithmetic mean, on the other hand, tended to place greater emphasis on the large values
of EMCs, leading to inaccurate predictions of long term yield at the majority of
catchments. The flow-weighted mean did not systematically place more weight upon
the low or large EMCs, irrespective of the correlation between total runoff depth and
EMC. Instead, it placed more weight upon the EMCs connected to the large runoff
depths. This allowed the flow-weighted mean to produce accurate predictions of long
term yield, regardless of the correlation between total event runoff depth and EMC.
A positive correlation between total event runoff depth and EMC was observed at two
of the catchments analysed in this study (04086943 and 445210093271701). The long
term yields at these catchments were significantly under estimated by the harmonic
mean, median and geometric mean. In addition, the long term yields were also under
estimated at these catchments by the arithmetic mean, however, by a lesser degree than
the aforementioned measures of central tendency. The flow-weighted mean, on the
other hand, produced comparatively more accurate estimates of long term yield at the
two catchments.
Negative correlations between total event runoff depth and EMC were observed at the
remaining 15 catchments analysed in this study. As anticipated, long term yields were
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over estimated by the arithmetic mean at all these catchments. The extent of over
estimation was greatest at the catchment (445937093230701) exhibiting the largest
negative correlation between total event runoff depth and EMC. In contrast, the extent
of over estimation was lowest at two catchments (450541093201201 and 12119725)
exhibiting the lowest negative correlation between total event runoff depth and EMC.
Long term yields were under estimated by the harmonic mean at all but one catchment.
This catchment (445937093230701) had the largest negative correlation between total
event runoff depth and EMC. It was observed that the harmonic mean predicted the
long term yield at this catchment more accurately than even the flow-weighted mean.
However, the harmonic mean tended to produce the largest under estimations of long
term yield at the remainder of catchments. This was assumed to limit the practicality of
using the harmonic mean to predict long term yields, especially when conservative
estimates are needed.
The use of median estimates to generate long term yields resulted in the under
estimation of long term yields at most catchments.

Over estimations were only

observed at catchments with large negative correlations between total event runoff
depth and EMC. Similarly, the geometric mean also over estimated long term yields at
the catchments displaying the largest negative correlations between total event runoff
depth and EMC. However, the total number of over estimations of long term yield was
nearly equal to the total number of under estimations for this measure of central
tendency.
The method used to calibrate and validate the flow-weighted mean influenced the
results. In general, long term yields were under estimated at catchments with large
negative correlations between total event runoff depth and EMC when cross validation
was used calibrate and validate the flow-weighted mean. However, long term yields
were over estimated at these catchments when leave-one-out analyses were applied.
Despite these disparities, certain trends were observed. Foremost, it was found that at
the majority of catchments, the flow-weighted mean produced over estimations of long
term yields. As a result, it was concluded that the flow-weighted mean typically
generated conservative estimates of long term yield.
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In summary, it was observed that the average long term yield errors presented in Table
7.9 were potentially biased by three atypical catchments. One of the catchments had the
largest negative correlation between total event runoff depth and EMC, and the other
two had large positive correlations between total event runoff depth and EMC.
Therefore, another method of comparison was deemed required in order to determine
the ability of the various measures of central tendency at predicting long term yield at
typical urban catchments. The new method directly compared the various measures of
central tendency to the most accurate measure, in this case, the flow-weighted mean.
The total number of catchments where the long term yield error associated with the
flow-weighted mean was greater than the long term yield error associated with the given
measure of central tendency was calculated.

This value was then expressed as a

percentage, and presented in Table 7.10.

Table 7.10: The percentage of catchments where the long term yield error associated
with the flow-weighted mean is greater than the long term yield error associated with
the given measure of central tendency
Measure of

Leave-one-

Cross validation

central tendency

out analyses

analyses

Arithmetic mean

6

12

Geometric mean

24

41

Median

6

12

Harmonic mean

6

18

At the majority of catchments, the most accurate predictions of long term yield were
generated using the flow-weighted mean. However, the flow-weighted mean was less
accurate when fewer storms were used for calibration. In fact, the geometric mean
generated more accurate estimates of long term yield than the flow-weighted mean at
more than 40% of the catchments when cross-validation was used to calibrate and
validate the measures of central tendency.

Therefore, it was concluded that the

geometric mean generates relatively accurate estimates of long term total phosphorus
yield at typical urban catchments with few sampled storms. However, it is uncertain
whether or not this trend may be further extrapolated to suggest that the geometric mean
is more appropriate than the flow-weighted when even fewer storms are available.
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The results from this analysis may be extrapolated to other water quality constituents.
In general, as observed by Athayde et al. (1983), most water quality constituents exhibit
more negative correlations between total event runoff depth and EMC. This infers that
the measures of central tendency which accurately predict the lower EMCs (geometric
mean, median, harmonic mean and flow-weighted mean) would predict long term yields
of most constituents relatively accurately at most catchments.

However, some

constituents such as total suspended solids and dissolved phosphorus exhibit large
positive correlations between total event runoff depth and EMC at many catchments.
Therefore, flow-weighted mean is generally deemed the most appropriate measure of
central tendency for forecasting long term yields, irrespective of the analysed
constituent.

7.2.2

Effect of sample size on the calculation of a site mean concentration

The effect of sample size on the calculation of a geometric mean estimate of site mean
concentration (SMC) was determined by analysing total phosphorus EMC data from 17
catchments, with 12 or more sampled storm events. The results from this analysis are
shown in Figures 7.1 to 7.2. A general trend is evident in the graphs. The observed
errors rapidly decrease as the calibration set size increases from 1 to 2. The errors then
continue to decrease until the gradient of the curves approach an asymptote between
calibration set sizes of 5 and 7. Further increases in calibration set size does not result
in significant changes in the gradient of the curves.
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Figure 7.1: The standard error of estimate (SEE) of EMCs versus calibration set size
for 17 individual catchments
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Figure 7.2: The average absolute yield error (AAEy) versus calibration set size for 17
individual catchments

It can be seen from the graphs that the identification of the optimum number of storms
required to generate an estimate of SMC is somewhat subjective. The graphs differed
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slightly depending upon the analysed catchment and error measure.

It is also

anticipated that the analysis of additional water quality constituents and catchments
would affect the results. Alternatively, defining the SMC using other measures of
central tendency may also influence the results. Furthermore, it should also be noted
that the verification procedure was not ideal. This was due to the fact that the storms
used to construct the verification errors were not independent of those used during
calibration. As a result, the verification errors were lower than if independent storms
were used for verification. This phenomenon was likely to be more pronounced for the
larger calibration set sizes.
In spite of the limitations of the study, it was concluded that 5 to 7 storm events would
provide a relatively accurate estimate of SMC. This conclusion was similar to a study
by Athayde et al. (1983), which suggested that a minimum of 5 storms were sufficient
to calculate a SMC. The conclusion from the current study was also similar to the
conclusions from a study by Leecaster et al. (2002), which found that 10% “trend” in
concentration or mass emissions could be defined using 7 storm events. However, the
authors noted that this value would only increase by a further 10% if 3 storms were
sampled. Smoley (1993) cited in Pandit and Gopalakrishnan (1997) also suggested that
an approximation of SMC could be calculated using a minimum of 3 “representative”
storms, which had the following characteristics:
1. The depth of the storm must be in excess of 2.5mm.
2. The dry period preceding the storm event must be in excess of 72 hours.
3. The depth and duration of the storm must not be 50% larger than the “average”
storm at the catchment.
These specifications were used to decrease the bias caused by potentially outlying
events. However, they consequently limited the total number of storms which may be
used to generate a SMC. To highlight the limitation with this method, the percentage of
representative storms sampled at the 17 catchments analysed in current study was
determined. Overall, only 40% of storms were deemed representative. This suggested
that about the same number of storms must be monitored in order to apply the method
proposed by Smoley (1993).

To complicate matters further, it may be virtually

impossible to determine the depth and duration of the “average” storm at catchments
with very few monitored storms, particularly when no long term rainfall data is
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available. This is due to the fact that the concept of average may vary significantly
from year to year.
It is generally necessary to calculate how many storms occur within a specified period
of time when calculating the costs of sampling programs, in order to determine the
equipment rental hire costs. Table 7.11 shows the average number of storms occurring
in year or season at the metropolitan areas analysed in this study. However, it should be
noted that it is not generally possible to monitor all of these storms, for a variety of
reasons. As a result, information from the NURP study was used to determine the
“equivalent” annual number of sampled storms (Neq) at each of the 17 analysed
catchments, using the following equation:
N eq 

365  N T
T

(7.1)

Where, NT = the total number of sampled storms,
T = the time period over which the storm events were sampled (d).

Table 7.11: The mean number of storms occurring during a season or year at the
metropolitan areas analysed in the current study (Driver and Tasker 1990)
Mean number of storms
Metropolitan area

per season or year

Bellevue, Washington

98

Miami, Florida

100

Milwaukee, Wisconsin

42*

Salt Lake City, Utah

23*

St. Paul, Minnesota

43*

*seasonal (April-September) number of storms.

The equivalent annual number of sampled storms at each catchment is shown in Table
7.12. A total of 4 out the 17 analysed catchments had less than 12 storms sampled
annually. However, these catchments had extended periods of time in which no storms
were monitored. It was assumed that storm events occurred during these time periods,
but were not sampled for a variety of reasons. Therefore, it was concluded that a
minimum of 12 storm events may be monitored during a period of a year at most
catchments.
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Table 7.12: The total and mean number of storms sampled during a year at the
catchments analysed in the current study
No. of sampled

Equivalent no. of sampled

Catchment

storms

storms per year

10167220

15

22

12119725

31

14

12120005

24

11

261002080070100

28

14

261615080055900

28

19

261629080072400

42

19

445210093271701

17

37

445937093230701

13

32

450011093221901

21

46

450100093205501

21

14

450541093201201

25

68

4086941

12

10

4086943

14

6

4086945

13

56

4087057

14

8

4087115

13

11

4087133

14

61

Equipment hire is a major cost associated with a stormwater sampling programs. An
estimate of the annual rental hire costs associated with essential stormwater quality
sampling equipment is presented in Table 7.13. Another major cost is associated with
laboratory analysis of stormwater samples. For the purpose of this discussion, it was
assumed that total of 12 samples were sufficient to define a storm event, in accordance
with the results from a study by Leecaster et al. (2002). The typical laboratory analysis
costs of 12 samples are presented in Table 7.14.
Table 7.13: Annual Ecotech Rental hire costs (2003)
Equipment

Cost ($)

Weatherstation

4200

900MAX Sigma water sampler

8712

Total

12912
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Table 7.14: National Measurement Institute’s quote for analysis of 12 samples (2003)
Price per sample
EXCL GST ($)
Test

12 samples

Total Suspended Solids

15

Total Dissolved Solids

15

Turbidity

12

Total Nitrogen (TN)

31

Ammonia-N

20

Chemical Oxygen Demand (COD)

28

Total Kjeldahl Nitrogen (TKN)

31

Total Phosphorus (TP)

31

Filterable Phosphorus (FP)

31

Non Filterable Phosphorus (NFP) calculation

6

Faecal coliforms

82

Metal Sample Preparation

25

Lead

6

Copper

6

Zinc

6

Cadmium

6

NMI has a minimum invoice rate of $275 including handling fee & GST

Total laboratory analyses costs differ according to the total number of water quality
constituents analysed. If all water quality constituents from Table 7.14 were analysed,
the total laboratory costs for an individual storm event would be approximately $4487.
Using this figure, total costs were calculated for sampling programs measuring up to 12
storm events. These values are presented in Table 7.15. Overall, it was deduced that a
sampling program monitoring only 6 storms would be roughly 40% cheaper than one
monitoring 12 storms.

However, this figure may increase in situations whereby

sampling equipment can be hired over shorter time periods.
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Table 7.15: Sampling program costs
No. of

7.2.3

storm events

Cost ($)

3

26373

4

30860

5

35347

6

39834

7

44321

8

48808

9

53295

10

57782

11

62269

12

66756

Comparison between constant concentration and buildup-washoff models

Various site mean concentration (SMC) models were compared to buildup-washoff
models in a study by Pryce (2003). The SMC models analysed were:


geometric mean;



arithmetic mean;



median.

The buildup-washoff model used in the comparative analysis was the one commonly
used in the SWMM software package. It was based upon exponential buildup and
washoff functions.
It was found in the previous analysis that between 5 and 7 storm events were sufficient
to adequately define the SMC using a geometric mean. It was assumed that additional
storm events may be required to effectively calibrate the buildup-washoff model. This
was due to the presence of additional calibration parameters. However, due to the lack
of available data, analyses were undertaken at catchments with 12 or more sampled
storm events. This meant that a minimum of 6 storm events were used in the calibration
of the models when using the holdout method (with 50% of the data for calibration and
50% of the data for verification).
The results from the analysis inferred that buildup-washoff models did not produce
more acurate predictions of stormwater quality when compared to the SMC models.
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This was assumed to be due to the fact that the buildup-washoff model was overfitted
on the smaller sample sizes. In addition, the buildup-washoff model did not incorporate
potentially significant processes into the model. For example, erosion was assumed to
have greater influence in catchments with larger portions of pervious surfaces.

7.3 Between catchment analyses using original NURP data
7.3.1

Variation in the data

Total phosphorus data from the NURP dataset was initially analysed prior to data
infilling and the addition of explanatory variables from alternative sources. The choice
of the dependent variable to be modelled is an important part of the modelling process.
In many previous analyses, total event load has been directly predicted using a single
model. The limitation with this method is that the known relationship between runoff
volume and load is modelled. In contrast, modelling the unknown variability associated
with EMC is perceived to be a more applicable approach.

Once EMC has been

predicted, it may be multiplied by total event runoff depth and drainage area to derive
an estimate of total event load.
The variables influencing variability in the total event load were viewed to determine
their relative significance. The coefficients of variation (CV) and geometric coefficients
of variation (GCV) associated with total event runoff depth (TRFD), drainage area
(DA), event mean concentration (EMC) and total event load (TEL) were calculated and
presented in Table 7.16.

Table 7.16: Statisical summary of the variables influencing total event load (N=754)
Variable

CV(%)

GCV(%)

TRFD (mm)

144

281

DA (ha)

224

270

EMC (mg/L)

103

165

TEL (kg)

576

621

This summary indicates that the majority of the variation associated with total event
load is explained by the variation in the drainage area of a catchment and/or the total
event runoff depth. The smallest portion of the variation is explained by the EMC.
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Compared to total runoff and EMC, drainage area is the least expensive variable to
obtain at a catchment. Furthermore, total runoff is generally less expensive to attain
than concentration. However, both runoff and concentration are impossible to directly
measure when conducting planning level analyses on catchments which are to undergo
future development.
The lack of available data often restricts the allowable complexity of models, suggesting
that a single model with minimal coefficients may be better than multiple models with
multiple coefficients. Total event runoff depth and drainage area may influence EMC
variability as well as runoff volume. For example, many process based models, such as
the buildup-washoff models, imply that runoff volume influences the rate of pollutant
removal from the catchment surface. Furthermore, drainage area may indicate the
extent of instream attenuation and/or other phenomenon.

This may justify their

inclusion into models predicting EMC or total event load.
However, process based models are often deemed more appropriate than statistical
models. In particular, many accurate process based models are available for forecasting
runoff volume.

This infers that modelling total event load may not be the best

approach. Furthemore, the construction of a model predicting EMC may better allow
the identification of important processes influencing pollutant generation and transport
in urban catchments.
The average variation of EMCs at single sites, and the variation of site mean
concentrations between sites were also viewed. The results from this analysis are
presented in Table 7.17.

Table 7.17: The average coefficient of variation at single sites and the coefficient of
variation between sites
Variation

CV (%)

GCV (%)

At site

64

165

Between site

60

90

When comparing the variability on nonlogarithmically transformed data, it can be seen
that the variability of EMCs at individual sites was comparable to the variability of
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SMCs between sites. However, when comparing the variability on logarithmically
transformed data, it can be seen that there is considerable more variation in EMCs at
single sites than SMC variability between sites.

This suggests that certain storm

variables may potentially define a greater portion of pollutant variability than catchment
and/or broad scale climatic variables. Therefore, to accurately predict EMC values at
unmonitored sites, the significant storm variables should be measured and incorporated
into the models.

7.3.2

Comparison between the USGS and USEPA data

The USGS and USEPA datasets were subjected to the same quality assurance
procedures. However, inherent sampling differences in between the two datasets could
still be present. Alternatively, differences in the calculation of EMCs may also result in
additional differences. The comparison of TP EMC data from the USGS and USEPA
subsets is presented in Table 7.18. It was found that the means associated with the
USEPA dataset were lower than those associated with the USGS dataset. However, the
difference between the geometric means was not as large as the difference between the
arithmetic means.

Table 7.18: Statistical comparison of TP EMCs in the USGS and USEPA datasets
Arithmetic mean
Statistic

Geometric mean

USEPA

USGS

USEPA

USGS

0.29

0.45

0.21

0.29

CV (%)

94

101

121

165

Count

305

651

305

651

Mean

Comparison of the coefficients of variation indicated that there was only a slight
difference in the variability of the EMCs in the USGS and USEPA datasets. However,
the difference in the variability of the EMCs was slightly larger when comparing the
geometric coefficients of variation.
Despite the observed differences between the USGS and USEPA datasets, they were
considered sufficiently compatible with one another to enable further statistical
analyses.

It was assumed that the differences between the characteristics of the
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analysed catchments would account for a significant portion of the observed differences
in EMCs between the two datasets.

7.3.3

Regression analyses

The validity of using event load or EMC to forecast urban stormwater quality at
unmonitored catchments was initially analysed. Multiple linear regression models were
first constructed on a 754 data point set. The results are presented in Table 7.19. It can
be seen that EMC models had errors more than 50% lower than the event load models.
Furthermore, the event load models focussed upon modelling the known variation in
runoff volume, as suggested by the early inclusion of drainage area and total event
rainfall depth into the event load regression model. This variability may be more
effectively modelled using alternative techniques. This meant that EMC was used as
the dependent variable in further analyses.

Table 7.19: Comparison between EMC and event load stepwise regression models
developed on a 754 data point set
Concentration
Variable

Load

AAPE

SEE

Variable

AAPE

SEE

added

(%)

(%)

added

(%)

(%)

MARN

89

107

DA

297

284

LUR

79

96

TRND

190

189

LUN

78

95

MARN

165

166

DA

77

94

LUN

150

159

TRND

77

93

LUC

140

153

LUI

76

92

LUI

134

152

LUR

132

151

Analyses were then undertaken upon a dataset containing EMCs from 965 storm events.
Table 7.20 presents errors associated with regression models constructed using 100%
and 90% of the available data for calibration. The errors associated with the models
constructed using 100% of the data for calibration are calibration errors, while the errors
from the analyses using 90% of the data for calibration are validation errors, derived
using a cross validation analysis.
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Table 7.20: The effect of input addition on model error for regression models
developed on the 965 data point set using total phosphorus EMC as the dependent
variable
Calibration set size
Variable

100%

90%

added

AAPE (%)

SEE (%)

AAPE (%)

SEE (%)

MARN

86.2

102.3

90.8

106.5

LUR

78.8

94.4

83.4

98.5

TRND

78.5

93.8

83.8

98.4

DA

77.9

93.4

83.9

98.7

LUN

77.5

92.5

83.9

98.2

The calibration errors associated with models constructed using all available data
always improved with the addition of a new variable into the regression model.
However, this was not the case for the cross validation analyses. It was found that only
percentage of residential landuse (LUR) and mean annual rainfall (MARN) led to
decreases in both the average absolute percentage error (AAPE) and standard error of
estimate (SEE). Therefore, it was concluded that only these variables were significant.
A smaller, potentially more homogeneous data domain was then analysed. It was
comprised of EMC data from catchments with mean annual rainfalls between 500mm
and 1000mm. A total of 374 storm events fell into this category of data. Independent
variables found significant in the previous analysis of the entire dataset (MARN and
LUR) were combined with a set of variables found significant in an analysis by Driver
and Tasker (1990); percent impervious area (IA), total storm rainfall depth (TRND),
total contributing drainage area (DA) and maximum 24-hour precipitation intensity that
has a 2-year recurrence interval (INT). The order of variable entry into the regression
model was determined using process knowledge.
The results from the regression analyses of the 374 datapoint subset are presented in
Table 7.21. Once again, calibration errors always improved with the addition of each
new variable into the regression model, whereas cross validation errors did not.
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Table 7.21: The effect of input addition on model error for regression models
developed on the regional subset (374) using total phosphorus EMC as the dependent
variable
Calibration set size
Variable
added

100%

90%

AAPE (%)

SEE (%)

AAPE (%)

SEE (%)

INT

71.4

84.4

72.8

86.2

LUR

61.6

76.8

63.7

79

MARN

60.3

76.2

62.5

78.4

IA

59.3

75.5

61.4

78.6

TRND

59.3

75.2

61.6

78.2

DA

59.3

75.2

63.3

80.2

It was found that drainage area led to increases in both the average absolute percentage
error (AAPE) and standard error of estimate (SEE). Therefore, drainage area was
excluded from the final model. It was also found that percent impervious area and total
storm rainfall depth increased the magnitude of one of the two analysed error measures
when they were entered into the regression model separately. However, both error
measures reduced if the two variables were entered together. Since total storm rainfall
depth was the only variable capable of defining storm variability, it was decided to
leave both variables in the final model.

7.3.4

ANN analyses

Following the construction of regression models, artificial neural network (ANN)
models were constructed to predict total phosphorus EMC. ANN models were initially
constructed using the entire dataset (n=965). The two input variables used in the model
were obtained from the previous regression model analysis. They were mean annual
rainfall and percentage of residential landuse.
The optimum number of hidden nodes was initially determined using a trial and error
approach. The optimum number of hidden nodes was found to be equal to 7, as shown
in Figure 7.3. This number of hidden nodes corresponded with the lowest scaled
RMSE, and displayed minimal error oscillation at the observed local minima.
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Figure 7.3: The effect of the number of hidden nodes upon the accuracy of ANN models
constructed using the entire dataset

The optimum learning rate was also determined using trial and error. From Figure 7.4,
it can be seen that the lowest scaled RMSE corresponded with a hidden layer learning
rate of 0.02. Furthermore, the error oscillation around this local minimum was deemd
to be minimal. Therefore, the optimum hidden layer learning rate was assumed to be
equal to 0.02. This value was used in subsequent analyses.
The optimum momentum value was also determined using a trial and error approach.
Figure 7.5 indicates that as the momentum increases, so does the RMSE. Therefore, a
low momentum value was used. The difference between the two smallest momentum
values was assumed to be insignificant.

The higher momentum was assumed to

produce network convergence at a faster rate than the lower momentum. Therefore, a
momentum value of 0.01 was assumed to be optimum.
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Figure 7.4: The effect of the learning rate upon the accuracy of ANN models
constructed using the entire dataset
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Figure 7.5: The effect of the momentum upon the accuracy of ANN models constructed
using the entire dataset

The second set of ANN models were constructed using the regional subset of data
(500<MARN<1000mm), which contained a total of 374 data points. The inputs used in
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the ANN model were identical to those found significant in the regression model
previously constructed on the regional subset.
Once again, the optimum number of hidden nodes was initially determined using a trial
and error approach. Results from this analysis are presented in Figure 7.6. The graph
shows that the optimum number of hidden layer nodes corresponded to 10. In addition,
it was observed that the error oscillation around this local minima was negligible. This
value was used in subsequent ANN models. Overall, it was also found that the standard
error of estimate changed by less than two percent when the number of hidden nodes
was varied between 5 and 15. This highlighted the fact that the accuracy ANN models
were not very sensitive to variations in the number of hidden layer nodes.

0.245
0.244

Scaled RMS error

0.243
0.242
0.241
0.24
0.239
0.238
0.237
0

5

10

15

20

25

Number of hidden nodes

Figure 7.6: The effect of the number of hidden nodes upon the accuracy of ANN models
constructed using the regional dataset

The optimum value for learning rate was also determined using trial and error. Figure
7.7 shows the effect of learning rate upon network error. Increasing the learning rates
typically increased the speed of the network convergence and the size of the error
oscillations near the local minimum. Hidden layer learning rates greater or equal to
0.08 produced excessively large error oscillations around the local minimum. The
standard error of estimate changed by less than 0.1% when the hidden layer learning
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rate was less than 0.06. A hidden layer learning rate equal to 0.04 was assumed to be
optimum, since it lead to faster model convergence than hidden layer learning rates of
0.01 and 0.02.
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Figure 7.7: The effect of the learning rate upon the accuracy of ANN models
constructed using the regional dataset

Momentum was also optimised using a trial and error approach. The results from this
analysis are presented in Figure 7.8. Varying the momentum also only changed the
standard error of estimate by about 0.1%. The lowest RMS error was observed when
momentum was equal to 0.9. However, the error oscillation was deemed much too
large for this value. The next lowest RMS error was associated with a momentum term
of 0.8. Once again, the error oscillation was deemed to be too large. The next lowest
RMS error was associated with a momentum of 0.2. The error oscillation associated
with this momemtum was deemed insignificant. Therefore, the momemtum term used
in the final ANN model was equal to 0.2.
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Figure 7.8: The effect of the momentum upon the accuracy of ANN models constructed
using the regional dataset

7.3.5

Comparison between regression and ANN models

The regression and ANN models constructed on the entire dataset were initially
compared. Table 7.22 presents the comparative results from these two types of models.
It can be seen that the ANN model produced slightly better results than the regression
model. However, the difference was assumed to be insignificant, especially when
factoring the ANN model’s error oscillation at the local minimum.

Table 7.22: Comparison between ANN and regression models constructed on the entire
dataset
Model

AAPE (%)

SEE (%)

count

ANN

83

98

965

Regression

83

99

965

A comparison was then made between the regression and ANN models constructed
using the regional subset of data. The results are presented in Table 7.23. It was found
that the ANN model was slightly more accurate than the regression model. Once again,
this difference was not deemed to be significant when factoring in the error oscillation
of the ANN model at the local minimum.
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Table 7.23: Validation results from ANN and regression models compared on the
regional subset (n=374)
Model

Calibration

AAPE

SEE

Input

Type

Domain

(%)

(%)

Variables

ANN

374

61

78

INT,LUR,MAR,IA,TRN

Regression

374

62

78

INT,LUR,MAR,IA,TRN

Regression

965

65

90

MAR,LUR

A comparison was also made between the regression model constructed on the entire
dataset, and the regression model constructed on the regional subset. It was found that
the regression model constructed on the regional subset was more accurate. This was
possibly due to the more complicated set of processes governing the fate of pollutants
within catchments located in the larger dataset. The ability of the regression model to
predict these interrelated processes was hindered by the lack of significant independent
variables. In contrast, the processes in the regional subset were assumed to be more
homogeneous and therefore more readily modelled using the additional explanatory
variables.
The majority of explanatory variables analysed in the study violated the assumption of
data independence. This reduced the ‘effective’ size of the dataset by almost an order of
magnitude, to a subset equivalent to the number of catchments rather than the number of
storms. This hindered the ability of both regression and ANN models to predict urban
stormwater quality at unmonitored catchments. In particular, without one or more
significant descriptors of storm to storm variability, inaccurate predictions would
eventuate. Unfortunately, total rainfall was unable to define this variability. Therefore,
further analyses upon datasets containing multiple storm variables were deemed
necessary.

7.4 Statistical analyses using the expanded NURP dataset
7.4.1

Data availability

The lack of available data is one of the main limitations associated with urban
stormwater quality modelling. Table 7.24 shows the amount of data that was available
for each water quality constituent. The number of storms, catchments and metropolitan
areas in the entire dataset was initially defined. The number of catchments containing
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more than four storm events was then calculated. This was in accordance with a
previous analysis which identified that a minimum of 5 storms were sufficient to derive
a geometric mean of EMCs at a single catchment.

In addition, the number of

metropolitan areas containing more than four well sampled catchments (with in excess
of four monitored storms) was also calculated. Overall, it can be seen that there are
very few metropolitan areas which have been adequately modeled. This could limit the
universality of the models constructed, particularly the mean metropolitan area
concentration models.

Table 7.24: Number of metropolitan areas, catchments and storms associated with
each water quality constituent within the NURP database
All data
Constituent

1

7.4.2

Metro

1

Storms >4, Sites>4

Sites

Storms

Metro1

Sites

Storms

TP

22

79

956

7

65

914

COD

14

52

534

4

42

506

SS

12

43

492

4

35

472

TN

11

35

387

2

24

363

NH3

8

33

247

2

18

204

TKN

14

53

559

3

38

517

NOx

9

27

278

1

16

255

DP

8

33

307

3

23

280

Cl

12

37

315

2

22

278

Cd

9

20

145

0

10

124

Cu

10

28

283

2

19

262

Pb

14

50

587

4

40

559

Zn

11

37

358

2

26

326

DS

11

33

291

2

23

268

Metropolitan areas

Models predicting EMC at unmonitored metropolitan areas

Various models predicting EMC at unmonitored metropolitan areas were constructed.
Landuse averages and regression models were initially derived for each water quality
constituent. The results from these analyses are presented in the following subsections.
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7.4.3

Ammonia

7.4.3.1 Landuse averages

The geometric mean estimates associated with a variety of landuse categories are
presented in Table 7.25 and Figure 7.9. The largest ammonia concentrations were
observed at highly industrial catchments. The geometric mean estimate associated with
highly industrial catchments was more 15 times greater than the geometric mean of the
entire dataset. It is possible that increased sources of ammonia are present at industrial
catchments. However, the limited sample size suggests that the result may not be
universal. Despite this fact, it was assumed that the prior removal of highly industrial
catchments from the dataset during the data preprocessing stage was justified.

Table 7.25: Ammonia concentrations associated with landuses
Log Transformed Data
Landuse

Geometric

St. Dev.

Mean

Mean

Count

ALL

0.55

-0.52

0.30

247

LUR

0.57

-0.59

0.26

132

LUIC*

0.35

-0.21

0.62

46

LUN

0.57

-0.97

0.11

27

LUM

0.40

-0.32

0.48

42

LUAGR

0.34

-0.91

0.12

4

LUI

0.32

0.68

4.82

13

*The category excluded catchments with percentages of industrial
landuse greater than 50%.

Highly agricultural catchments and catchments with other non-urban landuses produced
the lowest ammonia concentrations. This might be due to the fact that such catchments
had large amounts of vegetation capable of uptaking ammonia. The catchments also
tended to be quite large, allowing additional time for ammonia to be oxidised to NOx
compounds before the runoff reached the pour point.
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Ammonium
Mean + 1 Standard Deviation

Landuse (sample size)

LUI>50% (13)
LUAGR>50% (4)
LUM (42)
LUN>50% (27)
LUIC>66% (46)
LUR>66% (132)
0.01

0.1

1

10

Event mean concentration (mg/L)

Figure 7.9: Ammonia concentration versus landuse

Ammonia concentrations associated with commercial/industrial landuses were slightly
larger than those associated with residential catchments. The increased portion of
impervious surfaces within commercial/industrial areas may readily transport ammonia
(possibly derived from rainfall) to the drainage network before it is oxidized to NOx
compounds.
It was assumed that residential areas may contain additional ammonia derived from
sewerage related sources. This was assumed to increase the ammonia concentrations
exported from highly residential catchments. However, this phenomenon did not occur,
though it is still possible that higher density residential areas with large population
densities may export large amounts of ammonia derived from sewerage.

7.4.3.2 Regression results

A regression model was constructed by sequentially including explanatory variables
into the model. The improvement in the coefficient of determination of the regression
equation corresponding with the addition of each new variable is shown in Table 7.26
and Figure 7.10.

Table 7.27 presents the regression coefficient and standardised

regression coefficient associated with each of the explanatory variables.
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Table 7.26: The improvement of model accuracy associated with the addition of new
explanatory variables into the regression model predicting ammonia concentration
R2

No.

Variable

1

IA

0.24

2

MARN

0.33

3

TRND

0.41

4

DA

0.46

5

P1RN

0.50

6

AMRN

0.53

0.6
0.5

R^2

0.4
0.3
0.2
0.1
0
0

1

2

3

4

5

6

7

No. of inputs

Figure 7.10: The improvement in the coefficient of determination associated with the
addition of explanatory variables into the regression model predicting ammonia
concentration

Impervious area was the first variable entered into the stepwise regression model
predicting ammonia concentration. The positive regression coefficient suggests that
catchments with larger portions of impervious area produce greater concentrations of
ammonia. There can be significant concentrations of ammonia present in rainwater. In
highly impervious catchments, the ammonia in the rainwater is readily transported to
the waterways, before it is oxidised to NOx. This is likely to be true for other ammonia
sources, such as sewerage or animal wastes. In highly pervious catchments, however,
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the ammonia may be uptaken by vegetation, or the runoff flow slowed significantly
enough that ammonia becomes oxidized to NOx compounds.
Table 7.27: The regression coefficients and standardised regression coefficients
associated with explanatory variables used in the regression model predicting ammonia
concentration.
Standardised
Explanatory

Regression

regression

variable

coefficient

coefficient

IA

0.58

-0.21

MARN

-1.16

-0.38

TRND

-0.44

-0.30

DA

-0.35

-0.36

P1RN

-0.30

-0.20

AMRN

-0.54

-0.21

0

3.64

N/A

Mean annual rainfall was the second variable entered into the stepwise regression
model. The negative regression coefficient infers that ammonia is supply limited in the
atmosphere and/or the catchment surface. Hence, regions with larger, more frequent
storm events deplete the accumulated pollutant on the catchment surface and/or in the
atmosphere, leading to relatively low concentrations of ammonia in runoff. The supply
limited phenomena is further supported by the negative regression coefficients
associated with total storm rainfall, previous day rainfall and previous monthly rainfall.
Catchments with large drainage areas tend to have lower concentrations of ammonia
than catchments with smaller drainage areas.

This is suggested by the negative

regression coefficient associated with drainage area. Large drainage areas increase the
transport time of the flow, leading to increased portions of ammonia being oxidized to
NOx compounds before the runoff reaches the pour point. Larger drainage areas also
potentially have more vegetation capable of uptaking ammonia. This is due to the
positive correlation between drainage area and nonurban landuse.
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7.4.4

Cadmium

7.4.4.1 Landuse averages

The geometric mean estimates associated with a variety of landuse categories are
presented in Table 7.28 and Figure 7.11. The largest geometric mean was associated
with catchments with agricultural landuses greater than 50%.

The use of sludge,

fertilizers and pesticides in agricultural catchments could explain the high cadmium
levels.

Table 7.28: Cadmium concentrations associated with landuses
Log Transformed Data
Landuse

Geometric

St. Dev.

Mean

Mean

Count

ALL

0.44

-2.85

0.0014

145

LUR

0.41

-2.68

0.0021

56

LUIC*

0.23

-2.74

0.0018

31

LUN

0.43

-3.31

0.0005

30

LUM

0.32

-2.79

0.0016

28

LUAGR

0.48

-2.50

0.0032

13

LUI

0.17

-2.89

0.0013

10

*The category excluded catchments with percentages of industrial
landuse greater than 50%.

Catchments with high percentages of non-urban landuses had the lowest geometric
mean. The decreased number of sources and increased pervious area “treatment” (via
soil infiltration) could explain the low cadmium levels at such catchments.
remainder of landuses had comparable cadmium concentrations.
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LUM (28)
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LUIC>66% (31)
LUR>66% (56)
0.0001

0.001
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Figure 7.11: Cadmium concentration versus landuse

7.4.4.2 Regression results

A regression model was constructed by sequentially including explanatory variables
into the model. The improvement in the coefficient of determination of the regression
equation corresponding with the addition of each new variable is shown in Table 7.29
and Figure 7.12.

Table 7.30 presents the regression coefficient and standardised

regression coefficient associated with each of the explanatory variables .

Table 7.29: The improvement of model accuracy associated with the addition of new
explanatory variables into the regression model predicting cadmium concentration
R2

No.

Variable

1

EFFIA

0.30

2

P3RN

0.33

3

TRPD

0.34
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Figure 7.12: The improvement in the coefficient of determination associated with the
addition of explanatory variables into the regression model predicting cadmium
concentration

Table 7.30: The regression coefficients and standardised regression coefficients
associated with explanatory variables used in the regression model predicting cadmium
concentration
Standardised
Explanatory

Regression

regression

variable

coefficient

coefficient

EFFIA

0.14

0.45

P3RN

-0.19

-0.18

TRPD

0.09

0.12

0

-3.04

N/A

Effective impervious area was the first variable entered into the regression model. In
addition, it was also the variable that had the largest absolute value of the standardised
regression coefficient. This suggests that it is the most significant variable influencing
cadmium concentrations in urban stormwater runoff. The increased number of sources
present in highly impervious, urbanized catchments is potentially the major reason for
the significance of effective impervious area. In particular, catchments with more
impervious areas tend to have higher traffic densities, therefore increased vehicle related
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sources. The increased runoff velocity from highly impervious catchments also has an
increased potential to flush cadmium adsorbed to fine colloidal particles into receiving
waters.
The previous three day rainfall was the second variable entered into the model. The
negative regression coefficient suggests that cadmium is supply limited on the
catchment surface. This means that rainfall occurring during the days prior to a storm
event deplete the levels of cadmium available for washoff in successive storm events.
The time from the beginning of the storm event to the peak flow was also included in
the model.

The positive regression coefficient associated with this variable is

potentially linked to the fact that a large portion of cadmium is present in the dissolved
form. The saturation of the catchment surface during longer storm events (where the
peak occurs late in the storm) could potentially increase the amount of cadmium that
was disintegrated and/or dissolved in the overland flow. This is potentially due to the
longer ‘contact time’ of the runoff with the ground surface. In addition to this, storm
events producing a peak flow late in the storm are capable of flushing the dissolved
cadmium and cadmium attached to fine colloidal particles from the catchment surface
and/or in stream channels.

7.4.5

Chemical oxygen demand

7.4.5.1 Landuse averages

The geometric mean estimates associated with a variety of landuse categories are
presented in Table 7.31 and Figure 7.13. The geometric mean associated with highly
industrial catchments was the highest of all landuses. It was more than 6 times greater
than the geometric mean of the entire dataset. The high concentration could be linked to
additional pollutant sources, particularly industrial emissions.

However, the small

sample size suggests that this result may not be universal, particularly when taking into
consideration the wide variety of types of industries.
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Table 7.31: Chemical oxygen demand concentrations associated with landuses
Log Transformed Data
Landuse

Geometric

St. Dev.

Mean

Mean

Count

ALL

0.42

1.88

75

534

LUR

0.39

1.89

77

299

LUIC*

0.37

1.96

91

102

LUN

0.37

1.58

38

64

LUM

0.53

1.97

94

69

LUAGR

0.61

1.78

60

23

LUI

0.18

2.71

510

11

*The category excluded catchments with percentages of industrial
landuse greater than 50%.

Catchments with percentages of non-urban landuse greater than 50% had the lowest
COD concentrations. The geometric mean of non-urban catchments was less than half
the size of the geometric mean of all the data. The low concentrations could result from
the decreased sources of COD in non-urban landuses. Alternatively, it may be due to an
increase in water retention and treatment, particularly in vegetated pervious areas. The
remainder of landuse categories had comparable COD concentrations.

Chemical Oxygen Demand
Mean + 1 Standard Deviation

Landuse (sample size)

LUI>50% (11)
LUAGR>50% (23)
LUM (69)
LUN>50% (64)
LUIC>66% (102)
LUR>66% (299)
10

100
Event mean concentration (mg/L)

Figure 7.13: Chemical oxygen demand concentration versus land use
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7.4.5.2 Results summary

A regression model was constructed by sequentially adding explanatory variables into
the model. The improvement in the coefficient of determination of the regression
equation corresponding with the addition of each new variable is shown in Table 7.32
and Figure 7.14.

Table 7.33 presents the regression coefficient and standardised

regression coefficient associated with each of the explanatory variables.

Table 7.32: The improvement of model accuracy associated with the addition of new
explanatory variables into the regression model predicting chemical oxygen demand
concentration
R2

No.

Variable

1

TRND

0.20

2

MAP

0.32

3

P3RN

0.37

4

EFFIA

0.42

5

QMAX

0.44

0.5

0.4

R^2

0.3

0.2

0.1

0
0

1

2

3

4

5

6

No. of inputs

Figure 7.14: The improvement in the coefficient of determination associated with the
addition of explanatory variables into the regression model predicting chemical oxygen
demand concentration
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Table 7.33: The regression coefficients and standardised regression coefficients
associated with explanatory variables used in the regression model predicting chemical
oxygen demand concentration
Standardised
Explanatory

Regression

regression

variable

coefficient

coefficient

TRND

-0.55

-0.51

MAP

-0.39

-0.25

P3RN

-0.22

-0.25

EFFIA

0.09

0.19

QMAX

0.10

0.16

0

3.15

N/A

Total event rainfall depth was the first variable added to the model. The negative
regression coefficient suggests that COD is supply limited on the catchment surface.
Runoff depletes the accumulated pollutants from the catchment surface. This decreases
the quantity of available pollutant for washoff, leading to decreased pollutant
concentrations for large storm events. The negative regression coefficients associated
with mean annual precipitation and previous three day rainfall also support the theory
that pollutants are supply limited on the catchments surface.
The rate of runoff also influenced the COD concentrations, as implied by the positive
regression coefficient associated with the peak flowrate. Increased peak flowrates may
indicate an increase in the erosive power of runoff, resulting in increased flushing of
large quantities of pollutants from the catchment surface or within the drainage system.
Effective impervious area had a positive regression coefficient. Larger portions of
effective impervious area in a catchment could produce to higher runoff velocities,
thereby causing increased pollutant washoff. Alternatively, additional pollutant sources
may be present in highly impervious catchments.
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7.4.6

Chloride

7.4.6.1 Landuse averages

The geometric mean estimates associated with a variety of landuse categories are
presented in Table 7.34 and Figure 7.15. The lowest geometric mean estimate was
associated with catchments with non-urban landuses percentages greater than 50%.
This could be due to the decreased chloride sources in highly pervious, non-urban
catchments. However, the low sample size could decrease the universality of the result.
The differences between the remainder of landuse subsets were slight and inexplicable.

Table 7.34: Chloride concentrations associated with landuses
Log Transformed Data
Landuse

Geometric

St. Dev.

Mean

Mean

Count

ALL

0.54

1.16

15

315

LUR

0.51

1.10

13

171

LUIC*

0.58

1.31

20

81

LUN

0.34

0.75

6

25

LUM

0.52

1.41

26

38

LUAGR

0.59

1.41

26

17

LUI

0.49

1.46

29

15

*The category excluded catchments with percentages of industrial
landuse greater than 50%.
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Chloride
Mean + 1 Standard Deviation

Landuse (sample size)

LUI>50% (15)
LUAGR>50% (17)
LUM (38)
LUN>50% (25)
LUIC>66% (81)
LUR>66% (171)
1

10

100

1000

Event mean concentration (mg/L)

Figure 7.15: Chloride concentration versus land use

7.4.6.2 Regression results

A regression model was constructed by sequentially including explanatory variables
into the model. The improvement in the coefficient of determination of the regression
equation corresponding with the addition of each new variable is shown in Table 7.35
and Figure 7.16.

Table 7.36 presents the regression coefficient and standardised

regression coefficient associated with each of the explanatory variables.

Table 7.35: The improvement of model accuracy associated with the addition of new
explanatory variables into the regression model predicting chloride concentration
R2

No.

Variable

1

AMT

0.14

2

LUIC

0.20

3

MARN

0.26

4

ROI

0.34

5

EFFIA

0.44
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0.5

0.4

R^2

0.3

0.2

0.1

0
0

1

2

3

4

5

6

No. of inputs

Figure 7.16: The improvement in the coefficient of determination associated with the
addition of explanatory variables into the regression model predicting chloride
concentration

Table 7.36: The regression coefficients and standardised regression coefficients
associated with explanatory variables used in the regression model predicting chloride
concentration
Standardised
Explanatory

Regression

regression

variable

coefficient

coefficient

AMT

-2.24

-0.51

LUIC

0.25

0.34

MARN

1.92

0.68

ROI

-0.47

-0.46

EFFIA

0.24

0.37

0

-1.14

N/A

The mean temperature of the previous month was the first variable entered into the
regression model. The negative regression coefficient suggests that higher temperatures
in the month prior to rainfall events are linked to decreased chloride concentrations.
Brezonik and Stadelmann (2002) found that spring snowmelt had increased
concentrations of chloride compared to typical rainfall runoff, as a result of the use of
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de-icing compounds. This may explain the observed relationship. However, it is
uncertain whether runoff from snowmelt was sampled in the current study. Another
explanation may be linked to the convective storm activity in the summer months. Such
storms may deplete the available chloride on the catchment surface, leading to
decreased concentrations in the autumn months. Intense summer storms also potentially
produce the lowest chloride concentrations. This may be linked to the fact that chloride
is a dissolved compound. The leaching of chloride from soil reservoirs is enhanced by
lower intensity storms, which saturate the pervious surfaces in the catchment.
However, the positive regression coefficient associated with commercial and industrial
landuse, and effective impervious area suggests that a large portion of chloride is
derived from impervious surfaces. This could be due to the additional sources of
chloride within highly impervious areas. Alternatively, the chloride flushed from the
atmosphere or impervious surfaces may be more readily transported to receiving waters
than chloride removed from pervious surfaces.
The positive regression coefficient associated with mean annual rainfall suggests that
increased rainfall activity is associated with higher chloride concentrations in
stormwater runoff. This is somewhat counter intuitive unless it is assumed that mean
annual rainfall is acting as a surrogate for other significant variables. Mean annual
rainfall is positively correlated with average soil salinity levels (R=0.58), and negatively
correlated with proximity of the metropolitan area to the sea (R=-0.61). This suggests
that higher chloride concentrations in the soil are linked to higher chloride
concentrations in runoff. In addition, regions close to the sea potentially produce higher
chloride concentrations in runoff, due to the large amount of atmospheric chloride
derived from salt spray.
The negative coefficient associated with average runoff intensity is linked to fact that
chloride is chiefly present in the dissolved form. As previously mentioned, the leaching
of large amounts of chloride from soil reservoirs generally requires soil saturation. Soil
saturation is more readily achieved during lower intensity storm events, since less water
runs off the catchment surface before seaping into the soil.
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The atmospheric sources of chloride (such as salt spray) may also be more readily
scavenged via lower intensity events. This is linked to the size of the raindrop. Small
raindrops have larger surface area to volume ratios, which enhance their ability to
absorb atmospheric pollutants. The smaller size also means that they fall slower than
large raindrops, further enhancing their ability to absorb atmospheric chloride.

7.4.7

Copper

7.4.7.1 Landuse averages

The geometric mean estimates associated with a variety of landuse categories are
presented in Table 7.37 and Figure 7.17. The lowest geometric mean was associated
with catchments comprised of more than 50% non-urban landuse.

The low

concentrations most likely result from the decreased number of copper sources in nonurban areas.

Table 7.37: Copper concentrations associated with landuses
Log Transformed Data
Landuse

Geometric

St. Dev.

Mean

Mean

Count

ALL

0.54

-1.61

0.025

283

LUR

0.44

-1.44

0.036

138

LUIC*

0.38

-1.63

0.023

51

LUN

0.38

-2.38

0.004

48

LUM

0.27

-1.27

0.053

46

LUAGR

0.02

-1.18

0.067

2

LUI

0.19

-1.15

0.071

16

*The category excluded catchments with percentages of industrial
landuse greater than 50%.

The highest geometric means were associated with highly industrial and highly
agricultural areas. Additional vehicular activity and building material sources present in
highly industrial areas were assumed explain the relatively high copper concentrations
in these areas, while the use of copper in fungicides and pesticides could explain the
high concentrations in agricultural catchments.

However, the small sample sizes

decrease the universality of these results. The remainder of the landuses produced
comparable copper concentrations.
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Copper
Mean + 1 Standard Deviation

Landuse (sample size)

LUI>50% (16)
LUAGR>50% (2)
LUM (46)
LUN>50% (48)
LUIC>66% (51)
LUR>66% (138)
0.001

0.01

0.1

1

Event mean concentration (mg/L)

Figure 7.17: Copper concentration versus landuse

7.4.7.2 Regression results

A regression model was constructed by sequentially adding explanatory variables into
the model. The improvement in the coefficient of determination associated with the
addition of each new variable into the regression model is shown in Table 7.38 and
Figure 7.18. Table 7.39 presents the regression coefficient and standardised regression
coefficient associated with each of the explanatory variables.

Table 7.38: The improvement of model accuracy associated with the addition of new
explanatory variables into the regression model predicting copper concentration
R2

No.

Variable

1

EFFIA

0.44

2

DA

0.57

3

PHR

0.64

4

TRND

0.68

5

P7RN

0.71
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R^2
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0
0

1

2

3

4

5

6

No. of inputs

Figure 7.18: The improvement in the coefficient of determination associated with the
addition of explanatory variables into the regression model predicting copper
concentration

Table 7.39: The regression coefficients and standardised regression coefficients
associated with explanatory variables used in the regression model predicting copper
concentration
Standardised
Explanatory

Regression

regression

variable

coefficient

coefficient

EFFIA

0.24

0.54

DA

0.25

0.27

PHR

-5.84

-0.32

TRND

-0.33

-0.22

P7RN

-0.18

-0.16

0

2.23

N/A

Effective impervious area was the first variable entered into the stepwise regression
model. Furthermore, it had the largest absolute value of the standardised regression
coefficients. This infers it has the greatest influence of all variables upon copper
concentrations in urban stormwater runoff. The positive regression coefficient suggests
that catchments with higher portions of impervious areas produce higher concentrations
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of copper. The main reason for this was that highly impervious catchments had more
sources of copper. The main sources of copper in urbanized areas include vehicles and
building materials. Vehicles release exhaust fumes containing traces of copper as well
as contributing particulates from the general wear and tear of brakes, tyres and engine
parts.

Furthermore, building materials corrode, leading to elevated copper

concentrations in runoff.

The concentrations associated with vehicle and building

material sources may be further increased due to the corrosive effects of highly acidic
rainfall in urban areas.

This is suggested by the negative regression coefficient

associated with the pH of rainwater.
The negative coefficient associated with total rainfall depth suggests that copper is
potentially supply limited on the catchment surface. Larger storm events tend to deplete
the limited quantity of accumulated copper, leading to lower concentrations late in the
storm events.

The supply limited hypothesis is further supported by the negative

regression coefficient associated with the previous seven day rainfall. Increased storm
activity during the days preceding the monitored storm event depletes the level of
accumulated pollutants from the catchment surface. Increased storm activity could also
deplete the atmospheric sources of acidity, leading to lower rates of copper corrosion
during large, frequent storm events.
The positive regression coefficient associated with drainage area is not immediately
obvious, and may be acting as a surrogate variable. For example, catchments containing
large portions of drainage are often comprised of large portions of rural areas. These
rural areas may contain quantities of copper derived from fungicides and pesticides.
Alternatively, the high correlation between impervious area and drainage area may
distort the observed regression coefficient associated with drainage area.

7.4.8

Dissolved phosphorus

7.4.8.1 Landuse averages

The geometric mean estimates associated with a variety of landuse categories are
presented in Table 7.40 and Figure 7.19. Catchments with percentages of industrial
landuse greater than 50% had the highest geometric mean estimate. The geometric
mean estimate was almost 50 times greater than that of the entire dataset.
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The

additional pollutant sources within industrial catchments could explain the higher
dissolved phosphorus concentrations. However, the low sample size possibly limits the
universality of the result, particularly when taking into consideration the broad range of
emissions from different types of industry.

Table 7.40: Dissolved phosphorus concentrations associated with landuses
Log Transformed Data
Landuse

Geometric

St. Dev.

Mean

Mean

Count

ALL

0.46

-1.03

0.09

307

LUR

0.38

-0.99

0.10

166

LUIC*

0.57

-1.16

0.07

72

LUN

0.42

-1.40

0.04

26

LUM

0.36

-0.75

0.18

43

LUAGR

0.24

-0.44

0.36

12

LUI

0.19

0.65

4.47

15

*The category excluded catchments with percentages of industrial
landuse greater than 50%.

The second largest geometric mean was associated with agricultural catchments.
Fertiliser application, animal excreta or the decay of plant material could explain the
high dissolved phosphorus concentrations observed in runoff from highly agricultural
areas.
The lowest geometric mean estimate was associated with non-urban landuses. The
decreased sources from such catchments, combined with increased phosphorus uptake
by vegetation could explain the low concentrations. However, once again, the low
sample size could bias the result. The remainder of landuse categories produced similar
geometric mean estimates.

295

Dissolved Phosphorus
Mean + 1 Standard Deviation

Landuse (sample size)

LUI>50% (15)
LUAGR>50% (12)
LUM (43)
LUN>50% (26)
LUIC>66% (72)
LUR>66% (166)
0.01

0.1

1

10

Event mean concentration (mg/L)

Figure 7.19: Dissolved phosphorus concentration versus landuse

7.4.8.2 Regression results

A regression model was constructed by sequentially including explanatory variables
into the model. The improvement in the coefficient of determination of the regression
equation corresponding with the addition of each new variable is shown in Table 7.41
and Figure 7.20.

Table 7.42 presents the regression coefficient and standardised

regression coefficient associated with each of the explanatory variables.
The previous monthly temperature was the first variable entered into the regression
model. The positive standardised regression coefficient indicated that higher dissolved
phosphorus concentrations occurred in the warmer months.

The application of

fertilisers typically occurs during the warmer months, potentially leading to increased
dissolved phosphorus concentrations in runoff.
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Table 7.41: The improvement of model accuracy associated with the addition of new
explanatory variables into the regression model predicting dissolved phosphorus
concentration
R2

No.

Variable

1

AMT

0.11

2

P3RN

0.18

3

PD

0.25

1.5

2

0.3

R^2

0.2

0.1

0
0

0.5

1

2.5

3

3.5

No. of inputs

Figure 7.20: The improvement in the coefficient of determination associated with the
addition of explanatory variables into the regression model predicting dissolved
phosphorus concentration

Table 7.42: The regression coefficients and standardised regression coefficients
associated with explanatory variables used in the regression model predicting dissolved
phosphorus concentration
Standardised
Explanatory

Regression

regression

variable

coefficient

coefficient

AMT

1.13

0.30

P3RN

-0.29

-0.28

PD

0.22

0.27

0

-3.07

N/A
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Alternatively, the large storm events occurring during the summer months may lead to
the overflow of sewerage networks, leading to large concentrations of dissolved
phosphorus in runoff. This is supported by the positive regression coefficient associated
with population density. In areas with large population densities, sewer infiltration,
leaking pipes and illegal connections could lead to the leakage or overflow of sewerage
from sanitary sewerage systems, particularly during large storm events. Alternatively,
residential areas with larger population densities may export additional quantities of
dissolved phosphorus derived from fertiliser application, animal wastes and decaying
vegetation.
The negative regression coefficient associated with previous three day rainfall suggests
that the amount of dissolved phosphorus present on the catchment surface is supply
limited. This means that higher rainfall volumes in the days preceding an event tends to
deplete the available pollutant, leading to relatively low dissolved phosphorus
concentrations in subsequent runoff events.

7.4.9

Dissolved solids

7.4.9.1 Landuse averages

The geometric mean estimates associated with a variety of landuse categories are
presented in Table 7.43 and Figure 7.21. The largest geometric means were associated
with highly industrial and agricultural catchments. The geometric means associated
with these landuse categories were more than two times greater than the geometric
mean of the entire dataset. Fertiliser application, irrigation waters or animal wastes may
have contributed to the increased dissolved solids concentrations from agricultural
catchments.

Various industrial sources could explain the high dissolved solids

concentrations associated with this landuse. The removal of highly industrial and
agricultural catchments during data preprocessing was deemed to be justified.
However, the low sample sizes decreases the universality of the observed
concentrations.
Catchments with large portions of nonurban landuse had the lowest geometric mean
concentrations.

The decreased sources in nonurban areas could explain the low
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dissolved solids concentrations in non-urban landuses. The remainder of the landuses
produced comparable geometric means.

Table 7.43: Dissolved solids concentrations associated with landuses
Log Transformed Data
Landuse

Geometric

St. Dev.

Mean

Mean

Count

ALL

0.44

1.96

92

291

LUR

0.40

1.91

81

184

LUIC*

0.44

2.11

128

64

LUN

0.40

1.79

62

16

LUM

0.60

2.07

119

27

LUAGR

0.07

2.32

208

12

LUI

0.28

2.32

208

16

*The category excluded catchments with percentages of industrial
landuse greater than 50%.

Dissolved Solids
Mean + 1 Standard Deviation

Landuse (sample size)

LUI>50% (16)
LUAGR>50% (12)
LUM (27)
LUN>50% (16)
LUIC>66% (64)
LUR>66% (184)
10

100

1000

Event mean concentration (mg/L)

Figure 7.21: Dissolved solids concentration versus landuse

7.4.9.2 Regression results

A regression model was constructed by sequentially including explanatory variables
into the model. The improvement in the coefficient of determination of the regression
equation corresponding with the addition of each new variable is shown in Table 7.44
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and Figure 7.22.

Table 7.45 presents the regression coefficient and standardised

regression coefficient associated with each of the explanatory variables.

Table 7.44: The improvement of model accuracy associated with the addition of new
explanatory variables into the regression model predicting dissolved solids
concentration
R2

No.

Variable

1

DISS

0.32

2

DA

0.40

3

ABS

0.44

4

VS

0.45

5

EFFIA

0.47

6

TRFD

0.50

7

ROI

0.53

0.6
0.5

R^2

0.4
0.3
0.2
0.1
0
0

1

2

3

4

5

6

7

8

No. of inputs

Figure 7.22: The improvement in the coefficient of determination associated with the
addition of explanatory variables into the regression model predicting dissolved solids
concentration
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Table 7.45: The regression coefficients and standardised regression coefficients
associated with explanatory variables used in the regression model predicting dissolved
solids concentration
Standardised
Explanatory

Regression

regression

variable

coefficient

coefficient

DISS

0.23

0.34

DA

0.38

0.55

ABS

-0.06

-0.11

VS

0.23

0.09

EFFIA

0.37

0.21

TRFD

-0.55

-0.69

ROI

0.54

0.70

0

0.45

N/A

The distance of the catchment from the sea was the first variable entered into the
stepwise regression model. The positive regression coefficient associated with this
variable suggests that regions close to the ocean have lower dissolved solids
concentrations. This is counter intuitive, since large amounts of dissolved ions from salt
spray are expected at coastal areas. Therefore, distance from the sea is potentially
acting as a surrogate for another variable.

For example, the negative correlation

between the proximity to the ocean and mean annual rainfall infers that pollutants in the
atmosphere or catchments are supply limited. This would lead to lower dissolved solids
concentrations in coastal areas with higher rainfall.
Drainage area was the second variable entered into the stepwise regression model. The
positive regression coefficient associated with drainage area suggests that larger
catchments produce higher concentrations of dissolved solids.
generally have higher portions of nonurban landuse.

Larger catchments

However, it was previously

suggested that nonurban landuses were assumed to export lower amounts of dissolved
solids than typical urban catchments.

This suggests that the positive regression

coefficient associated with drainage area is counter-intuitive. Therefore, it may be
acting as a surrogate variable for another more fundamental variable not included in the
model. It is possible that an increased number of pervious area sources are to be found
in the larger catchments. For example, irrigation waters, fertilizers or soil sources may
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increase the quantity of dissolved ions that run off pervious areas during storm events.
This is particularly true if large portions of agricultural landuse are located adjacent to
the drainage network in large catchments.
The average basin slope was the third variable entered into the stepwise regression
model. The negative regression coefficient suggests that higher velocity runoff, from
steeply inclined surfaces, is less likely to capture dissolved ions into the runoff. The
time dependent nature of the dissolution process suggests that lower gradients may lead
to increases in dissolved solids concentration. Alternatively, soil saturation may be
required before dissolved ions permeate through the soil medium and enter the surface
runoff flow. This phenomenon is more likely to occur on gently sloping catchments,
where the runoff has more time to saturate the soil medium.
The fourth variable entered into the stepwise regression model was a variable indicating
the time of year (VS). The positive regression coefficient indicated that dissolved solids
concentrations were greatest in spring and lowest in autumn. The high concentrations
in spring may have been linked to the snowmelt phenomena, whereby pollutants
accumulated in the snow pack during winter leach out during subsequent rainfall events.
This hypothesis is more applicable if de-icing compounds were applied during the
colder months.

Alternatively, the seasonal variable may represent the amount of

pollutant accumulated on the catchment surface. The low intensity drizzles occurring in
the winter months are assumed to be less likely to cleanse the catchment surface than
the higher intensity summer storms. This leads to lower concentrations of dissolved
solids in autumn as opposed to spring.
Effective impervious area was the fifth variable entered into the stepwise regression
model. The positive regression coefficient suggests that catchments with large portions
of impervious area directly connected to the drainage system produce higher dissolved
solids concentrations. This is counter intuitive if it assumed that soil reservoirs are
considered to be the primary source of dissolved solids in most of the analysed
catchments. However, it may be possible that there are large portions of dissolved
solids on the impervious surfaces or in the atmosphere. Such sources of dissolved
solids are more readily transported to surface waters during storm events than dissolved
solids from pervious area sources.
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Total runoff depth was the sixth variable entered into the stepwise regression model.
The negative regression coefficient associated with total runoff suggests that larger
volumes of runoff tend to have a diluting effect upon the supply limited pollutant
sources within the catchment.

However, the large magnitude of the standardised

regression coefficient is somewhat misleading, and likely to be due to the strong
correlation between total runoff and average runoff intensity. In fact, the magnitude of
the standardised regression coefficient associated with total runoff was more than three
times smaller prior to the addition of runoff intensity into the regression model.
The seventh variable entered into the regression model was average runoff intensity. As
mentioned previously, a strong correlation between runoff intensity and total runoff
increased the magnitude of the observed standardised regression coefficient.

The

positive regression coefficient suggests that higher concentrations are generally
associated with higher intensity flows. This is somewhat counter intuitive for pollutants
derived from pervious reservoirs, in which lower velocity flows often lead to higher
concentrations of dissolved solids, due to an increase in contact time between the runoff
and pervious area sources.

However, this relationship between dissolved solids

concentration and average runoff intensity is potentially oversimplified. In particular, it
does not take into consideration the effect of ‘ponding time’. Ponding time refers to the
time it takes for rainfall to infiltrate the soil medium, prior to runoff generation. Longer
ponding times often result in the additional downward displacement of dissolved ions
within the soil median, resulting in lower amounts of pollutants near the soil surface
available for uptake in the runoff. Hence, it is possible that higher intensity runoff
decreases this ponding time, resulting in increased dissolved concentrations in runoff.
Alternatively, the removal of pollutants from impervious surfaces may differ from the
pervious area dissolution. For example, pollutants built up on impervious surfaces may
be removed more readily by higher velocity flows. It is possible that the removal of
particulates during such flows may lead to an increase in the contact area between water
and dissolvable material, leading to an eventual increase in the concentration of
dissolved solids.
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7.4.10 Lead
7.4.10.1 Landuse averages

The geometric mean estimates associated with a variety of landuse categories are
presented in Table 7.46 and Figure 7.23. Catchments with large portions of commercial
and/or industrial area produced the largest geometric mean. This may be a result of the
increased traffic related sources from these landuses. In addition, the corrosion of
building products located in catchments with large portions of commercial and
industrial area may further increase lead concentrations in runoff.

Table 7.46: Lead concentrations associated with landuses
Log Transformed Data
Landuse

Geometric

St. Dev.

Mean

Mean

Count

ALL

0.44

-0.76

0.18

587

LUR

0.44

-0.79

0.16

321

LUIC*

0.40

-0.55

0.28

126

LUN

0.38

-0.87

0.13

68

LUM

0.47

-0.87

0.13

72

LUAGR

0.48

-1.41

0.04

35

LUI

0.23

-1.12

0.08

18

*The category excluded catchments with percentages of industrial
landuse greater than 50%.

Catchments comprised of greater than 50% agricultural landuse produced the lowest
geometric mean, although the limited sample size was deemed to decrease the overall
confidence of this estimate. The minimal sources of lead within agricultural catchments
could explain this result. It was also anticipated that catchments with large percentages
of non-urban landuse (such as rural areas and pastures) would have low lead
concentrations. However, this trend was not observed.
Catchments with high percentages of industrial landuses produced a relatively low
geometric mean. It was anticipated that vehicular sources within industrial landuses
would lead to increased concentrations of lead. However, most of the ‘industrial’ areas
sampled in the NURP study were industrial parks rather than true industrial areas.
Therefore, higher concentrations of lead may be expected in other types of industrial
catchments not analysed in the current study.
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Nonurban catchments counter-intuitively produced a relatively large geometric mean. It
is uncertain why this was the case, since the absence of vehicular emissions in such
catchments was assumed to produce relatively low lead concentrations in runoff.

Lead
Mean + 1 Standard Deviation

Landuse (sample size)

LUI>50% (18)
LUAGR>50% (35)
LUM (72)
LUN>50% (68)
LUIC>66% (126)
LUR>66% (321)
0.01

0.1

1

Event mean concentration (mg/L)

Figure 7.23: Lead concentration versus landuse

7.4.10.2 Regression results

A regression model was constructed by sequentially including explanatory variables
into the model. The improvement in the coefficient of determination of the regression
equation corresponding with the addition of each new variable is shown in Table 7.47
and Figure 7.24.

Table 7.48 presents the regression coefficient and standardised

regression coefficient associated with each of the explanatory variables.
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Table 7.47: The improvement of model accuracy associated with the addition of new
explanatory variables into the regression model predicting lead concentration
No.

Variable

R2

1

DRF

0.15

2

IA

0.24

3

SD

0.29

4

VS

0.32

5

P7RN

0.35

6

LUR

0.37

7

QMAX

0.39

8

TRFD

0.44

0.5

0.4

R^2

0.3

0.2

0.1

0
0

1

2

3

4

5

6

7

8

9

No. of inputs

Figure 7.24: The improvement in the coefficient of determination associated with the
addition of explanatory variables into the regression model predicting lead
concentration

Duration of storm runoff was the first variable entered into the regression model. The
negative regression coefficient associated with duration of runoff suggested that longer
duration storms resulted in lower lead concentrations. This was assumed to be due to
the dilution effects associated with large runoff volumes and the decreased erosive
power of the low rainfall intensity associated with long duration events.
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Table 7.48: The regression coefficients and standardised regression coefficients
associated with explanatory variables used in the regression model predicting lead
concentration
Standardised
Explanatory

Regression

regression

variable

coefficient

coefficient

DRF

-0.16

-0.16

IA

0.57

0.28

SD

5.86

0.20

VS

0.59

0.22

P7RN

-0.16

-0.18

LUR

0.06

0.11

QMAX

0.41

0.60

TRFD

-0.38

-0.49

0

-3.40

N/A

Impervious area was the second variable entered into the regression model. There are a
number of possible explanations for the positive regression coefficient associated with
this variable. Catchments with larger portions of impervious surfaces are likely to
contain additional sources of lead, from various building materials and vehicles. In
addition, the higher traffic intensity associated with impervious areas could also break
the accumulated pollutants into smaller fragments, which are more readily removed
during storm events. The lead present on the impervious catchment surfaces is also
more likely to runoff into the surface waters, rather than being retained in pervious
soils. Furthermore, the runoff from highly impervious areas is likely to be rapid, with
increased erosive power. The increased erosive power of the runoff is more likely to
remove accumulated pollutants from the catchment surface during storm events.
Increased portions of residential landuse also resulted in increased lead concentrations.
However, the standardised regression coefficient for residential landuse was lower than
for impervious area or street density, implying its reduced significance compared to
these variables. Increased sources associated with traffic or building materials (such as
lead-based paint used on houses) could explain the positive regression coefficient
associated with residential landuse.
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Catchment with higher street densities also produced increased lead concentrations.
Lead from streets was derived from vehicle emissions, particularly from cars using
leaded gasoline. The data analysed in this study was collected around the time leaded
gasoline was being phased out. This suggests that the models constructed on this
domain of data are less likely to be applicable when applied on contemporary
catchments.
Previous seven day rainfall also influenced lead concentrations in stormwater runoff.
The negative regression coefficient suggested that rainfall occurring prior to the
monitored storm event depleted the accumulated lead on the catchment surface
available for washoff. This resulted in lower lead concentrations in subsequent storms.
The concept that lead was supply limited on the catchment surface was further
supported by the negative regression coefficient associated with total storm runoff.
However, the large standardised regression coefficient associated with total storm
runoff was likely linked to be distorted by the correlation between total storm runoff
and other storm variables included in the regression model (i.e. peak runoff rate and
duration of runoff).
The peak flowrate had a positive regression coefficient. This suggested that storms
producing higher peak flowrates had higher erosive potential, more able to erode
pollutants accumulated on the catchment surface or in stream channels. However, the
magnitude of the observed regression coefficient may also have resulted from
correlations with other variables such as total storm runoff.
The seasonality variable (VS) also had an influence on lead concentration in urban
runoff. The positive regression coefficient suggests that lead concentrations are greatest
in spring and lowest in autumn. The increased concentration in spring could be due to
the post winter snowmelt, whereby pollutants which have accumulated in the snow pack
leach out as the snow melts. The increased pollutant load could also be linked to the
pollutant accumulation levels. It is possible that the winter drizzles are less likely to
deplete the accumulated pollutants on the catchment surface than the higher intensity
summer storms.
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7.4.11 Nitrogen oxides
7.4.11.1 Landuse averages

The geometric mean estimates associated with a variety of landuse categories are
presented in Table 7.49 and Figure 7.25. The largest geometric mean was associated
with catchments comprised of more than 50% industrial area. High levels of fossil fuel
combustion may explain the high concentrations of nitrogen oxides from these areas.
However, the type of industry could influence the magnitude of concentrations from
industrial areas, depending upon the types of emissions. This along with the low
sample size (n=4) makes it difficult to be confident that the mean concentration
associated with industrial landuse is universal.

Table 7.49: Nitrogen oxides concentrations associated with landuses
Log Transformed Data
Landuse

Geometric

St. Dev.

Mean

Mean

Count

ALL

0.46

-0.37

0.43

278

LUR

0.44

-0.20

0.64

154

LUIC*

0.37

-0.50

0.32

70

LUN

0.32

-0.81

0.15

45

LUM

0.19

-0.16

0.69

9

LUAGR

0.28

-0.24

0.58

20

LUI

0.34

0.00

1.01

4

*The category excluded catchments with percentages of industrial
landuse greater than 50%.

The lowest NOx concentrations were associated with the non-urban landuse category.
This was likely due to the limited number of NOx sources in natural catchments.
Furthermore, it was assumed that the large portions of vegetated areas stunt the flow
and allow the uptake of NOx. In addition, the infiltration of NOx into soil reservoirs
may further decrease constituent concentrations.
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Nitrogen Oxides
Mean + 1 Standard Deviation

Landuse (sample size)

LUI>50% (4)
LUAGR>50% (20)
LUM (9)
LUN>50% (45)
LUIC>66% (70)
LUR>66% (154)
0.01

0.1

1

10

Event mean concentration (mg/L)

Figure 7.25: Nitrogen oxide concentration versus landuse

The second lowest concentrations of NOx were associated with catchments with large
portions of commercial and/or industrial landuse. The limited number of sources such
as fertilizers, animal wastes, sewerage, and decaying vegetation within the highly
impervious commercial catchments were assumed to be the main cause of the relatively
low NOx concentrations.

The remainder of landuse categories had similar NOx

concentrations.

7.4.11.2 Regression results

A regression model was constructed by sequentially including explanatory variables
into the model. The improvement in the coefficient of determination of the regression
equation corresponding with the addition of each new variable is shown in Table 7.50
and Figure 7.26.

Table 7.51 presents the regression coefficient and standardised

regression coefficient associated with each of the explanatory variables.
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Table 7.50: The improvement of model accuracy associated with the addition of new
explanatory variables into the regression model predicting the concentration of
nitrogen oxides
R2

No.

Variable

1

NO3R

0.28

2

PD

0.45

3

SD

0.48

4

TRND

0.51

5

ABS

0.52

6

VS

0.54

0.6
0.5

R^2

0.4
0.3
0.2
0.1
0
0

1

2

3

4

5

6

7

No. of inputs

Figure 7.26: The improvement in the coefficient of determination associated with the
addition of explanatory variables into the regression model predicting the
concentration of nitrogen oxides
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Table 7.51: The regression coefficients and standardised regression coefficients
associated with explanatory variables used in the regression model predicting the
concentration of nitrogen oxides
Standardised
Explanatory

Regression

regression

variable

coefficient

coefficient

NO3R

0.82

0.38

PD

0.19

0.29

SD

4.79

0.25

TRND

-0.21

-0.16

ABS

-0.14

-0.19

VS

0.39

0.14

0

-0.72

N/A

Rainwater appeared to be a significant source of nitrogen oxides in stormwater runoff.
This was suggested by the large, positive regression coefficient associated with the
nitrate concentration in rainwater.
Population density was the second variable entered into the regression model. Higher
population densities are more likely to have increased sources of NOx derived from
sewerage, fertilizer application, animal wastes, decaying vegetation matter and car
exhaust emissions. The importance of NOx emissions from traffic sources was further
supported by the positive regression coefficient associated with street density.
The negative regression coefficient associated with total storm rainfall suggests that
NOx concentrations are supply limited on the catchment surface and/or in the
atmosphere. This leads to dilution effects late in large storm events.
The positive regression coefficient associated with the seasonality variable (VS)
suggests the potential presence of a number of seasonal effects. The positive coefficient
suggests that pollutant concentrations are greatest in spring and lowest in autumn. The
increased concentration in spring could be due to the post winter snowmelt, whereby
pollutants which have accumulated in the snow pack leach out as the snow melts. The
seasonal variation in pollutant concentrations could also be linked to the pollutant
accumulation levels. It is possible that the winter drizzles are less likely to deplete the
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accumulated pollutants on the catchment surface than the higher intensity summer
storms. Furthermore, the higher intensity storms in the warmer months could produce
additional nitrogen oxides via lightning activity. In addition, fertilizer application in the
spring months may further increase NOx levels in runoff.
The negative regression coefficient associated with the average basin slope could be a
result of a number of different phenomena. The first is linked mainly to pervious areas,
whereby gentle slopes enhance the dissolution of soil contaminants by runoff. Gentle
slopes also slow the flow of runoff, providing additional time for ammonia to be
oxidized to NOx compounds.

7.4.12 Suspended solids
7.4.12.1 Landuse averages

The geometric mean estimates associated with a variety of landuse categories are
presented in Table 7.52 and Figure 7.27. Catchments with percentages of agricultural
landuse greater than 50% produced a significantly higher geometric mean estimate than
the remainder of landuse categories. This may have been due to the increased erosion
of soils, which were exposed as a result of intensive agricultural activities. In particular,
the erosion of soil during the early part of crop cultivation, prior to the establishment of
vegetation, could significantly increase suspended solids concentrations. The erosion
during these periods is further exacerbated by the fact that the land is often ploughed
prior to planting. Alternatively, areas with large densities of agricultural livestock could
also increase the erosion of land surfaces, due to the loss of vegetation associated with
excess grazing and/or hoof impact. The remainder of landuses produced relatively
comparable geometric means.
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Table 7.52: Suspended solids concentrations associated with landuses
Log Transformed Data
Landuse

Geometric

St. Dev.

Mean

Mean

Count

ALL

0.47

2.12

133

492

LUR

0.47

2.09

122

304

LUIC*

0.44

2.16

145

95

LUN

0.41

2.25

179

27

LUM

0.49

2.2

157

66

LUAGR

0.7

2.86

730

36

*The category excluded catchments with percentages of industrial
landuse greater than 50%.

Suspended Solids
Mean + 1 Standard Deviation

Landuse (sample size)

LUAGR>50% (36)
LUM (66)
LUN>50% (27)
LUIC>66% (95)
LUR>66% (304)
1

10

100

1000

10000

Event mean concentration (mg/L)

Figure 7.27: Suspended solids concentration versus landuse

7.4.12.2 Regression results

A regression model was constructed by sequentially including explanatory variables
into the model. The improvement in the coefficient of determination of the regression
equation corresponding with the addition of each new variable is shown in Table 7.53
and Figure 7.28.

Table 7.54 presents the regression coefficient and standardised

regression coefficient associated with each of the explanatory variables.
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Table 7.53: The improvement of model accuracy associated with the addition of new
explanatory variables into the regression model predicting suspended solids
concentration
R2

No.

Variable

1

RAI

0.10

2

MARN

0.18

3

VS

0.22

4

LUN

0.26

5

DRN

0.29

6

M5RR

0.35

3

4

0.4

R^2

0.3

0.2

0.1

0
0

1

2

5

6

7

No. of inputs

Figure 7.28: The improvement in the coefficient of determination associated with the
addition of explanatory variables into the regression model predicting suspended solids
concentration
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Table 7.54: The regression coefficients and standardised regression coefficients
associated with explanatory variables used in the regression model predicting
suspended solids concentration
Standardised
Explanatory

Regression

regression

variable

coefficient

coefficient

RAI

-0.29

-0.25

MARN

-0.78

-0.24

VS

0.73

0.26

LUN

0.22

0.24

DRN

-0.49

-0.45

M5RR

0.65

0.52

0

4.46

N/A

The average rainfall intensity (RAI) was the first variable entered into the regression
model. The sign of the regression coefficient associated with the average rainfall
intensity was initially positive, although it later changed to negative following the
addition of maximum five minute rainfall intensity (M5RR) to the model. Even though
the negative regression coefficient associated with average rainfall intensity was
essentially counter intuitive, it did not necessarily mean that both variables should not
be included in the model, especially when taking into consideration the substantial
increase in the coefficient of determination (0.06) following the addition of M5RR. The
high correlation between variables suggests that they are defining a similar section of
variability. This complicates the task of isolating each of the variable’s influence upon
the dependent variable.

In essence, positive standardised regression coefficients

associated with both M5RR and RAI suggest that an increase in the erosive power of
the rain increases concentrations in suspended solids in runoff.

However, if the

coefficient associated with M5RR is ‘overestimated’, the coefficient associated with
RAI would be ‘underestimated’ (in this case becoming negative) to compensate. The
inclusion of an additional storm variable (duration of rainfall) may further complicate
the explanation of the observed ‘counter intuitive’ standardised regression coefficient
associated with average rainfall intensity.
Duration of rainfall (DRN) was the fifth variable entered into the stepwise regression
model. The negative regression coefficient associated with duration of runoff suggested
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that longer duration storms resulted in lower suspended solids concentrations. This was
assumed to be due to the dilution effects associated with large runoff volumes and the
decreased erosive power of the low rainfall intensity from long duration events.
Mean annual rainfall was the second variable entered into the regression model. The
negative regression coefficient suggested that the depletion of accumulated pollutants
on the catchment surface by more frequent rainfall events, would lead to lower
suspended solids concentrations in the runoff from areas with larger mean annual
rainfall.
The positive regression coefficient associated with the seasonality variable (VS)
suggests the potential presence of a number of seasonal effects. The positive coefficient
suggests that pollutant concentrations are greatest in spring and lowest in autumn. The
increased concentration in spring could be due to the post winter snowmelt, whereby
pollutants which have accumulated in the snow pack leach out as the snow melts. The
increased pollutant load could also be linked to the pollutant accumulation levels. It is
possible that the winter drizzles are less likely to deplete the accumulated pollutants on
the catchment surface than the higher intensity summer storms.
The positive regression coefficient associated with the percentage of non urban landuse
suggests that suspended solids are derived from runoff from pervious areas. This would
be particularly true for pervious landuses with large amounts of exposed soil, which
provide a virtually unlimited quantity of pollutants for washoff during a storm event.

7.4.13 Total Kjeldhal nitrogen
7.4.13.1 Landuse averages

The geometric mean estimates associated with a variety of landuse categories are
presented in Table 7.55 and Figure 7.29. Catchments with percentages of industrial
landuses greater than 50% had an extremely high geometric mean, more than 15 times
greater than the geometric mean of the entire dataset. This may have been due to the
increased sources of TKN in industrial catchments. However, the low sample size
suggests that the result might not be universal, and potentially dependent upon the type
of industry.
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Catchments with portions of agricultural landuses greater than 50% produced the
second highest geometric mean. This may have resulted from additional sources of
TKN associated with fertilizer application, animal wastes and decaying vegetation.
However, the limited sample size decreased the universality of this result. In particular,
the type and intensity of agriculture may significantly influence the TKN concentration.
This is because various farming practices (such as the type of crop or animal density)
could significantly influence the TKN concentration.

Table 7.55: Total Kjeldhal nitrogen concentrations associated with landuses
Log Transformed Data
Landuse

Geometric

St. Dev.

Mean

Mean

Count

ALL

0.39

0.22

1.65

559

LUR

0.32

0.29

1.93

322

LUIC*

0.39

0.23

1.68

95

LUN

0.46

-0.23

0.59

69

LUM

0.35

0.32

2.08

73

LUAGR

0.45

0.49

3.11

38

LUI

0.27

1.43

27.10

14

*The category excluded catchments with percentages of industrial
landuse greater than 50%.

Total Kjeldhal Nitrogen
Mean + 1 Standard Deviation

Landuse (sample size)

LUI>50% (14)
LUAGR>50% (38)
LUM (73)
LUN>50% (69)
LUIC>66% (95)
LUR>66% (322)
0.1

1

10

Event mean concentration (mg/L)

Figure 7.29: Total Kjeldhal nitrogen concentration versus landuse
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Catchments with non-urban landuse greater than 50% had a geometric mean less than
half the size of the geometric mean of the entire dataset. The decreased number of
sources and additional uptake by vegetation was assumed to limit the concentration of
TKN in runoff from non-urban catchments.

Furthermore, non-urban landuse is

generally correlated with large drainage areas. TKN within such catchments is more
likely to be oxidized to NOx compounds. The remainder of landuse categories had
similar geometric means.

7.4.13.2 Regression results

A regression model was constructed by sequentially including explanatory variables
into the model. The improvement in the coefficient of determination of the regression
equation corresponding with the addition of each new variable is shown in Table 9.56
and Figure 7.30.

Table 7.57 presents the regression coefficient and standardised

regression coefficient associated with each of the explanatory variables.

Table 7.56: The improvement of model accuracy associated with the addition of new
explanatory variables into the regression model predicting total Kjeldhal nitrogen
concentration
R2

No.

Variable

1

EFFIA

0.25

2

ROI

0.36

3

NH4R

0.44

4

P7RN

0.48

5

QMAX

0.51
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Figure 7.30: The improvement in the coefficient of determination associated with the
addition of explanatory variables into the regression model predicting total Kjeldhal
nitrogen concentration

Table 7.57: The regression coefficients and standardised regression coefficients
associated with explanatory variables used in the regression model predicting total
Kjeldhal nitrogen concentration
Standardised
Explanatory

Regression

regression

variable

coefficient

coefficient

EFFIA

0.14

0.32

ROI

-0.43

-0.62

NH4R

0.29

0.28

P7RN

-0.18

-0.22

QMAX

0.20

0.32

0

0.23

N/A

The positive regression coefficient associated with effective impervious area suggests
that catchments with larger portions of effective impervious area produce greater
concentrations of TKN. This could be linked to a number of interrelated factors. There
can be significant concentrations of TKN present in rainwater. This is implied by the
positive regression coefficient associated with the ammonium concentration in
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rainwater. In smaller, highly impervious catchments, the TKN in rainwater is readily
transported to the waterways along with any other sources washed from the catchment
surface. In contrast, the TKN within large, highly pervious catchments is more likely to
be uptaken by vegetation, or oxidized to produce NOx compounds.
The negative regression coefficient associated with the previous seven day rainfall
implies that TKN is supply limited in the atmosphere and/or the ground surface.
Rainfall can deplete atmospheric sources of TKN via in cloud or below cloud
scavenging processes. The runoff produced by rainfall can also deplete the levels of
accumulated pollutants on the catchment surface.
Average runoff intensity (ROI) was the second variable entered into the regression
model. The negative regression coefficient associated with average runoff intensity
suggests that storms with large runoff intensities produce low concentrations of total
Kjeldhal nitrogen. This may be due to the fact that high values of average runoff
intensity reduce the contact time between the runoff and ground surface. This may
decrease the dissolution of total Kjeldhal nitrogen into the runoff. However, a positive
regression coefficient was observed for peak flow rate. This may have been due to its
correlation with average runoff intensity. Alternatively, it may suggest that large peak
flowrates could result in more sewerage overflows or additional erosion of TKN from
the catchment surface or stream channel.

7.4.14 Total nitrogen
7.4.14.1 Landuse averages

The geometric mean estimates associated with a variety of landuse categories are
presented in Table 7.58 and Figure 7.31. Catchments comprised of more than 50%
industrial area had the highest geometric mean estimate.

The geometric mean

associated with this category was more than an order of magnitude greater than the
geometric mean of the entire dataset. However, the limited number of storms used to
generate the estimate suggests that it may not be it might not be universally
representative. This is particularly true when considering the large amount of different
nitrogen sources associated with different types of industry. However, it was assumed
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that high concentrations of nitrogen oxides may be produced by vehicular emissions
within industrial catchments.

Table 7.58: Total nitrogen concentrations associated with landuses
Log Transformed Data
Landuse

Geometric

St. Dev.

Mean

Mean

Count

ALL

0.42

0.34

2.17

387

LUR

0.33

0.48

2.99

223

LUIC*

0.37

0.20

1.58

80

LUN

0.42

-0.18

0.66

52

LUM

0.33

0.55

3.53

32

LUAGR

0.24

0.79

6.15

32

LUI

0.05

1.48

29.96

4

*The category excluded catchments with percentages of industrial
landuse greater than 50%.

Catchments comprised of more than 50% agricultural landuse had the second largest
geometric mean out of all analysed landuse categories. It was anticipated that fertilizer
application, animal wastes and presence of decaying vegetation could cause the elevated
nitrogen concentrations from agricultural landuses.

Total Nitrogen
Mean + 1 Standard Deviation

Landuse (sample size)

LUI>50% (4)
LUAGR>50% (32)
LUM (32)
LUN>50% (52)
LUIC>66% (80)
LUR>66% (223)
0.1

1

10

Event mean concentration (mg/L)

Figure 7.31: Total nitrogen concentration versus landuse
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The lowest geometric mean estimate was associated with catchments comprised of more
than 50% non-urban landuse. It is anticipated that the presence of vegetation in these
catchments led to the uptake of nitrogen derived from atmospheric scavenging and/or
various land sources. Alternatively, non-urban landuses may contain limited sources of
nitrogen compared to other landuses.
The second lowest geometric mean estimate was associated with catchments with large
portions of commercial and/or industrial landuse. The limited number of sources such
as fertilizers, animal wastes, sewerage, and decaying vegetation associated with these
highly impervious catchments were assumed to be the main cause of the lower TN
concentrations.
Predominantly residential and mixed landuse categories had comparable TN
concentrations. Sewerage, fertilizer application, pet waste, atmospheric scavenging
(particularly of vehicle emissions) and decaying vegetation were assumed to be likely
sources nitrogen sources in residential areas.

7.4.14.2 Regression results

A regression model was constructed by sequentially including explanatory variables
into the model. The improvement in the coefficient of determination of the regression
equation corresponding with the addition of each new variable is shown in Table 7.59
and Figure 7.32.

Table 7.60 presents the regression coefficient and standardised

regression coefficient associated with each of the explanatory variables.

Table 7.59: The improvement of model accuracy associated with the addition of new
explanatory variables into the regression model predicting total nitrogen concentration
R2

No.

Variable

1

NO3R

0.35

2

PD

0.42

3

P7RN

0.49

4

ROI

0.53

5

QMAX

0.61

6

SD

0.64

323

0.7
0.6

R^2

0.5
0.4
0.3
0.2
0.1
0
0

1

2

3

4

5

6

7

No. of inputs

Figure 7.32: The improvement in the coefficient of determination associated with the
addition of explanatory variables into the regression model predicting total nitrogen
concentration
Table 7.60: The regression coefficients and standardised regression coefficients
associated with explanatory variables used in the regression model predicting total
nitrogen concentration
Standardised
Explanatory

Regression

regression

variable

coefficient

coefficient

NO3R

0.54

0.25

PD

0.14

0.25

P7RN

-0.21

-0.24

ROI

-0.66

-0.81

QMAX

0.35

0.55

SD

3.44

0.16

0

-0.03

N/A

The nitrate concentration in rainwater was the first variable entered into the regression
model. The positive regression coefficient associated with the nitrogen concentration in
rainfall suggests that atmospheric scavenging of nitrate is a significant source of
nitrogen in urban stormwater runoff.
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Population density was the second variable entered into the regression model. Higher
population densities were more likely to have increased sources of nitrogen derived
from sewerage, fertilisers, pet wastes, decaying vegetation and car exhaust emissions.
The importance of NOx emissions from traffic sources was further enforced by the
positive regression coefficient associated with street density.
The negative regression coefficient associated with the previous seven day rainfall
suggests that nitrogen is supply limited in urban catchments. Large amounts of rainfall
occurring in the previous seven days before a given rainfall event potentially deplete the
atmospheric and terrestrial nitrogen. As a result, storms following large amounts of
rainfall would have low concentrations of nitrogen in stormwater runoff.
Average runoff intensity (ROI) was the fourth variable entered into the regression
model. The negative regression coefficient associated with average runoff intensity
suggests that storms with large runoff intensities produce low concentrations of total
nitrogen. This may be due to the fact that high values of average runoff intensity reduce
the contact time between the runoff and ground surface.

This may decrease the

dissolution of total nitrogen into the runoff. In contrast, a positive regression coefficient
was observed for peak flow rate (QMAX). This may have been due to its correlation
with average runoff intensity. Alternatively, it may suggest that large peak flowrates
could result in sewerage overflows or erosion of TN from the catchment surface or
stream channel.

7.4.15 Total phosphorus
7.4.15.1 Landuse averages

The geometric mean estimates associated with a variety of landuse categories are
presented in Table 7.61 and Figure 7.33. Catchments with large portions of industrial or
agricultural area were previously identified at atypical and therefore beyond the scope
of urban stormwater quality modelling.

The type of industry was considered to

determine the magnitude of total phosphorus concentrations in storm runoff, whereas
large TP concentrations associated with agricultural areas were assumed to be
associated with fertilizer application, animal wastes and decaying vegetation.
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Table 7.61: Total phosphorus concentrations associated with landuses
Log Transformed Data
Landuse

Geometric

St. Dev.

Mean

Mean

Count

ALL

0.40

-0.57

0.27

956

LUR

0.37

-0.51

0.31

513

LUIC*

0.42

-0.66

0.22

185

LUN

0.40

-0.99

0.10

101

LUM

0.30

-0.43

0.37

157

LUAGR

0.57

0.04

1.09

48

LUI

0.12

0.78

6.01

14

*The category excluded catchments with percentages of industrial
landuse greater than 50%.

The lowest geometric mean estimate was associated with catchments with large portions
of non-urban landuse. This was assumed to be due to the decreased sources of total
phosphorus within with natural catchments, and the increased uptake of phosphorus by
vegetation.

Total Phosphorus
Mean + 1 Standard Deviation

Landuse (sample size)

LUI>50% (14)
LUAGR>50% (48)
LUM (157)
LUN>50% (101)
LUIC>66% (185)
LUR>66% (513)
0.01

0.1

1

10

Event mean concentration (mg/L)

Figure 7.33: Total phosphorus concentration versus landuse

The second lowest geometric mean estimate was associated with catchments with large
portions of commercial and/or industrial landuse. Compared to residential catchments,
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highly impervious commercial catchments were assumed to have a limited number of
sources such as fertilizers, animal wastes, sewerage, and decaying vegetation.

7.4.15.2 Regression results

A regression model was constructed by sequentially including explanatory variables
into the model. The improvement in the coefficient of determination of the regression
equation corresponding with the addition of each new variable is shown in Table 7.62
and Figure 7.34.

Table 7.63 presents the regression coefficient and standardised

regression coefficient associated with each of the explanatory variables.
Mean annual precipitation was the first variable entered into the regression model, and
also had the highest absolute value of the standardised regression coefficient. This
indicated that it was the most significant variable influencing total phosphorus
concentration in stormwater runoff. The negative regression coefficient indicates that
phosphorus on the catchment surface is supply limited. Regions with higher mean
annual precipitation deplete the available phosphorus from the catchment surface,
leading to lower phosphorus concentrations in stormwater runoff.

Table 7.62: The improvement of model accuracy associated with the addition of new
explanatory variables into the regression model predicting total phosphorus
concentration
R2

No.

Variable

1

MAP

0.19

2

LUR

0.29

3

P3RN

0.31

4

EFFIA

0.34

5

SCGD

0.37

6

DRN

0.39

7

KAVE

0.42
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Figure 7.34: The improvement in the coefficient of determination associated with the
addition of explanatory variables into the regression model predicting total phosphorus
concentration

Table 7.63: The regression coefficients and standardised regression coefficients
associated with explanatory variables used in the regression model predicting total
phosphorus concentration.
Standardised
Explanatory

Regression

regression

variable

coefficient

coefficient

MAP

-0.57

-0.30

LUR

0.14

0.25

P3RN

-0.19

-0.19

EFFIA

0.09

0.16

SCGD

-0.17

-0.20

DRN

-0.17

-0.20

KAVE

0.48

0.22

0

1.28

N/A

Residential landuse was the second variable entered into the stepwise regression
equation, and also had the second highest absolute value of the standardised regression
coefficient. Residential landuses are likely to contain more phosphorus sources than
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other urban landuses. Sources include sewerage, fertiliser, animal faeces (pets and
natives) and also vegetation matter.
Average soil erodibility factor had the third highest absolute value for the standardised
regression coefficient. As anticipated, the positive regression coefficient associated
with this variable suggests more erodible soils contribute large quantities of adsorbed
phosphorus entering surface waters.
Storms with longer durations tended to have lower total phosphorus concentrations.
This was suggested by the negative regression coefficient associated with duration of
rainfall. Longer duration storms tend to have lower rainfall intensities and increased
rainfall volumes. The decreased erosive power of the rainfall leads to lower amounts of
particulate phosphorus being removed from the catchment surface. In addition, the
increased rainfall volumes deplete the accumulated pollutants from the catchment
surface, leading to more diluted phosphorus concentrations during long duration events.
The negative regression coefficient associated with previous three day rainfall also
suggests that total phosphorus on the catchment surface is supply limited.

Large

amounts of rainfall in the three days preceding a storm event lead to a depletion of
accumulated pollutants, ultimately decreasing pollutant concentrations in successive
storm events.
Effective impervious area had a positive regression coefficient. This could be due to the
increased flow velocity from catchments with higher impervious areas, causing
increased washoff of accumulated pollutants.

Alternatively, catchments with large

effective impervious areas may have higher population densities, leading to increased
amounts of phosphorus derived from sewerage overflows and/or other sources.
The percentage of sewer drains which are curbed and guttered had a negative regression
coefficient. This could potentially be due to the fact that the vegetation matter present
in swale and ditch drainage systems could result in increased phosphorus
concentrations.
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7.4.16 Zinc
7.4.16.1 Landuse averages

The geometric mean estimates associated with a variety of landuse categories are
presented in Table 7.64 and Figure 7.35. The largest geometric mean was associated
with catchments with percentages of industrial landuses greater than 50%.

The

geometric mean was more than two and a half times greater than the geometric mean of
the entire dataset. It is likely that the increased number of vehicle sources within
industrial areas could explain the higher zinc concentrations. However, it is also likely
that the limited sample size biased the result, and that different types of industries could
have significantly different zinc concentrations.
Catchments within percentages of non-urban landuse greater than 50% had the lowest
geometric mean estimate of EMC. The geometric mean was more than 3 times lower
than the geometric mean of the entire dataset. This was essentially due to the decreased
number of sources within non-urban landuses. The remainder of the landuse categories
had similar geometric means.

Table 7.64: Zinc concentrations associated with landuses
Log Transformed Data
Landuse

Geometric

St. Dev.

Mean

Mean

Count

ALL

0.45

-0.73

0.19

358

LUR

0.42

-0.67

0.21

173

LUIC*

0.35

-0.65

0.22

82

LUN

0.30

-1.29

0.05

48

LUM

0.40

-0.54

0.29

55

LUAGR

0.54

-0.63

0.24

22

LUI

0.18

-0.26

0.55

16

*The category excluded catchments with percentages of industrial
landuse greater than 50%.
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Zinc
Mean + 1 Standard Deviation

Landuse (sample size)

LUI>50% (16)
LUAGR>50% (22)
LUM (55)
LUN>50% (48)
LUIC>66% (82)
LUR>66% (173)
0.01

0.1

1

Event mean concentration (mg/L)

Figure 7.35: Zinc concentration versus landuse

7.4.16.2 Regression results

A regression model was constructed by sequentially including explanatory variables
into the model. The improvement in the coefficient of determination of the regression
equation corresponding with the addition of each new variable is shown in Table 7.65
and Figure 7.36.

Table 7.66 presents the regression coefficient and standardised

regression coefficient associated with each of the explanatory variables.

Table 7.65: The improvement of model accuracy associated with the addition of new
explanatory variables into the regression model predicting zinc concentration
R2

No.

Variable

1

EFFIA

0.26

2

PHR

0.36

3

TRND

0.43

4

P7RN

0.47
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Figure 7.36: The improvement in the coefficient of determination associated with the
addition of explanatory variables into the regression model predicting zinc
concentration

Table 7.66: The regression coefficients and standardised regression coefficients
associated with explanatory variables used in the regression model predicting zinc
concentration
Standardised
Explanatory

Regression

regression

variable

coefficient

coefficient

EFFIA

0.17

0.41

PHR

-5.89

-0.41

TRND

-0.34

-0.28

P7RN

-0.19

-0.19

0

3.64

N/A

The first variable entered into the stepwise regression equation predicting zinc
concentration was effective impervious area.

The positive regression coefficient

associated with effective impervious area could arise from two possibilities. The most
likely alternative is that there are increased numbers of zinc sources present within
highly impervious catchments. Such sources include building materials and various
vehicle sources. Catchments with high effective impervious areas are also likely to
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produce higher velocity flows, capable of washing greater portions of zinc adsorbed to
particulates.
The negative regression coefficient associated with rainfall pH suggests that higher
acidity rainfall produces higher zinc concentrations in runoff. This is due to the fact that
highly acidic rain is likely to corrode zinc from various sources such as building
materials.
The negative regression coefficient associated with total storm rainfall suggests that the
quantity of zinc present on the catchment surface is supply limited. This theory is
further supported by the negative regression coefficient associated with previous seven
day rainfall.

8.4.17 Regression model summary
8.4.17.1 Important explanatory variables

Despite the fact that a wide range of different variables were used in the regression
models, general trends were still identified. Arguably the most important trend was the
predominant use of rainfall and runoff depth variables in most of the models. Along
with total event rainfall and runoff depth, a large number of other rainfall depth
variables were used, including mean annual rainfall, mean monthly rainfall and rainfall
occurring in the day/s prior to a storm event. In summary, it was found that 22 out of 23
rainfall/runoff depth variables had negative regression coefficients. This suggested that
the vast majority of constituents on the catchment surface were potentially supply
limited. However, the positive regression coefficient associated with the mean annual
rainfall variable used in the regression model predicting chloride concentration arose
from the fact that this variable was acting as a surrogate for two more important
variables; proximity to the sea and average soil salinity.
Rainfall and runoff duration variables were entered into 3 regression equations. The
negative regression coefficients associated with these variables indicated that longer
duration events led to lower EMCs. It was assumed that longer duration events produce
larger volumes of runoff, which deplete the supply limited pollutants on the catchment
surface. In addition, the lower intensities associated with these events were assumed to
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have decreased erosive potential, further contributing to the lower pollutant
concentrations.
The regression coefficient signs associated with the rainfall/runoff intensity variables
were mixed. This made it difficult to specify a single, universal relationship that
defined the observed phenomena. It may be that lower intensity events increase the
contact time between the runoff and pollutants, leading to increased dissolution of
dissolved pollutants. In contrast, higher intensity events may have increased erosive
potential, leading to larger portions of particulate contaminants being eroded from the
catchment surface.
A seasonality variable (VS) was used in four models.

The positive regression

coefficient possibly suggested that a number of seasonal phenomena were likely to
influence constituent concentrations. The high constituent concentrations observed in
spring may be due to post winter snowmelt, whereby pollutants present in the snow
pack wash into waterways during rainfall events. Alternatively, the variable may define
the amount of pollutant accumulation on the catchment surface. The predominantly low
intensity drizzles occurring in the colder months may fail to deplete constituents from
the catchment surface, leading to higher concentrations in spring runoff. In addition, the
low constituent concentrations observed in autumn are likely to result from the
depletion of pollutants from the catchment surface during the frequent, high intensity
storms occurring in the preceding summer months.
Atmospheric scavenging of pollutants was believed to result in higher nitrogen
concentrations in stormwater runoff.

For example, the concentration of NOx in

rainwater was used in models predicting both TN and NOx. Furthermore, the ammonia
concentration in rainwater was used in the model predicting TKN.
The oxidation of nitrogen compounds, and their uptake by vegetation were also
dominant processes defined by the models predicting TKN and NH3.

This was

suggested by the negative regression coefficient associated with drainage area in the
model predicting NH3. Large drainage areas lead to increases in the transport time of
pollutants, thereby promoting the oxidation of NH3 into NOx. In addition, it is highly
likely that the additional vegetation in the large, nonurban catchments further decrease
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the concentrations of NH3. It was also found that higher concentrations of NH3 and
TKN were observed in catchments with large portions of impervious surfaces. The
decreased travel times, and reduced vegetation coverage meant that very little of the
NH3 present in the rainfall was either oxidized or uptaken by vegetation in such
catchments. However, additional NH3 and TKN may also be derived from sewerage
overflows in highly impervious catchments.
Effective impervious area was also used in models predicting COD, Cl, DS and TP.
The positive regression coefficients suggested that higher contaminant concentrations
were anticipated from catchments with high portions of effective impervious areas.
This may have been due to the additional sources of pollutants. Alternatively, it may
have resulted from the increased erosive power of the runoff from impervious surfaces.
Effective impervious area or impervious area was also used in all four models
predicting heavy metal concentrations. This was likely to be due to the increased
sources of metals derived from transportation activities or building materials in highly
impervious catchments.
The corrosion of metals is often further exacerbated by highly acidic rainfall. This was
supported by the negative regression coefficient associated with the pH of rainfall, used
in models predicting copper and zinc.
Population density was used in a total of 3 models (DP, NOx, TN). It was assumed that
catchments with large population densities contained additional portions of nutrients
derived from sewerage sources, fertilizers, vegetation and animal wastes. In addition,
the high concentrations NOx and TN may also be correlated with NOx emissions from
traffic sources. This was supported by the additional use of street density in the TN and
NOx models. Street density was also used in models predicting lead, primarily due to
the fact that lead was used as an antiknocking agent in petroleum in some of the years
analysed in the NURP study.
The average basin slope was used in two models, predicting DS and NOx concentration.
The negative regression coefficients indicate that higher concentrations are generally
observed on gently sloping catchments. This is likely to be due to the increased contact
time of the flow, leading to the additional uptake of dissolved contaminants.
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A number of other variables were only used in one or two regression models. They
included average monthly temperature, distance to the sea, average soil erodibility
factor, percentage of commercial and industrial landuse, percentage of residential
landuse, percentage of nonurban landuse, the percentage of sewer drains which are
curbed and guttered, and the time from the beginning of the storm event to the peak
flow.

8.4.17.2 Implications upon buildup-washoff models

The results from the regression models were deemed to have a number of important
implications upon the widely accepted buildup-washoff models. The predominantly
negative regression coefficients associated with the rainfall/runoff depth variables
supports a key buildup-washoff model hypothesis that pollutants accumulated on the
catchment surface are supply limited.
In addition, the significance of explanatory variables defining rainfall activity prior to
storm events supports the concept of pollutant buildup.

However, not one single

regression model used antecedent dry period to define pollutant buildup. Instead, the
models used depths of rainfall occurring over fixed periods prior to the storm event;
previous 7 day rainfall, previous 3 day rainfall and previous 1 day rainfall. This
suggests that the use of antecedent dry period in buildup-washoff models has certain
limitations. Foremost, antecedent dry period does not account for the fact that most
rainfall events do not fully deplete pollutants accumulated on the catchment surface.
Furthermore, antecedent dry period does not factor in the effects of multiple rainfall
events. In contrast, quantities of rainfall occurring prior to a storm event are assumed to
better account for pollutant levels on the catchment surface. They are more able to
factor in a wide variety of storm events that may have occurred prior to a given storm
event, and the relative magnitudes of those events.
Another limitation associated with the buildup-washoff models is that they
predominantly focus upon the washoff of pollutants from impervious surfaces.
However, it was observed that significant quantities of some of the nitrogen constituents
are found in the atmosphere as well as on the catchment surface. This infers that
washoff models constructed using thereotical knowledge of shear stress erosion may not
accurately define the scavenging of these compounds from the atmosphere.
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Furthermore, the dissolution and erosion of contaminants from pervious areas may
require the formation of additional relationships defining these phenonoma.

7.4.16.3 Regression model limitations

Despite the strong predictive ability of the regression models, a number of potential
limitations were identified. Foremost, the assumed functional form of the regression
models limited the relationships able to be modeled to monotonic power relationships.
Such relationships were typically deemed unable to fully represent the entire set of
phenomenon influencing urban stormwater quality.

For example, the processes

influencing the erosion of pollutants from impervious and pervious surfaces may differ
significantly. Pervious area erosion may only occur after saturation of these surfaces,
whereas impervious washoff typically occurs throughout the entire storm event. This
suggests the need for a model able to separately define pollutant removal from each
surface. Unfortunately, simplistic power relationships cannot effectively account for the
dramatic change in the erosion rate after a prespecified runoff depth is reached, defining
the beginning of pervious area erosion. Two other important processes influencing
urban stormwater quality include pervious area dissolution and atmospheric scavenging.
Once again, the use of power relationships may not be able to define the cummulative
effects of all important processes simultaneously. As a result, it was assumed that other
models such as ANNs and tree diagrams may be more versatile than the regression
models at predicting urban stormwater quality.
The use of infilled data to construct the regression models may have biased the results.
It is possible that poor predictions of pollutant concentrations may eventuate when the
regression models are applied upon catchments lying outside the calibration domain.
However, the models constructed using infilled data were still perceived to be more
accurate than models constructed without the use of such data. In addition, the models
constructed using infilled data were thought to better identify important processes
governing pollutant concentrations in stormwater runoff and variables that should be
measured during future monitoring programs.
Another limitation associated with the constructed regression models arose from the
removal of atypical storms and catchments prior to analysis. It was assumed that the
regression models would have lower predictive accuracy if these storms and catchments
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had have been left in the analysed datasets.

This would have arose from the

predominantly larger EMCs associated with atypical storms and catchments biasing the
calibration process, leading to less accurate predictions at typical urban catchments.
However, it was assumed that the significance of these larger values would be minimal
when taking into consideration that the data was logarithmically transformed prior to
the construction of multiple linear regression models.
The methods used to select key variables were also deemed to influence the accuracy of
the regression models.

In particular, it was hypothesized that the sole use of

standardised stepwise regression procedures would have led to the construction of
supoptimal models. This was partially due to the large amount of highly correlated
variables available for analysis, many of which were surrogates for more important
fundamental variables. The inclusion of many correlated variables may result in data
overfitting.

To overcome this problem, excessive numbers of highly correlated

variables were prevented from entering the model.

Furthermore, the signs of the

regression coefficients were checked to determine if they were counter-intuitive. If they
were not, the variable may have been removed from the model. It was also observed
that many catchment and broad scale climatic variables also lacked data independence.
This led to the preferential inclusion of such variables into the regression models using
standardised stepwise regression procedures, resulting in model overfitting.

To

overcome this problem, excessive numbers of variables lacking data independence were
prevented from entering the models.
In summary, it was assumed that a number of equally valid regression models may have
been constructed on the given datasets. A combination of highly correlated variables
often explained a similar portion of explainable variability in the dependent variable.
However, the use of process knowledge to aid in the selection of key variables was
deemed to produce models with good generalization ability.

7.4.16.4 Comparison with Driver and Tasker’s (1990) models

The regression models constructed in the current study were compared with those
developed in a seminal study by Driver and Tasker (1990). The standard error of
estimate was used for comparison, since it enabled the direct comparison between event
load and EMC models. The results from this comparison are presented in Table 7.67.
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In general, the EMC models constructed in the current study were significantly more
accurate than the event load models constructed by Driver and Tasker (1990). The two
exceptions to this general rule were associated with the models predicting cadmium and
dissolved solids. However, the limited dataset size used to develop the cadmium model
in the current study restricted the total number of explanatory variables used in the final
model, thereby significantly reducing the accuracy of this model. On average, the EMC
models constructed in the current study were also more accurate than the EMC models
constructed in the Driver and Tasker (1990) study. However, four of the EMC models
constructed by Driver and Tasker (1990) were more accurate than the associated
regression models constructed in the current study. They were the models predicting
cadmium, chemical oxygen demand, dissolved phosphorus and dissolved solids. Once
again, the models predicting cadmium and dissolved phosphorus in the current study
were perceived to be limited by small datasets which restricted the number of
explanatory variables able to be included in the final model.
The regression models constructed in the current study were developed on smaller
datasets than those constructed by Driver and Tasker (1990). This was assumed to limit
the total number of explanatory variables able to be entered into the regression models
constructed in the current study. Furthermore, it meant that the errors associated with
the models were not directly comparable, since they were calculated on different
domains of data.
Overall, the regression models developed in the current study were assumed to have
several advantages when compared to the models developed by Driver and Tasker
(1990). First of all, explanatory variables were entered into the regression models in the
current study based upon the stength of their correlation with EMC rather than event
load, as in the Driver and Tasker (1990).

This was assumed to better allow the

identification of the most important processes influencing urban stormwater quality.
Furthermore, the models constructed in the current study were developed using
additional explanatory variables not analysed in the Driver and Tasker (1990) study.
This was also assumed to better allow the identification of the most important processes
influencing urban stormwater quality. In particular, the use of multiple storm variables
was believed to more accurately model storm to storm differences in EMC at single
catchments, previously unaccounted for by simply total event rainfall depth, as in the
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Driver and Tasker (1990) study. Furthermore, additional water quality constituents not
analysed in the Driver and Tasker (1990) study were successfully modelled in the
current study. They were ammonia, nitrogen oxide and chloride.

Table 7.67: Comparison between the standard errors of estimate associated with
regression models constructed by Driver and Tasker (1990) and those constructed in
the current study
Water quality

Driver and Tasker (1990)

constituent

Current study

Event load

EMC

EMC

Cd

92

73

97

COD

121

76

83

Cu

144

90

75

DP

129

99

114

DS

71

72

78

Pb

156

106

89

SS

201

143

105

TKN

123

83

70

TN

124

74

64

TP

141

108

81

Zn

162

105

87

Average

133

94

86

7.4.16.5 Application of regression models

An example of how to apply the regression models has been described in this
subsection. A city engineer from Salt Lake City, Utah, requires an estimate of copper
EMC for a storm event with a rainfall depth of 8mm preceded by 4 storms precipitating
a total of 25mm of rainfall in the preceding 7 days. The urban catchment under analysis
has a drainage area of 50 hectares and an effective impervious area of 67 percent. In
addition, catchments located in Salt Lake City, Utah have an average rainfall pH of 5.1.
The copper EMC is calculated as follows:
Cu  10 

( 2.23)

 67 

0.24 

 50

0.25 

 5.1

 5.84 

 8

Cu  0.026 mg / L
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 0.33 

 25

 0.18 

8.4.18 Water quality model comparison

The results in the tables located in Appendix E show various average percentage errors
for each model and each contaminant type. In addition, scatter plots were generated.
Predicted EMCs versus observed EMCs were plotted for a number of important model
types, and then placed in Appendix F. Furthermore, predicted yield was plotted against
site sample size for a number important types of models. These graphs were then
placed in Appendix G.
Constant concentration models were initially compared to determine whether geometric
means or arithmetic means were more applicable at predicting urban stormwater quality
and long term yields. Comparisons between the two measures of central tendency are
presented in Tables 8.68 to 8.71. In general, constant concentration models constructed
using geometric means were more accurate than equivalent models constructed using
arithmetic means. This was anticipated, since the majority of water quality parameters
are typically lognormally distributed. Coincidently, most variables display negative
correlations between EMC and total runoff depth. As a result, measures of central
tendency which accurately predict the lower concentrations (such as geometric means)
tend to accurately predict the larger yields which dominate the calculation of long term
yields.

In contrast, the models constructed using arithmetic means tended to

overestimate typical EMCs, due to the fact that large outlying values potentially biased
model calibration. This subsequently led to an over estimation of long term yields by
such models. The one exception to this general rule was associated with the constant
concentration models predicting long term suspended solids yields at single sites. At
most sites, the arithmetic mean provided more accurate estimates of long term yield
than the geometric mean. This was assumed to result from the predominantly positive
correlations between suspended solids concentration and total event runoff depth within
the analysed sites.
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Table 7.68: Comparison between two measures of central tendency used in constant
concentration models predicting water quality at single sites (verified on calibration
data)
Measure of

SEE (%)

AAPE (%)

AAPE (%)

central tendency

EMC

EMC

Long term yield

Geometric mean

84

75

17

Arithmetic mean

98

132

26

Table 7.69: Comparison between two measures of central tendency used in constant
concentration models predicting water quality at single metropolitan areas (verified on
calibration data)
Measure of

SEE (%)

AAPE (%)

AAPE (%)

central tendency

EMC

EMC

Long term yield

Geometric mean

104

95

40

Arithmetic mean

132

180

86

Table 7.70: Comparison between two measures of central tendency used in constant
concentration models predicting water quality associated with four distinct landuse
categories (verified on calibration data)
Measure of

SEE (%)

AAPE (%)

AAPE (%)

central tendency

EMC

EMC

Long term yield

Geometric mean

131

116

74

Arithmetic mean

169

233

151

Table 7.71: Comparison between two measures of central tendency used in constant
concentration models predicting water quality throughout the entire nation (verified on
calibration data)
Measure of

SEE (%)

AAPE (%)

AAPE (%)

central tendency

EMC

EMC

Long term yield

Geometric mean

145

144

79

Arithmetic mean

204

294

180

It should also be noted that using flow-weighted means to construct constant
concentration models may lead to more accurate estimates of long term yields. This
was inferred in a previous analysis of total phosphorus data, which compared the ability
of various measures of central tendency to predict long term yields at single sites.
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However, it is uncertain as to how well the flow-weighted mean would predict EMCs
and long term yields on limited datasets. Furthermore, estimates of pollutant variability
may be difficult to generate to coincide with estimates of flow-weighted concentration.
In constrast, standard deviations may be calculated and used to construct confidence
intervals associated with both arithmetic and geometric mean estimates. These values
may also be used to generate estimates of pollutant concentrations and loads in
stochastic models. As a result, it was concluded that constant concentration models
constructed using geometric means were the most versatile.

Therefore, further

discussion in this subsection shall focus upon constant concentration models
constructed using the geometric mean.
The geometric mean of EMCs at a particular site provided the most accurate results for
the majority of contaminants. However, most of these models were likely to be over
fitted on small datasets. This was due to the fact that all available data was used for
model calibration. A previous analysis upon the effect of sample size upon the accuracy
of estimates of geometric means suggested that a minimum of 5 storms were generally
required to adequately define the geometric mean of EMCs at a single site.
Approximately 30% of all sites analysed contained fewer than 5 sampled storms. As a
result, these sites may have biased the overall error associated with the at site geometric
mean estimates. However, it was concluded that this model type should only be used as
a reference point to compare the other models. Furthermore, it should be pointed out
that this type of model was unable to predict stormwater quality at unmonitored
catchments.
Various models for predicting urban stormwater quality at unmonitored metropolitan
areas were then compared.

The results are presented in Table 7.72.

The most

consistently accurate models for predicting EMCs at metropolitan areas with no prior
sampling were the stepwise regression models. The regression models had the lowest
average AAPE and SEE associated with EMC predictions. Furthermore, they also had
the lowest AAPE associated with long term yield predictions.
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Table 7.72: Average verification errors associated with models predicting urban
stormwater quality at unmonitored metropolitan areas
SEE (%)

AAPE (%)

AAPE (%)
Long term

Model

EMC

EMC

yield

Geometric mean of the entire dataset*

145

144

79

Geometric mean concentration the 3 MARN subsets

218

251

130

Geometric mean concentration of the 4 landuse subsets

156

161

91

Regression model

103

99

59

*The errors were not validated on unmonitored metropolitan areas

The remainder of models predicting EMCs at unmonitored metropolitan produced
average errors that were much higher than the errors associated with the regression
model. The second best predictions were associated with a simple geometric mean
estimate of the entire dataset. This was surprising, since landuse is often regarded as a
key variable in the context of stormwater quality prediction. However, it is possible
that the landuse based models may have simply been over fitted on the smaller datasets.
Furthermore, certain landuse categories (i.e. industrial and agricultural) were removed
during data preprocessing. It should also be noted that the percentage of nonurban
landuse may produce significantly lower concentrations than the remainder of landuse
categories. This is implied by the bar graphs presented in the previous section. Future
studies may benefit by removing percentage of nonurban landuse prior to model
calibration. Therefore, this result does not suggest that landuse should be ignored in
further studies; rather it should be used with some degree of caution when the estimates
are derived from small datasets.
The ability to forecast urban stormwater quality at unmonitored sites was also analysed.
Geometric mean estimates from catchments within metropolitan areas were compared to
the regression models. Both of these model types were verified using a series of leave
one site out analyses. The summarized results are presented in Table 7.73. It can be
seen that the regression models predicted EMCs more accurately than the mean
metropolitan area concentration models.

However, the average long term yield

predictions for both model types were almost identical. It is possible that the errors
associated with mean metropolitan area concentration model should be lower. This is
due to the fact that a geometric mean estimate of the entire dataset was used at
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metropolitan areas which only had water quality data from a single catchment. In
addition, the results may have been be biased by metropolitan areas which had limited
sampling and/or potentially outlying EMCs. For example, observation of scatter plots
presented in Appendix F showed that a slight trend existed between sample size and the
long term yield validation errors associated with the geometric mean metropolitan area
concentration models.

Table 7.73: Average verification errors associated with models predicting urban
stormwater quality at unmonitored catchments
SEE (%)

AAPE (%)

AAPE (%)
Long term

Model

EMC

EMC

yield

Mean metropolitan area concentration

125

113

58

Regression model

103

94

57

The amount of sampling required to effectively construct and apply a mean
metropolitan area concentration model is difficult to quantify. Even when there appears
to be sufficient sampling at a given metropolitan area, the simplistic geometric mean
may not be sufficient to define all of the variability associated with site mean
concentrations. This is suggested by the strong statistical significance associated with
catchment variables such as percent of impervious area (used in many regression
models).

Furthermore, the significance of many storm variables and high EMC

variability observed at single sites also suggests that sites within metropolitan must be
well sampled in order to provide a representative site mean concentration. However,
despite these limitations, the simplistic geometric mean of metropolitan area
concentration might be deemed advantageous, based upon its simplicity and
practicality. Overall, it was shown that the use of a geometric mean concentration to
predict water quality in a given metropolitan area was more valid than using a
nationwide average.

This suggests that there are locally homogeneous factors

influencing urban stormwater quality at a regional scale.
The average long term yield errors presented in Table 7.73 may have been biased by
one or more outlying values. Therefore, it was deemed necessary to evaluate long term
yield errors associated with each constituent. These values are presented in Figure 7.37.
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It can be seen that the average long term yield errors associated with models predicting
chloride concentration were much larger than the errors associated with the remainder
of models. When models predicting chloride were excluded, the average long term
yield error associated with the regression models became 6% lower than the average
long term yield error associated with the geometric mean metropolitan area models.
Overall, regression models produced less accurate average long term yield errors for 6
out of the 14 analysed constituents.

This further supported the conclusion that

regression models were generally more appropriate than geometric mean metropolitan
area concentration models at predicting stormwater concentration at unmonitored
catchments.
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Figure 7.37: Comparison between long term yield AAPEs associated with geometric
mean metropolitan area concentration and regression models validated using a leave
one site out analyses

8.4.19 ANN applicability

ANN models were constructed to predict five of the most prevalent water quality
constituents monitored during the NURP program; chemical oxygen demand (COD),
lead (Pb), suspended solids (SS), total Kjeldhal nitrogen (TKN) and total phosphorus
(TP). Explanatory variables found significant during the regression analyses were used
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as inputs in the ANN models, and various network parameters and topology were
optimised using a trial and error approach.

ANN models were then validated on

independent data, and compared with the regression models.

8.4.19.1 Chemical oxygen demand

Artificial neural networks were initially constructed to predict chemical oxygen demand
(COD). Learning rate was the first network parameter to be optimised. As mentioned
in the methodology chapter, the learning rate for weights between the input and hidden
layer (1) was assumed to be twice the size of the learning rate for weights between the
hidden and output layer (2). This reduced the total number of combinations of network
parameters that had to be optimised.
The effect of the learning rate associated with weights between the input and hidden
layer (1) upon the accuracy of ANN models is depicted in Figure 7.38. The lowest
standard error of estimate (SEE) and average absolute percentage error (AAPE) was
associated with a network with a 1 equal to 0.8. However, it was assumed that this
learning rate produced an excessive error oscillation around the local minimum.
Therefore, this learning rate was not deemed to be the optimum. The second lowest
SEE was associated with a 1 of 0.12. This network also had a relatively low AAPE of
72.5%, which was the fifth lowest. In addition, it was assumed that the error oscillation
about the local minimum was relatively small when compared to the remainder of
models.

Therefore, the optimum learning rates for models predicting COD were

assumed to be 1 = 0.12 and 2 = 0.06. Subsequent ANN models predicting COD were
constructed using these learning rates.
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Figure 7.38: The effect of the learning rate for weights connecting the input layer to the
hidden layer (lr1) upon the accuracy of ANN models predicting chemical oxygen
demand

A trial and error approach was then used to identify the optimum momentum term for
networks predicting COD. The results from these analyses are presented in Figure 7.39.
The errors associated with the majority of networks varied by less than one percent.
The equal lowest standard errors of estimate were associated with networks with
momentums terms equal to 0.02, 0.04, 0.1 and 0.2.
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Figure 7.39: The effect of momentum upon the accuracy of ANN models predicting
chemical oxygen demand

However, the error oscillation around the local minimum was the lowest for the network
constructed using a momentum equal to 0.2. It also had a lower AAPE compared to the
networks with lower momentums. In fact, it produced the second lowest AAPE out of
all analysed networks. Furthermore, it reached network convergence more quickly than
the other networks with comparable standard errors of estimate. Therefore, it was
assumed that the network constructed using a momentum of 0.2 was the optimum. This
value of momentum was used in subsequent COD models.
A trial and error approach was then used to determine the optimum number of hidden
nodes to be used in an ANN predicting COD. The results from this analysis are
presented in Figure 7.40. It was observed that the network constructed using 6 hidden
nodes produced excessively large, potentially outlying errors. The errors associated
with the remainder of models varied by considerably less. The lowest standard error of
estimate was associated with a model constructed using 17 nodes in the hidden layer. It
was also observed that a model constructed using 5 hidden nodes in the hidden layer
had a comparable SEE and lower error oscillation about the point of network
convergence. However, the AAPE associated with the model with 5 hidden nodes was
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much larger than the AAPE associated with the model with 17 hidden nodes.
Therefore, the optimum model predicting COD was assumed to have 17 nodes in the
hidden layer.
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Figure 7.40: The effect of the number of hidden nodes upon the accuracy of ANN
models predicting chemical oxygen demand

8.4.19.2 Lead

Artificial neural networks predicting lead concentration were then constructed.
Learning rate was initially optimised. Once again, it was assumed that the learning rate
associated with weights connecting the input and hidden layer nodes (1) was twice as
large as the learning rate associated with the weights connecting the hidden and output
layer nodes (2). The effect of 1 upon model accuracy is presented in Figure 7.41.
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Figure 7.41: The effect of the learning rate for weights connecting the input layer to the
hidden layer (lr1) upon the accuracy of ANN models predicting lead

The lowest standard error of estimate (SEE) was associated with a 1 of 0.3. However,
it was assumed that this learning rate produced an excessively large error oscillation
about the local minimum. In addition, the average absolute percentage error (AAPE)
associated with this ANN was larger than the remainder of AAPEs. Therefore, this
learning rate was not deemed be optimum. The second lowest SEE was associated with
a network with a 1 equal to 0.2. This network also had the second lowest AAPE and
minimal error oscillation about the point of network convergence.

Therefore, the

optimum learning rates for models predicting lead were assumed to be 1 = 0.2 and 2 =
0.1. Subsequent ANN models predicting lead were constructed using these learning
rates.
A trial and error approach was then used to identify the optimum momentum term for
networks predicting lead. The results from this analysis are presented in Figure 7.42.
Overall, the network accuracies varied by less than one percent.

A total of four

networks produced the equal lowest standard errors of estimate. These networks had
momentums equal to 0.01, 0.02, 0.04 and 0.4. The network with a momentum equal to
0.04 produced the lowest AAPE out of the 4 networks with comparable SEEs.
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However, it had a larger error oscillation about the point of network convergence when
compared to the networks constructed using a momentums of 0.01 and 0.02. The
networks constructed using momentums equal to 0.01 and 0.02 had the equal second
lowest AAPEs. However, the network constructed using a momentum of 0.01 had a
lower error oscillation about the point of network convergence than the network
constructed using a momentum of 0.02. Therefore, it was assumed that the network
constructed using a momentum of 0.01 was the optimum. This value was used in
subsequent ANN models predicting lead concentration.
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Figure 7.42: The effect of momentum upon the accuracy of ANN models predicting lead

A trial and error approach was then used to determine the optimum number of hidden
nodes to be used in an ANN predicting Pb. The results from this analysis are presented
in Figure 7.43. The lowest standard error of estimate was associated with a network
constructed using 11 hidden nodes. However, the AAPE associated with this model
was the third largest. Furthermore, the error oscillation about the point of network
convergence was deemed to be excessive. Therefore, this model was not deemed to be
the optimum. A model with 14 nodes in the hidden layer produced the lowest AAPE
and second lowest SEE. Furthermore, the error oscillation about the local minimum
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was deemed to be insignificant for this network.

Therefore, the optimum model

Error (%)

predicting Pb was assumed to have 14 nodes in the hidden layer.
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Figure 7.43: The effect of the number of hidden nodes upon the accuracy of ANN
models predicting lead

8.4.19.3 Suspended solids

Artificial neural networks predicting suspended solids (SS) concentration were
constructed. Learning rate was initially optimised. Once again, it was assumed that the
learning rate associated with weights connecting the input and hidden layer nodes (1)
was twice as large as the learning rate associated with the weights connecting the hidden
and output layer nodes (2). The effect of 1 upon model accuracy is presented in
Figure 7.44.
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Figure 7.44: The effect of the learning rate for weights connecting the input layer to the
hidden layer (lr1) upon the accuracy of ANN models predicting suspended solids

By far the most accurate model was constructed using a 1 of 0.8. The model produced
the lowest SEE and AAPE, as well as having insignificant error oscillations about the
point of local minimum. Furthermore, the model reached convergence faster than any
of the other models. Therefore, the optimum learning rates for models predicting SS
were assumed to be 1 = 0.8 and 2 = 0.4. Subsequent ANN models predicting SS were
constructed using these learning rates.
A trial and error approach was then used to identify the optimum momentum term for
networks predicting SS. The results from these analyses are presented in Figure 7.45.
In general, as the momentum increased so did the standard error of estimate. The
lowest SEE and AAPE were associated with a network constructed using a momentum
of 0.01. Furthermore, the error oscillation about the point of network convergence was
deemed to be neglible for this momentum. Therefore, it was assumed that the network
constructed using a momentum of 0.01 was the optimum. This value was used in
subsequent SS models.
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Figure 7.45: The effect of momentum upon the accuracy of ANN models predicting
suspended solids

A trial and error approach was then used to determine the optimum number of hidden
nodes to be used in an ANN predicting SS. The results from this analysis are presented
in Figure 7.46. The lowest SEE and AAPE were associated with the model constructed
using 8 nodes in the hidden layer. Futhermore, this model produced insignificant error
oscillations about the local minimum. Therefore, the optimum model predicting SS was
assumed to have 8 nodes in the hidden layer.
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Figure 7.46: The effect of the number of hidden nodes upon the accuracy of ANN
models predicting suspended solids

8.4.19.4 Total Kjeldhal nitrogen

Artificial neural networks predicting total Kjeldhal nitrogen (TKN) concentration were
then constructed. Learning rate was initially optimised. Once again, it was assumed
that the learning rate associated with weights connecting the input and hidden layer
nodes (1) was twice as large as the learning rate associated with the weights connecting
the hidden and output layer nodes (2). Figure 7.47 shows how 1 influenced network
accuracy.
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Figure 7.47: The effect of the learning rate for weights connecting the input layer to the
hidden layer (lr1) upon the accuracy of ANN models predicting total Kjeldhal nitrogen

By far the most accurate network had a 1 equal to 0.2. It produced the lowest SEE and
AAPE and displayed negligible error oscillation about the local minimum. Therefore,
the optimum learning rates for models predicting TKN were assumed to be 1 = 0.2 and
2 = 0.1. Subsequent ANN models predicting TKN were constructed using these
learning rates.
A trial and error approach was then used to identify the optimum momentum term for
networks predicting TKN. The results from these analyses are presented in Figure 9.48.
In general, as the momentum increased so did the errors. The lowest SEE and AAPE
were associated with a momentum of 0.01.

Furthermore, this momentum had a

negligible error oscillation about the point of network convergence. Therefore, it was
assumed that the network constructed using a momentum of 0.01 was the optimum.
This value was used in subsequent ANN models predicting TKN.
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Figure 7.48: The effect of momentum upon the accuracy of ANN models predicting
total Kjeldhal nitrogen

A trial and error approach was then used to determine the optimum number of hidden
nodes to be used in an ANN predicting TKN. The results from this analysis are
presented in Figure 7.49. The lowest values of SEE and AAPE were associated with a
network with 11 nodes in the hidden layer. In addition, this model had insignificant
error oscillations at the point of network convergence. Therefore, the optimum model
predicting TKN was assumed to have 11 nodes in the hidden layer.
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Figure 7.49: The effect of the number of hidden nodes upon the accuracy of ANN
models predicting total Kjeldhal nitrogen

8.4.19.5 Total phosphorus

Artificial neural networks predicting total phosphorus (TP) concentration were then
constructed. Learning rate was initially optimised. Once again, it was assumed that the
learning rate associated with weights connecting the input and hidden layer nodes (1)
was twice as large as the learning rate associated with the weights connecting the hidden
and output layer nodes (2). Figure 7.50 shows how 1 influenced network accuracy.
The lowest SEE was associated with a network with a 1 of 0.4. Furthermore, this
network had the third lowest AAPE and displayed minimal error oscillations at the point
of network convergence. Therefore, the optimum learning rates for models predicting
TP were assumed to be 1 = 0.4 and 2 = 0.2. Subsequent ANN models predicting TP
were constructed using these learning rates.
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Figure 7.50: The effect of the learning rate for weights connecting the input layer to the
hidden layer (lr1) upon the accuracy of ANN models predicting total phosphorus

A trial and error approach was then used to identify the optimum momentum term for
networks predicting TP. The results from these analyses are presented in Figure 7.51.
The lowest SEE and AAPE were associated with a momentum of 0.04. Furthermore,
this momentum had a negligible error oscillation about the point of network
convergence.

Therefore, it was assumed that the network constructed using a

momentum of 0.04 was the optimum. This value was used in subsequent TP models.
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Figure 7.51: The effect of momentum upon the accuracy of ANN models predicting
total phosphorus

A trial and error approach was then used to determine the optimum number of hidden
nodes to be used in an ANN predicting TP. The results from this analysis are presented
in Figure 7.52. The lowest values of SEE and AAPE were associated with a network
with 15 nodes in the hidden layer. In addition, this model had insignificant error
oscillations at the point of network convergence.

Therefore, the optimum model

predicting TP was assumed to have 15 nodes in the hidden layer.
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Figure 7.52: The effect of the number of hidden nodes upon the accuracy of ANN
models predicting total phosphorus

8.4.19.6 Model summary

Once the optimum network parameters and topology had been determined for each
ANN model, they were compared. The optimum learning rate, momentum and number
of hidden nodes for each model are presented in Table 7.74. In general, the optimum
network parameters and topology varied between models. Overall, the number of
hidden nodes was found to influence model accuracy more than either momentum or
learning rate. However, there were no general trends observed between model accuracy
and network parameters or topology.

Table 7.74: Optimum network parameters associated with each ANN model
1

2



NH

COD

0.12

0.06

0.2

17

Pb

0.2

0.1

0.01

14

SS

0.8

0.4

0.01

8

TKN

0.2

0.1

0.01

11

TP

0.4

0.2

0.04

15

Water quality constituent
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After determing optimum network parameters and topology, the models were validated.
ANN models were validated using two methods.

The first method used a cross

validation approach, with data separated into training (90%) and validation (10%) sets.
The second method separated data into 3 subsets; training (70%), testing (20%) and
validation (10%). The validation errors derived for the ANN models were compared
with validation errors associated with regression models, derived using a cross
validation approach with data separated into calibration (90%) and validation (10%)
subsets. These validation errors are presented in Table 7.75. In addition, predicted
versus observed EMCs graphs were plotted for the regression model and ANN model
validated on unseen data. These graphs are presented in Appendix H.

Table 7.75: Validation errors associated with the regression and ANN models
Water quality
constituent

1

1

Regression

2

ANN

ANN

AAPE

SEE

AAPE

SEE

AAPE

SEE

COD

70

86

67

84

69

89

Pb

79

95

78

96

87

105

SS

102

111

94

102

107

115

TKN

65

75

56

69

62

74

TP

73

86

69

84

76

87

1

Models constructed using training (90%),and validation (10%) sets (cross validation).

2

Models constructed using training (70%), testing (20%), and validation (10%) sets.

Overall, it was found that ANN models validated using unseen data were always less
accurate than ANN models validated using a cross validation approach. This was
anticipated, since the ANN models validated using cross validation were generally
overfitted. The reason for this was that the validation sets were used as test sets in the
cross validation analyses. Hence, these sets were indirectly used to determine when to
cease network training and therefore not truly independent of model calibration.
In general, the ANN models validated using a cross validation approach were more
accurate than the regression models (also validated using a cross validation approach).
The one exception to the general rule was lead, although the difference between the
standard errors of estimate associated with the two model types was only one percent.
It should also be noted that, unlike the ANN models, the regression models were not
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overfitted. This was due to the fact that the regression validation sets were essentially
independent of the model calibration process.
Regression models validated using a cross validation approach were then compared to
ANN models validated using unseen data (method 2). Overall, the regression models
were generally found to be more accurate. However, the ANN model model predicting
TKN concentration was more accurate than the regression model by between 1 and 3
percent. Furthermore, the ANN model predicting COD concentration had an AAPE one
percent lower than the regression model. The remainder of regression models were
consistently more accurate than the associated ANN models. In fact, regression model
errors were up to ten percent lower than the ANN model errors. This comparison
between regression and ANN models was deemed to provide the best indication of the
true generalisation ability of the constructed ANN models, since the risk of overfitting
was deemed to be minimal. Consequently, it was concluded that regression models
were more applicable than ANN models when predicting urban stormwater quality. In
general, ANN models were less accurate and considerably more time consuming to
construct than regression models.
After the construction of the final ANN models, sensitivity analyses were carried out.
These ANN sensitivities were compared with the standardised regression coefficients
from the regression models, as shown in Tables 8.76 to 8.80. Potential differences
between the models were then identified, by comparing the signs and magnitudes of the
sensitivities and standardised regression coefficients. Overall, the signs of the ANN
sensitivities were generally compatible with the signs of the standardised regression
coefficients. The only exceptions to the rule were associated with models predicting
lead and suspended solids.

The observed differences were difficult to explain.

However, regression models were typically more accurate, more transparent and less
prone to data overfitting. Therefore, more confidence was placed in the signs of the
standardised regression coefficients.
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Table 7.76: The sensitivities and standardised regression coefficients associated with
explanatory variables used in the ANN and regression models predicting chemical
oxygen demand
Explanatory

ANN

Standardised

sensitivity (%)

regression coefficient

TRND

-7.1

-0.51

MAP

-2.5

-0.25

P3RN

-3.1

-0.25

EFFIA

2.8

0.19

QMAX

1.9

0.16

variable

Table 7.77: The sensitivities and standardised regression coefficients associated with
explanatory variables used in the ANN and regression models predicting lead
Explanatory

ANN

Standardised

sensitivity (%)

regression coefficient

DRF

4.7

-0.16

IA

5.1

0.28

SD

-5.9

0.2

VS

2.7

0.22

P7RN

-3.2

-0.18

LUR

1.4

0.11

QMAX

9.4

0.6

TRFD

-7.7

-0.49

variable

Table 7.78: The sensitivities and standardised regression coefficients associated with
explanatory variables used in the ANN and regression models predicting suspended
solids
Explanatory

ANN

Standardised

sensitivity (%)

regression coefficient

RAI

-1.2

-0.25

MAR

8.4

-0.24

VS

-8.9

0.26

LUN

3.8

0.24

DRN

3.7

-0.45

M5RR

-3.9

0.52

variable
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Table 7.79: The sensitivities and standardised regression coefficients associated with
explanatory variables used in the ANN and regression models predicting total Kjeldhal
nitrogen
Explanatory

ANN

Standardised

sensitivity (%)

regression coefficient

EFFIA

3.4

0.32

NH4CR

5.3

0.28

P7RN

-14.0

-0.22

QMAX

7.3

0.32

ROI

-4.4

-0.62

variable

Table 7.80: The sensitivities and standardised regression coefficients associated with
explanatory variables used in the ANN and regression models predicting total
phosphorus
Explanatory

ANN

Standardised

sensitivity (%)

regression coefficient

MAP

-5.5

-0.3

LUR

3.2

0.25

P3RN

-3.8

-0.19

EFFIA

4.5

0.16

SCGD

-4.8

-0.2

DRN

-6.0

-0.2

KAVE

3.8

0.22

variable

In the models predicting lead concentration, two explanatory variables had signs
associated with the standardised regression coefficients and ANN sensitivities which
differed. It was assumed that the positive sensitivity associated with duration of runoff
was counter-intuitive. In general, longer duration runoff events should produce larger
runoff volumes, more likely to deplete accumulated pollutants from the surface of the
catchment. This would result in a dilution effect, with lower concentrations being
observed during longer duration storms. In addition, longer duration events generally
have lower rainfall intensities. The lower erosive power of runoff associated with such
events is less likely to erode particulate pollutants, such as lead. This would further
contribute to the lower pollutant concentrations associated with long duration runoff
events.

However, the positive sensitivity associated with the duration of rainfall
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variable used in the ANN model predicting lead may be due to its correlation with other
storm variables included in the model; total event runoff depth and peak flowrate.
Street density also had a potentially counter-intuitive sensitivity in the ANN model
predicting lead concentration. The negative sign associated with the sensitivity was
inexplicable.

It is typically presumed that catchments with higher street densities

should have increased sources associated with traffic activities. This would result in
higher lead concentrations in runoff.

However, the relationship may have been

influenced by the inclusion of other correlated explanatory variables in the ANN model,
such as percentage impervious area or residential landuse.
In the models predicting suspended solids concentration, four explanatory variables had
signs associated with the standardised regression coefficients and ANN sensitivities
which differed. These observed discrepancies may have resulted from the inclusion of a
number of correlated storm variables into the models. They were the duration of
rainfall, maximum 5 minute rainfall rate and average rainfall intensity. The positive
ANN sensitivity associated with the duration of rainfall variable differed from the
negative standardised regression coefficient associated with this variable. However, it
is possible that longer duration events may fully saturate the pervious areas in the
catchment, leading to the increased erosion of suspended solids from these areas during
long duration storms. However, the negative ANN sensitivities associated with the two
rainfall intensity variables were potentially counter intuitive. It was assumed that at
least one of the variables should exhibit a strong positive sensitivity, due to the fact that
higher intensity rainfall generally has increased erosive power. However, the lower
intensity events typically have longer durations, hence larger volumes. Once again, the
increased volume of rainfall may saturate the pervious areas in the catchment, resulting
in the erosion of a virtually unlimited quantity of solids from exposed soils in these
areas.
The ANN sensitivity associated with mean annual rainfall used in SS model was
initially deemed counter-intuitive. It is generally presumed that an increase in the
frequency and volume of storms occurring in areas of high annual rainfall would be
more prone to deplete pollutants accumulated on the catchment surface, leading to
lower average concentrations. However, it may be possible that areas with higher mean
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annual rainfall saturate larger portions of pervious land, leading to higher portions of
solids becoming eroded from these areas.
Overall, the sensitivities associated with the variables included in the ANN model
predicting SS concentrations may be supported by other analyses. For example, a
previous analysis by Athayde et al. (1983) identified that a strong positive correlation
existed between SS concentration and total event runoff depth at a large number of sites
analysed in the Nationwide Urban Runoff Program. This result also suggests that the
saturation of pervious areas by large volumes of rainfall eventually leads to the erosion
of significant quantites of solids from exposed soils. However, it is uncertain as to why
the results from the ANN and regression analyses in the current study are conflicting.
Perhaps the over simplified monotonic relationships defined by the regression model
was too limited.
The redundancy of input variables may also be evaluated using sensitivity analyses. In
this study, the relative significance of explanatory variables used in the ANN and
regression models were generally comparible to one another. Hence, it may be assumed
that the inclusion of the majority of variables in the ANN models was justified. The use
of sensitivity analyses to determine a parsimonious set of inputs for the ANN models is
subject to a number of limitations. Foremost, it would be extremely time consuming,
particularly in situations comparable to the current study whereby an excessively large
number of highly correlated variables were available for analysis. Furthermore, most
sensitivity analyses are generally unable to determine the true significance of
nonmonotonic relationships, and cannot be used to identify synergistic sets of variables.
Therefore, the use of stepwise regression combined with process knowledge was
deemed an appropriate means of determing inputs for ANN models in the current study.
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8 Conclusions
8.1 Introduction
There are a number of pollutants present in urban stormwater runoff including solids,
organics, nutrients and heavy metals.

Natural sources of pollutants contribute to

background concentrations, which existed prior to human intervention. Anthropogenic
sources tend to increase these pollutant concentrations to levels that are far above
background concentrations.

Such sources include building materials, combustion

activities, sewerage, various types of chemicals and transport related activities.
Furthermore, changes to the natural drainage systems can exacerbate the degradation of
urban waterways.
There are a large number of interrelated processes that influence the movement of
pollutants in urban catchments.

Meteorological processes directly and indirectly

influence pollutant concentrations in urban stormwater runoff. Wind may transport
atmospheric pollutants long distances until they are deposited on the ground surface,
available for washoff in subsequent storms. Furthermore, in cloud and below cloud
scavenging can contaminate rainfall. Erosion resulting from rainfall impaction further
increases pollutant levels, as does runoff erosion occurring on land surfaces and in
drainage channels. Pollutant concentrations are also influenced by several additional
important processes including sedimentation, leaching, dissolution and adsorption.
There are a number of different urban stormwater quality models that have been
developed. They range from simple statistical models to more complex process-based
models such as the buildup-washoff models. The main advantage of the buildupwashoff models is that they attempt to replicate real life processes. This potentially
decreases the likelihood of accepting irrational values for the calibration parameters,
that otherwise may lead to highly inaccurate estimates in statistical models. However,
the main disadvantage associated with the buildup-washoff models is that they are often
oversimplified, crude representations of real life phenonema. Alternatively they are
incorporated into complex computer simulation models, with excessively large numbers
of calibration coefficients, unable to be approximated with the limited amount of
fundamental data available.

In contrast, statistical models do not provide exact

replications of reality. Instead, the models rely upon identifying the most important
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trends influencing urban stormwater quality.

These models may then be used to

construct hypotheses for future studies. Alternatively they may be used to directly
predict urban stormwater quality at unmonitored catchments. There are a wide range of
statistical techniques available, ranging from simple constant concentration models to
more complicated models with many parameters.
The main objective of the current study was to determine whether artificial neural
networks (ANN) could be used to predict urban stormwater quality at unmonitored
catchments. In order to achieve this main goal, a number of other statistical techniques
capable of predicting urban stormwater quality were explored. Comparative analyses
were then used to highlight the strengths and weaknesses associated with the ANN
models.

8.2 Data preprocessing
The data used in the current study was obtained from the Nationwide Urban Runoff
Program (NURP). During this program, storm events were monitored at catchments
located throughout the United States.

The collation of this information provides

arguably the largest, most homogeneous urban stormwater runoff quality dataset in the
world.
The data was initially preprocessed. Unique storm events were defined, and event mean
concentrations calculated. Atypical storm event variables were then removed using the
following criteria:


total rainfall < 1.27 mm;



total runoff = 0mm;



large base flows (where the ratio between base flow and peak flow was greater
than 0.35).

Atypical catchment variables were then identified and removed using the following
criteria:


detention storage facilities located at the pour point;



ratio between the detention storage volume and the total drainage area was
greater than 20mm;



industrial landuse > 50%;
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agricultural landuse > 50%;



population density > 80 people/ha;



rainfall runoff simulation plots (with drainage areas = 0.0104 ha);



total drainage area > 3000 ha;



geographically remote sites (i.e. Hawaii and Alaska).

Data from other studies was also incorporated into the NURP data. As a final step in
the preprocessing of data, missing storm, catchment and broad scale climatic variables
were infilled using simple statistical techniques.

8.3 Total phosphorus analyses
Analyses were initially undertaken on NURP data, prior to the infilling of missing
values and addition of data from other sources. Total phosphorus data was initially
analysed, since it was the most prevalent variable available in the dataset. Two single
catchment analyses were carried out using total phosphorus data from 17 catchments.
The first analysis attempted to determine the measure of central tendency defining site
mean concentration (SMC) which most accurately predicted long term yield. The
measures of central tendency analysed were the arithmetic mean, geometric mean, flowweighted mean, harmonic mean and median.
In general, the most accurate predictions of long term yield were achieved using the
flow-weighted mean. This arose from the fact that the flow-weighted mean placed more
emphasis upon the EMCs associated with the higher runoff depths, resulting in more
accurate predictions of larger storm yields which dominated the prediction of long term
yield. The second most accurate predictions of long term yield were derived using
geometric means. The geometric mean, harmonic mean and median tended to place
more weight upon the low values of EMC, resulting in relatively accurate predictions of
long term yield at most catchments displaying negative correlations between total runoff
depth and EMC. However, this subsequently resulted in large under predictions of long
term yield at the two catchments displaying a positive correlation between total runoff
depth and EMC. In contrast, both the flow-weighted mean and to a lesser extent the
arithmetic mean produced relatively accurate estimates of long term yield at these two
catchments. However, the arithmetic mean consistently over predicted long term yield
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at the majority of catchments displaying a negative correlation between total runoff
depth and EMC.
The second single catchment analysis sought to determine the effect of sample size on
geometric mean estimates of SMC. The reiterative analysis carried out in the study
suggested that a minimum of 5 to 7 storms were sufficient to derive an estimate of
SMC. However, it was observed that the specification of the minimum number of
storms that should be measured varied slightly depending upon the analysed catchment
and the error measure used. Furthermore, the results could also vary depending upon
the pollutant analysed, or the measure of central tendency used to define SMC. Despite
these limitations, it was deduced that monitoring 6 storm events would be
approximately 40% cheaper than monitoring 12 events.
The first set of ANN analyses sought to determine the applicability of using ANN to
predict total phosphorus (TP) concentration, using only the original data from the
NURP study (prior to the infilling of missing data and incorporation of data from
alternative sources). In order to achieve this goal, ANN models were compared to
regression models. The first step in the analysis sought to determine the most valid
dependent variable to be used during modelling. The two stepwise regression models
that were constructed suggested that model using event load as the dependent variable
was less accurate than the model using EMC. This finding was deemed to be important,
since most of the contemporary computer simulation models rely upon accurate
predictions of EMC rather than load. Furthermore, the direct forecast of event load was
assumed to unnecessarily focus upon the simulation of the known relationship between
runoff volume and load. This may result in an overly complex model, which could be
more efficiently defined using two simpler models; predicting runoff volume and EMC
separately.

In particular, it is widely acknowledged that runoff volume may be

accurately predicted using a variety of different process-based models. However, it was
conceded that forecasting load in a single model may be appropriate in situations when
runoff volume in not accurately known or predicted.
A regression model was also constructed using a regional subset of NURP data,
comprised of catchments with mean annual rainfalls between 500mm and 1000mm.
This was in accordance with a previous study undertaken by Driver and Tasker (1990),
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which found that superior regerssion models were constructed when the available data
was separated into smaller subsets based upon mean annual rainfall. It was observed
that this model was more accuate than the model constructed on the total dataset. It was
assumed that there were fewer processes influencing pollutant concentrations in a
smaller regional subset. Furthermore, additional variables were incorporated into the
regional regression model. In particular, total rainfall was the only variable capable of
explaining storm to storm variability. The absence of this variable in the regression
model constructed on the total dataset could have contributed to its low explanatory
power. The remainder of variables violated the assumption of data independence,
thereby reducing the ‘effective’ size of the dataset by an order of magnitude.
ANN models were then constructed on the total dataset and regional subset. The results
from the analyses indicated that ANN models were less applicable than simple multiple
linear regression models. There was negligible difference between the accuracy of the
two model types.

Furthermore, the ANN models were more time consuming to

construct, less transparent and were at greater risk of over fitting the available data.
This problem was exacerbated by the fact that many of the analysed variables lacked
data independence.

8.4 Other water quality constituents
The next set of analyses was aimed at exploring a wide range of statistical techniques
that could be used to predict 14 different water quality constituents; ammonia (NH3),
cadmium (Cd), chemical oxygen demand (COD), chloride (Cl), copper (Cu), dissolved
phosphorus (DP), dissolved solids (DS), lead (Pb), nitrogen oxides (NOx), suspended
solids (SS), total Kjeldhal nitrogen (TKN), total nitrogen (TN), total phosphorus (TP),
and zinc (Zn). The goal was to highlight the strengths and weaknesses associated with
various types of models. This information could then be used to further deduce the
applicability of ANN models to predict urban stormwater quality. Missing values in the
NURP dataset were infilled using simple statistical techniques and data from other
sources incorporated into the dataset. Regression equations were then constructed using
the expanded NURP dataset and compared with various constant concentration models
including site mean concentrations (SMC), metropolitan area mean concentrations
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(MMC), landuse based mean concentrations, mean annual rainfall mean concentrations
and nationwide mean concentrations.
Geometric and arithmetic means were used to construct constant concentration models.
In general, geometric means were more accurate than arithmetic means. Once again,
arithmetic means tended to place excessive weight upon large, potentially outlying
values. In contrast, geometric means placed more weight on low values of EMC which
were generally correlated with the larger runoff volumes, leading to more accurate
prediction of large yields which dominated the calculation of long term yields.
Therefore, the following discussion focuses upon constant concentration models
constructed using geometric means.
Initially, models capable of predicting EMCs at unmonitored metropolitan areas were
analysed. In order to test each model, a leave one out analysis was applied. This
method sequentially separated data from each metropolitan area from the database and
used the remainder of data for calibration purposes. This process was repeated until all
metropolitan areas had been used as a validation set. The validation errors were then
collated and averaged to provide a single measure of accuracy for each model. It was
found that regression models were the most accurate technique for predicting
stormwater quality at unmonitored metropolitan areas.
The second most accurate model capable of predicting EMCs at unmonitored
metropolitan areas was a simple geometric mean estimate of the entire dataset.
Importantly, it was even more accurate than the landuse based geometric mean
concentrations. However, this does not necessarily suggest that landuse is a poor
predictor of stormwater quality, especially considering that two types of landuse
(agricultural and industrial) were previously excluded during data processing.

In

addition, the broad landuse categories analysed were generally not homogeneous
enough to define variations in water quality.
categories may be required.

As a result, more specific landuse

Furthermore, certain landuse categories with limited

sampling (e.g. nonurban landuse) may not have had enough data to derive representative
estimates, despite the fact that they were potentially significantly different than the
remainder of urban landuse categories.
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Regression models were then compared to mean concentration estimates from
metropolitan areas. A leave one site out analysis was used to determine which model
most accurately predicted water quality at unmonitored catchments. In general, it was
found that the regression models predicted EMCs at unmonitored catchments more
accurately than the mean metropolitan area concentration models. However, the two
models had almost identical errors associated with long term yield prediction at single
catchments. Despite this fact, regression models were deemed to be more applicable
than mean metropolitant area concentration models. This was due to the fact that mean
metropolitan area concentration models were unable to be applied at metropolitan areas
with limited or no sampling. Furthermore, the inclusion of multiple catchment variables
into the regression models indicated that a single representative value of mean
concentration at a given metropolitan area was unable to define the observed variations
in EMCs between catchments. In addition, the significance of multiple storm variables
also implied that nonrepresentative estimates of average EMC may be derived at
metropolitan areas with very few sampled storm events.
An important feature of regression models was their ability to isolate important
variables influencing urban stormwater quality.

The explanatory variables found

significant during the regression analyses may be used to help define the most important
processes influencing urban stormwater quality. For example, rainfall depth variables
were used in almost all models. The predominantly negative regression coefficient
signs associated with these variables suggested that pollutants on the catchment surface
were supply limited. In addition, impervious area or effective impervious area was used
in many models, particularly those predicting heavy metal concentrations. The positive
regression coefficient associated with this variable suggested that additional sources of
heavy metals were associated with highly impervious surfaces (e.g. traffic).
Alternatively, it may suggest that the increased runoff from the impervious surfaces
enhanced the washoff of metallic pollutants.
The final analysis using the expanded NURP dataset sought to directly compare ANN
models with regression models.

A total of five water quality constituents were

analysed; total phosphorus, lead, total Kjeldhal nitrogen, chemical oxygen demand, and
suspended solids. They were chosen because they had the largest number of data points
(n>491). The explanatory variables selected in the previous regression analyses were
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used as inputs in the ANN models. Various network parameters and topology were then
optimized using trial and error.

The final ANN models were then compared to

regression models using cross validation, with validation sets containing approximately
10% of the total data.
In general, regression models were found to be less accurate than the ANN models. On
average, ANN models were between 4 and 5 percent more accurate than the regression
models. Furthermore, ANN models had almost entirely lower average errors for each
analysed constituent. The only exception to this general rule was lead. However, there
was only a slight difference between standard errors of estimate associated with the
models predicting lead concentration.
The use of cross validation to derive the predictive accuracy of ANN models was
considered to produce biased results. This was due to the fact that the validation sets
were not independent of the training process, leading to model overfitting. Therefore,
another technique was used to determine the true predictive accuracy of the final
optimised ANN models.

In this approach, data was separated into three subsets;

training (70%), testing (20%) and validation (10%). For each validation subset, ANN
model weights were updated using the training set, and model training ceased when the
test set error failed to improve. The models were then validated using the unseen
validation data. This process was repeated 10 times, for each disjoint validation set.
The average validation error was then compared with average validation associated with
the regression model, previously determined using a cross validation approach. In
general, the regression models were more accurate. Furthermore, ANN models were
significantly more time consuming to construct and less transparent. Therefore, it was
concluded that regression models were more applicable than ANN models at predicting
urban stormwater quality.
Once the final ANN models had been constructed, a series of sensitivity analyses were
carried out. These sensitivities were then compared with the standardised regression
coefficients associated with the regression models, to isolate any potential differences
between the two model types. In general, the signs associated with the sensitivities and
standardised regression coefficients were compatible with one another.

When

differences were observed, it was generally inferred that the regression models were
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more explicable. This was due to the fact that the regression models were more
accurate than the ANN models, and more transparent. In addition, the sensitivity
analyses were subject to limitations. For example, they were unable to account for
correlations between variables and nonmonotonic trends.

However, despite these

limitations, an important trend was identified by the ANN model predicting suspended
solids concentration. It appeared that the model focused upon the removal of solids
from pervious surfaces. The model suggested that larger runoff volumes producing soil
saturation led to increased soil erosion from pevious surfaces.

In contrast, the

regression model predicting suspended solids concentration potentially focused more
upon impervious surfaces, suggesting that larger runoff volumes depleting the supply
limited solids led to low concentrations.
Overall, the results from the analyses inferred that ANN models are currently not the
best technique for predicting urban stormwater quality at unmonitored catchments. In
general, regression models were either comparably or more accurate than ANN models
constructed using the same dataset. Furthermore, regression models were significantly
less time consuming to construct, more transparent and therefore less likely to overfit
the limited amount of available data.
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9 Recommendations
9.1 ANN modelling
The results from the thesis strongly suggest that ANN models are currently not useful
for predicting urban stormwater quality at unmonitored urban catchments. The primary
reason for this is that the available data is lacking, preventing the construction of
complicated, nonlinear models capable of accurately predicting stormwater quality.
Simpler techniques such as regression models appear to be more applicable, creating
relatively accurate models without the need for time consuming trial and error
optimisation. Further work could be undertaken to prove this general conclusion more
rigorously.

Additional water quality constituents could be analysed using ANN,

including ammonian, cadmium, chloride, copper, dissolved phosphorus, dissolved
solids, nitrogen oxides, total nitrogen and zinc. However, the benefit of such analyses is
deemed to be minimal, since the available NURP data for these constituents is minimal.
Alternatively, more complicated ANN models with two or more hidden layers could be
constructed, more capable of modelling the complex, nonlinear processes influencing
urban stormwater quality. However, once again, the lack of available data would almost
certainly limit the ability of ANN models to do so. At this point in time, there are no
more comprehensive stormwater quality datasets available for analysis than the NURP
dataset. Until additional larger datasets become available, ANN analyses should not be
undertaken.
The vast array of processes influencing urban stormwater quality suggests the need for a
larger set of explanatory variables in models. It is possible that the stepwise regression
procedure used to select significant explanatory variables may not have been adequate
to capture the complexity of the urban stormwater system. Therefore, other procedures
may be needed to select significant variables for the models. Trial and error selection of
variables through examination of input variable sensitivities in the ANN models may
offer another means for variable selection. Such a technique may better allow the
identification of synergistic relationships unable to be extracted using simpler stepwise
regression techniques.

However, there is no guarantee that sequential sensitivity

analyses of ANN models would be able to identify such synergistic relationships.
Furthermore, such analyses would be extremely time consuming when compared to
simple stepwise regression analyses.
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Principal component analyses may offer another means of maximising the amount of
information present in a set of input variables. From a practical perspective, it would
make more sense to construct a new set of regression models using the principal
components, and compare them to the regression models constructed using the
untransformed variables. If no improvement is observed on regression models, it is
unlikely that improvements would be seen on ANN models. A major limitation with
the use of principal components is that they are likely to abstract the explanatory
variables in such a way as to make the interpretation of significant processes
impossible. To minimise this inevitability, it may make more sense to simply apply the
principal component analysis on the least significant variables not used in the regression
model, then recalibrate the regression models using a combination of significant,
untransformed variables and the principal components constructed using the remainder
of unsignificant variables. However, even in this situation, it is likely that the principal
components would interact with the other variables in such a way as to abstract the final
regression coefficients.

9.2 Regression modelling
Additional regression models could be constructed using yield or even load as a
response variable. Such models would be superior to EMC models in catchments where
runoff volume is either not known, or unable to be accurately modelled. However, it is
almost certain that yield models would be superior to load models, since drainage area
is likely to have minimal effects on water quality. As a result, multiplying yield
estimates by drainage area is likely to provide a more accurate means of predicting
event load. The main limitation with yield or load models is the interpretation of
regression coefficients. Compared to EMC models, it is anticipated to be more difficult
to identify important processes influencing urban stormwater quality when using yield
or load as the response variable. This is due to the fact that they are essentially defining
both stormwater quality processes and stormwater runoff processes. Furthermore, EMC
estimates may more readily be incorporated into stochastic techniques, which allow the
prediction of long term yield at a site, along with an associated estimate of uncertainty.
Regression models could also be constructed to predict site mean concentrations (SMC)
rather than event mean concentrations (EMC). In doing so, the effect of storm to storm
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variability need no longer be modelled, essentially simplifying the final models. In
addition, the standard deviation of EMCs at a particular site may also be predicted using
similar explanatory variables used in the models predicting SMC (e.g. impervious area,
landuse, mean annual rainfall, etc.). These values could then be used to not only derive
a point estimate of long term load a given catchment, but also an associated confidence
interval. Alternatively, the values could be used to generate a range of event loads at a
catchment, which could subsequently be used in the design of BMPs such as detention
basins.
A number of important choices is likely to influence the final results from analyses
using SMC data. Firstly, the selection of the measure of central tendency used to derive
SMC is likely to be of importance. Results from the current thesis infer that the
geometric mean would be superior to the arithmetic mean, due to the observed
lognormality of stormwater data. Secondly, the specification of the minimal number of
storms at a catchment would not only effect the derivation of SMC, but more
importantly, the estimate of standard deviation of EMC at a site.

Therefore, the

minimum number of storms required at a site should be specified, such that the
estimates of SMC and standard deviation of EMCs is representative. Alternatively,
additional weight could be given to catchments with larger numbers of monitored
storms. However, this may bias the results. Furthermore, the analysis would become
comparable to the regression analyses upon EMC data, without the storm variables.

9.3 Decision trees
Another multivariate approach to modelling urban stormwater quality at unmonitored
catchments is the “decision tree” approach. Technically, a decision tree approach was
used in the current thesis. However, the initial “limbs” on the tree were not defined
using an automated approach, instead defined using a combination of theoretical
rationale and observations of the available data. During the data preprocessing stage,
potentially atypical catchments were separated from the bulk of data. It was anticipated
that such catchments were distinctly different from the remainder of catchments,
containing additional sources of pollutants or being influenced by alternate processes
than the remainder of typical urban catchments. Without the presence of a sufficient
number of “atypical” catchments in the data, it was anticipated that standard regression
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modelling would not be able to identify the important processes influencing water
quality at such catchments, with the observed effects being effectively “drowned” by
the remainder of typical urban catchments. For this reason, they were removed prior to
regression modelling. In doing so, a decision tree approach was used, with separate
branches for categories such as agricultural landuse, industrial landuse, extremely large
drainage area, extremely high population density, etc. Average EMCs could be derived
at each of these groupings of data, to predict at catchments with similar characteristics.
However, the lack of available data is likely to make these average EMC predictions
less representative, hence less accurate. Driver and Tasker (1990) also effectively used
a simple decision tree diagram procedure in the construction of 3 regression models for
each contaminant, on different subsets of data separated based on mean annual rainfall.
However, as with the current study, Driver and Tasker (1990) did not use an automated
approach available in many software packages.
The use of automated approaches to construct decision trees may offer a useful
alternative to both ANN and regression models. Less complicated than ANN models,
decision trees are less time consuming to construct and easier to interpret. In addition,
they do not make assumptions regarding the relationship between the response and
explanatory variables, as with regression modelling.

In particular, the regression

models constructed in the current study assumed that relationships between the response
and explanatory variables were monotonic power relationships, constant over the entire
data domain. This may not be the case, with potentially different relationships being
observed between different types of catchments.

For example, the transport of

pollutants from pervious and impervious surfaces is likely to be significantly different.
Pervious area erosion typically only occurs after a certain amount of water has
dampened the catchment, whereas impervious washoff occurs almost instantaneously.
This may explain why EMCs from “nonurban” landuses were typically lower than
urban landuse categories. For this reason, it may make more sense to separate the data
into a number of subsets, based on the portion of impervious surfaces or dominant
landuse type (i.e. urban and nonurban). Decision trees offer a means to do so, using an
automated approach to cater for potential discontinuities in the data.

381

9.4 Site mean concentration
Additional analyses using water quality constituents other than TP could be undertaken
to determine the most applicable measure of central tendency for defining site mean
concentration. Such analyses could be used to supplement the TP analyses undertaken
in the current thesis, along with the subsequent inferences made using information about
the typical correlation between EMC and runoff volume.
Additional reiterative analyses could also be undertaken to determine the optimum
number of storms required to define site mean concentration. In particular, water
quality constituents other than TP could be used, and/or measures of central tendency
other than the geometric mean.

In particular, the flow-weighted mean should be

analysed, since it was found to provide the most accurate predictions of long term loads
at a catchment using TP site mean concentrations.
A flow-weighted mean could also be used to construct a variety of constant
concentration models. These models could define water quality within common
localities such as metropolitan areas, or within homogeneous landuse categories. The
flow-weighted mean concentration models could then be compared to models based
upon geometric or arithmetic means. If the SMC concentration analysis in the current
thesis is anything to go by, the use of a flow-weighted mean concentration could be
advantageous when developing constant concentration models, as it is equally valid on
datasets with positive, negative or no significant correlation between EMC and total
runoff. Other analyses could be undertaken to determine the optimum number of sites
and/or storms required to define constant concentration models using homogeneous
landuse categories or metropolitan areas.

9.5 Stochastic analyses
Constant concentration models may also be applied in a series of stochastic analyses.
The average and standard deviation of EMCs could essentially be combined with the
average and standard deviation of runoff volumes in a stochastic model, used to predict
event loads a particular catchment. This information could then be used in the design of
BMPs such as detention basins, to determine what portion of storms could be treated for
different “design storms”. Alternatively, the average and standard deviations of both
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EMC and runoff volume could be combined to calculate an average estimate of long
term load (i.e. annual) along with an associated confidence interval. This information
could then be used as a management tool for determing long term pollutant input into
receiving waters such as lakes, which are adversely effected by problems such as
eutrophication.

9.6 Domain of application for buildup-washoff models
The results from the multiple regression analyses, in particular the signs and magnitudes
of the regression coefficients, may also be used to assist in the construction and/or
application of process based models. For example, the results from the regression
analyses suggest that buildup-washoff models are likely to be less accurate when
predicting dissolved constituents.

For example, atmospheric scavenging or time

dependent dissolution from pervious surfaces may be dominant processes for dissolved
constituents. In contrast, high intensity flows are more likely to erode particulates from
the surface of the catchment, adherring to the widely accepted washoff phenomenon.
The results from the regression analyses support the widely accepted theory that
buildup-washoff models are typically more applicable on relatively small, highly
impervious catchments.

In contrast, pollutant transport from larger nonurban

catchments is more likely derived from pervious surfaces, subject to very different
processes than impervious surfaces.

Therefore, alternate process models may be

constructed to predict stormwater quality at highly pervious, nonurban catchments using
information from the constructed regression models.

9.7 Data collection
Finally, the results from the study may be used to assist in the design of future data
collection programs. Storm, catchment, broad scale climatic and geographic variables
found significant in the regression analyses could be collected at catchments throughout
the world. In particular, a variety of rainfall and runoff variables were found to be
significant. However, the higher cost in attaining runoff variables and the ability to
predict runoff from rainfall suggests that rainfall variables may be sufficient.

In

particular, rainfall depth, intensity and volume for the given event, rainfall occurring in
the preceding days, mean annual rainfall, and to a lesser extent, average monthly rainfall
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should be measured. Catchment variables to be measured include impervious area,
effective impervious area, population density, drainage area and average basin slope. In
addition, a variety of additional broadscale climatic variables should be measured
including the average concentration of nitrogen oxides in rainfall and the average
acidity of the rainfall. This information could then be collated into a single database
and used construct a series of regression or other multivariate models capable of
predicting EMCs thoughout the world or in single countries such as Australia.

9.8 Supporting WSUD
Various models presented in the thesis may be used to support Water Sensitive Urban
Design (WSUD) practices. Accurate predicts of urban stormwater quality ultimately
allow catchment managers to more effectively design various treatment measures aimed
at reducing pollutant loads entering receiving water bodies. In the absence of monitored
water quality a catchment (particularly prior to urban development), alternative
predictive techniques must be used to forecast water quality. This thesis shows that
simple constant concentration models and/or regression models may be used in such a
situation.
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Appendix A Removal of atypical storms and sites
A.1

Total event rainfall
Table A.1: Storm events with total event rainfall depths less than 1.27 mm
Catchment

Event No.

TRND (mm)

1589470

810725

0.762

6711635

810829

0.762

6711635

800512

0.762

6711635

810816

1.016

6711635

810528

1.016

6711637

810829

0.762

6711637

810816

1.016

10167220

810410

0.508

10167220

810905

1.016

12119725

810831

0.508

12119725

811201

0.762

12119725

810829

0.762

12119730

801214

1.067

12120005

810213

0.508

12120005

800520

0.762

12120005

810829

1.016

15274820

830602

1.016

394236105042400

800810

1.016

404653111545801

811004

1.016

445210093271701

800513

0.254

445210093271701

800529

1.016

450011093221901

800804

1.016

450011093221901

800513

1.016

450100093205501

800916

0.762
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10.1 A.2

Total event runoff
Table A.2: Storm events producing no event runoff
Catchment

A.3

Event No.

TRFD (mm)

261615080055900

740528

0

261615080055900

740603

0

261615080055900

740731

0

261615080055900

750619

0

404713073273001

801209

0

405124073292601

801209

0

445210093271701

800513

0

Baseflow

Table A.3: Catchments where the ratio of baseflow to peakflow is greater than 0.35
Water quality
constituent

Average EMC (mg/L)
06413700

04232046

10169500

10168000

08156800

All

COD

N/A

26

51

65

N/A

292

SS

84

57

196

174

1914

235

TN

1.26

N/A

N/A

N/A

2.93

3.32

NH3

0.05

0.07

1.53

0.11

N/A

0.56

TKN

0.46

1.11

2.35

1.66

2.48

2.44

NOx

0.12

N/A

N/A

N/A

0.42

0.75

TP

0.07

0.18

1.12

0.32

0.98

0.45

DP

0.02

N/A

0.47

0.05

N/A

0.16

Cl

3

67

77

74

5

43

Cd

N/A

0

0

0

N/A

0

Cu

N/A

0.1

0.03

0.04

N/A

0.05

Pb

0.02

0.02

0.07

0.16

N/A

0.31

Zn

N/A

1.33

0.15

0.16

N/A

0.32

DS

216

N/A

393

432

N/A
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Qbase

2.178

1.414

1.982

0.835

0.025

N/A

Qbase/Qmax

0.575

0.385

0.585

0.398

0.001

N/A

404

A.4

Detention storage
Table A.4: Catchments with detention storages located at the pour point.

Water quality
constituent

Average EMC (mg/L)
06711637

415311088032906

415311088032907

473544122083001

All

COD

359

N/A

N/A

77

292

SS

461

18

21

98

235

TN

9

2

2

N/A

3.3

NH3

1.02

N/A

N/A

0.28

0.56

TKN

5.74

N/A

N/A

1.10

2.44

NOx

2.82

N/A

N/A

N/A

0.75

TP

0.80

0.19

0.18

0.12

0.45

DP

0.24

0.04

0.04

0.04

0.16

Cl

N/A

160

151

N/A

43

Cd

0.00

N/A

N/A

N/A

0.00

Cu

0.06

0.01

0.01

N/A

0.05

Pb

0.26

0.03

0.03

0.21

0.31

Zn

0.44

0.03

0.03

N/A

0.32

DS

N/A

515

464

N/A

173

A.5

Industrial area
Table A.5: Catchments with percentage of industrial landuse greater than 50%
Water quality
constituent

Average EMC (mg/L)
364155119445000

All

COD

551

292

TN

30

3

NH3

5.81

0.56

TKN

35.89

2.44

NOx

1.28

0.75

TP

6.23

0.45

DP

4.84

0.16

Cl

65

43

Cd

0.00

0.00

Cu

0.08

0.05

Pb

0.09

0.31

Zn

0.61

0.32

DS

266

173
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A.6

Agricultural area

Table A.6: Catchments with the percentage of agricultural landuse greater than 50%
Water quality
constituent

A.7

Average EMC (mg/L)
445032092552801

04232040

06893566

06893520

All

COD

164

23

150

202

292

SS

2743

167

2326

1729

235

TN

7.65

N/A

5.22

6.23

3.32

NH3

N/A

0.06

0.21

0.27

0.56

TKN

7.12

1.17

5.01

6.77

2.44

NOx

0.62

N/A

1.38

1.24

0.75

TP

3.03

0.32

2.11

2.31

0.45

DP

N/A

N/A

0.33

0.48

0.16

Cl

2.76

54.17

N/A

N/A

43.02

Cd

N/A

0.01

0.00

0.00

0.00

Cu

N/A

N/A

0.06

0.07

0.05

Pb

0.12

0.01

0.07

0.05

0.31

Zn

N/A

1.50

0.18

0.19

0.32

DS

N/A

N/A

198

222

173

LUAGR

52

57

62

71

N/A

Population density

Table A.7: Catchments with population densities greater than 80 people per hectare
Water quality
constituent

Average EMC (mg/L)
01589460

01589470

All

COD

124

211

292

SS

81

229

235

TN

18.74

19.07

3.32

TKN

8.61

11.02

2.44

NOx

10.23

8.03

0.75

TP

0.53

4.70

0.45

DP

N/A

0.00

0.16

Cd

0.01

0.01

0.00

Cu

0.06

0.06

0.05

Pb

0.20

0.71

0.31

Zn

0.31

0.88

0.32

DS

70

124

173

PD

138

183

N/A
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A.8

Drainage area
Table A.8: Rainfall runoff simulation plots (with drainage areas = 0.0104 ha)
Average EMC (mg/L)
Catchment

SS

TN

TP

Pb

Zn

DA (ha)

394322105073601

24

0.52

0.20

0.02

0.02

0.010

394322105073602

39

0.51

0.10

0.02

0.01

0.010

394322105073603

60

0.44

0.19

0.05

0.06

0.010

394322105073604

44

0.14

0.05

0.04

0.02

0.010

394322105073605

93

1.35

0.13

0.05

0.03

0.010

394322105073606

83

0.17

0.11

0.03

0.04

0.010

394322105073607

75

1.69

0.12

0.05

0.04

0.010

394322105073608

134

0.21

0.16

0.10

0.06

0.010

394322105073609

116

0.71

0.15

0.08

0.06

0.010

All

235

3.32

0.45

0.31

0.32

N/A

407

Table A.9: Catchments with drainage areas greater than 3000ha
Water quality
constituent

Average EMC (mg/L)

408

08156800

10168000

04232046

06413700

04232040

08329900

08155300

06893520

06893566

All

COD

N/A

60

26

N/A

23

254

N/A

202

150

292

SS

1914

182

57

84

167

N/A

603

1729

2326

235

TN

2.93

N/A

N/A

1.26

N/A

5.09

1.92

6.23

5.22

3.32

NH3

N/A

0.68

0.07

0.05

0.06

N/A

N/A

0.27

0.21

0.56

TKN

2.48

1.93

1.11

0.46

1.17

4.71

1.75

6.77

5.01

2.44

NOx

0.42

N/A

N/A

0.12

N/A

0.38

0.24

1.24

1.38

0.75

TP

0.98

0.64

0.18

0.07

0.32

1.5

0.28

2.31

2.11

0.45

DP

N/A

0.22

N/A

0.02

N/A

N/A

N/A

0.48

0.33

0.16

Cl

5.18

75.42

66.98

2.9

54.17

8.83

N/A

N/A

N/A

43.02

Cd

N/A

0

0

N/A

0.01

0

N/A

0

0

0

Cu

N/A

0.04

0.1

N/A

N/A

0.16

N/A

0.07

0.06

0.05

Pb

N/A

0.12

0.02

0.02

0.01

0.53

N/A

0.05

0.07

0.31

Zn

N/A

0.15

1.33

N/A

1.5

0.7

N/A

0.19

0.18

0.32

DS

N/A

416

N/A

216

N/A

169

N/A

222

198

173

DA (ha)

3186

3626

4533

7382

8493

11500

20860

30045

54132

N/A

408

Appendix B Infilling missing broad scale geographic
and climatic variables
B.1

Mean minimum January temperature

The missing values of mean minimum January temperature (MJT) were predicted using
a linear regression model with mean average annual temperature (MAAT) as the
independent variable. The statistics for the model are presented in Table B.1.

Table B.1: Statistics associated with the linear regression model predicting MJT using
MAAT
Statistic

Value

Gradient

1.45

Intercept

-51

0.81

R2
Count

B.2

59

Maximum rainfall intensity with a recurrence interval of 10

years
The USEPA and USGS values for the maximum rainfall intensity with a recurrence
interval of 10 years (10YHI) were an order of magnitude different from one another.
The incompatibility between the two sources led to the exclusion of this variable from
the dataset. It was assumed that the other average rainfall intensity variables derived
from sources other than NURP would be sufficiently correlated with 10YHI. This
would enable the exclusion of 10YHI without significant loss of explanatory power in
the dataset.

B.3

Maximum 24 hour storm that had a 2 year recurrence interval

The maximum 24 hour storm that had a 2 year recurrence interval (2YDR) was not
available at all sites. Therefore, two linear regression equations were created to predict
the missing values. The first equation used the maximum rainfall intensity with a
recurrence interval of 100 years (100YHI) as the independent variable.
associated with this regression equation are presented in Table B.2.
409

Statistics

Table B.2: Statistics associated with the linear regression model predicting 2YDR
using 100YHI
Statistic

Value

Gradient

3

Intercept

0.3

0.82

R2
Count

55

The second linear regression model used regional average storm event intensity (RASI)
to predict 2YDR. Statistics associated with this regression equation are presented in
Table B.3. It was found that the regression equations using either of the two variables
produced similar results. Therefore the predictions from both models were averaged to
obtain an estimate of 2YHR for each missing value.

Table B.3: Statistics associated with the linear regression model predicting 2YDR
using RASI
Statistic

Value

Gradient

93

Intercept

2.5

0.82

R2
Count

410

55

Appendix C Infilling missing catchment variables
C.1

Impervious area

Only one value of impervious area was missing from the dataset. The missing value
was predicted using a linear regression model with effective impervious area as the
independent variable. The statistics for the model are presented in Table C.1.

Table C.1: Statistics associated with the linear regression model predicting impervious
area using effective impervious area
Statistics

Value

Gradient

0.7

Intercept

24.8

R

2

0.77

count

C.2

63

Effective impervious area

Effective impervious area was assumed to be correlated with landuse and impervious
area. These assumptions were used to define a number of regression models predicting
effective impervious area. The first part of the analysis involved separating catchments
into a number of categories based dominant landuse. Regression models were then
created for each landuse category.

The regression models predicted effective

impervious area using impervious area. In order to minimise the number of calibration
coefficients, it was assumed that the y intercept of the regression models was equal to
zero. The results from the regression equations are presented in Table C.2.

Table C.2: Results from the regression models predicting effective impervious area
using impervious area using different data domains
Gradient

Intercept

Count

R2

LUI+LUC>90%

0.98

0

7

1

LUHDR>85%

0.74

0

6

0.39

LUMDR>80%

0.57

0

8

0.57

LULDR>60%

0.75

0

7

0.92

LUN>50%

0.81

0

7

0.7

Model
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A negative coefficient of determination was initially obtained for the regression
equation predicting effective impervious at catchments with large portions of medium
density residential area. This was due to the presence of an outlier. Within the subset
existed a catchment which had an excessively low value of effective impervious area
associated with a large value of impervious area. This value was removed from the
dataset and the regression model recalibrated using the remainder of available data.
Each catchment under study was generally made up of a combination of different types
of landuses. However, it was possible to use a combination of the regression equations
presented in Table C.2 to predict percentages of effective impervious for such
catchments. The following equation was used:
 0.98  LUIC  0.74  LUHDR  0.57  LUMDR   IA 
  
EFFIA  

  100 
  0.75  LULDR  0.81  LUN

(C.1)

When this equation was applied to the 24 catchments not used to calibrate the individual
regression models, the associated coefficient of determination was 0.65. Overall, a total
of 19 missing values of effective impervious area were infilled using this technique.

C.3

Drainage area with storm sewer system

The percentage of drainage area served by a storm sewer system (DASSS) was not
strongly correlated with any one variable. This made it difficult to infill the missing
values using regression techniques. However, observation of the data indicated that
certain trends did exist. For example, DASSS was always equal to 100% when the
percentage of impervious area was greater than 50%. Therefore, missing values in
catchments with impervious area greater than 50% were assigned a value of DASSS
equal to 100%, and an average DASSS was used at sites with impervious area less than
50%. The average values and associated standard deviations are shown in Table C.3.

Table C.3: Average and standard deviation values for the percentage of drainage area
served by a storm sewer system, on subsets defined using impervious area
IA range

Average (%)

St. Dev. (%)

Count

IA>50%

100

0

18

IA<50%

83

25

31
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C.4

Storm systems constructed using curb and gutter drainage or

ditch and swale drainage
The storm sewer system was constructed using one of two possible network types; curb
and gutter drainage (SCGD) or ditch and swale drainage (SDSD). As with DASSS,
these two variables were linked to percentage of impervious area. Once again, average
values from two data domains (IA<50% and IA>50%) were used to approximate the
missing values. The average values and associated standard deviations are shown in
Table C.4.

Table C.4: Average and standard deviation values for curb and gutter drainage and
ditch and swale drainage, on subsets based upon percentage of impervious area
Average (%)

C.5

St. Dev. (%)

IA range

SCGD

SDSD

SCGD

SDSD

Count

IA>50%

95

4

11

11

16

IA<50%

66

23

38

31

28

Street density

The infilling of missing values of street density (SD) was made difficult by the fact that
it was not closely linked to any of the other catchment descriptors in the dataset. This
lead to a situation where the correlations between street density and most catchment
descriptors were either illogical or weak. The distribution of street density data did tend
to exhibit traits comparable to a lognormal distribution, lending toward the use of a
median estimate to approximate the missing values in the dataset.

The statistics

associated with the infilling of missing street density values are presented in Table C.5.

Table C.5: The statistics associated with the infilling of missing values of street density
(km lanes/ha)
Statistic

Value

Median

0.15

St. Dev.

0.24

Count

34
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C.6

Population density

As anticipated, population density (PD) was strongly correlated with the percentage of
residential landuse in the catchment. Catchments with zero residential landuse tended
to have population densities equal to zero. Only one catchment out of seven such
catchments had a population density greater than zero. This point was assumed to be an
outlier. Therefore, all catchments with zero residential landuse were then assigned a
population density of zero.
Data subsets with dominant portions of low, medium and high density residential
landuses were separated and used to construct average estimates of population density.
The average estimates of population density and the associated standard deviations are
shown in Table C.6. Weighted averages of these values were then used to infill the
remainder of missing values in the dataset.

Table C.6: Statistics for predicting population density based upon dominant landuse

C.7

LU>80%

Average

St. Dev.

Count

LULDR

15

3

3

LUMDR

25

15

9

LUHDR

57

11

5

Average basin slope and main conveyance slope

The average basin slope (ABS) and main conveyance slope (MCS) are correlated with
one another. This fact was used infill the missing ABS value at site 02306021 using the
regression equation presented in Table C.7.

Table C.7: Regression statistics associated with the prediction of average basin slope
using the main conveyance slope
Statistic

Value

Gradient

1.67

Intercept

1.1

R

2

0.43

Count

55
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A number of variables were checked for correlation with ABS and MCS. However, all
analysed variables were not significantly correlated with ABS or MCS. Therefore, the
missing values of ABS and MCS were replaced with median values, presented in Table
C.8.

Table C.8: Median values replacing the remainder of missing values of average basin
slope (%) and mean conveyance slope (%)
Variable

Median

St. Dev.

Count

ABS

2.14

4.54

56

MCS

1.47

1.80

56
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Appendix D Infilling missing storm variables
D.1

Total storm runoff

Total runoff was the first storm variable infilled using simple statistical techniques. The
runoff coefficient was first calculated for each storm event, at each site. The runoff
coefficient was then predicted using a linear regression equation with effective
impervious area as the independent variable. Table D.1 presents the statistics associated
with the regression model predicting runoff coefficients using effective impervious area.

Table D.1: Values associated with the prediction of the runoff coefficient using
effective impervious area
Statistic

Value

Gradient

0.0068

Intercept

0.0623

R

2

0.53

count

D.2

745

Duration of runoff

Duration of runoff (DRF) was strongly correlated with the duration of rainfall (DRN).
Table D.2 presents the statistics associated with the linear regression model predicting
missing DRF values using DRN.

Table D.2: Results associated with the linear regression model predicting duration of
runoff using duration of rainfall
Statistic

Value

Gradient

1.13

Intercept

38

R

2

0.91

Count

263

Unfortunately, DRN also required data infilling. This meant that not all the missing
DRF values were filled in using DRN. Therefore, another model was constructed to
infill the remainder of missing DRF values. In accordance with the finding that a large
number of environmental variables are lognormally distributed, the following multiple
linear regression model was created using logarithmic transformations of the dependent
416

and independent variables. The inputs variables used in the model were average soil
erodibility (KAVE), total event rainfall depth (TRND), average monthly temperature
(AMT) and drainage area (DA).

Table D.3 presents the regression coefficients

associated with the explanatory variables used in the model. Overall, 586 values were
used to construct the regression model which had an associated coefficient of
determination of 0.52 (calculated on logarithmically transformed data).

Table D.3: The regression coefficients associated with the explanatory variables used
in the regression model predicting DRF using KAVE, TRND, AMT and DA
Regression
Variable

D.3

coefficient

KAVE

0.78

TRND

0.63

AMT

-1.20

DA

0.14

Intercept

4.08

Duration of rainfall

Duration of runoff (DRF) was assumed to be strongly correlated with duration of
rainfall (DRN). Therefore, a linear regression models was constructed between these
two variables. The results from this regression analysis are presented in Table D.4.

Table D.4: Statistics associated with the linear regression model predicting duration of
rainfall using duration of runoff
Statistic

Value

Gradient

0.81

Intercept

-2.87

R2

0.91

Count

263

Not all of the missing duration of rainfall values were infilled with the linear model
using duration of runoff as the independent variable. The remainder of missing values
were infilled using a multiple linear regression model calibrated on logarithmic
transformations of the dependent and independent variables. The duration of rainfall
values infilled using the previous technique were modelled along with the original
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values. This was done in order to maximise the number of values used to construct the
subsequent regression model. The independent variables used in the regression model
were total event rainfall depth (TRND), regional average storm event intensity (RASI),
and the average monthly temperature (AMT). The regression coefficients associated
with this model are presented in Table D.5. Overall, 756 values were used to construct
the regression model which had an associated coefficient of determination of 0.44
(calculated on logarithmically transformed data).

Table D.5: The regression coefficients associated with the explanatory variables used
in the regression model predicting DRN using AMRN, ASEI, and TRND
Regression
Variable

D.4

coefficient

AMT

-1.04

RASI

-0.87

TRND

0.72

Intercept

2.2

Average storm rainfall intensity

Missing values associated with average storm rainfall intensity were infilled using a
number of techniques.

The first technique used to infill missing values, used a

fundamental relationship between average storm rainfall intensity (RAI), total rainfall
depth (TRND) and duration of rainfall (DRN). This relationship is defined by the
following equation:
RAI 

TRND
DRN

(D.1)

To ensure the optimum results, only the duration of rainfall values that were either
original or infilled using duration of runoff as the independent variable, were used. A
total of 323 values were infilled using this method. The next model was constructed
using the original average storm rainfall intensity values and those infilled using the
aforementioned known relationship.
The remainder of missing values were infilled using another regression model based
upon logarithmic transformations of the dependent and independent variables. The
independent variables used in the second regression model were regional average storm
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event intensity (RASI), average monthly temperature (AMT), and total event rainfall
depth (TRND). The regression model’s regression coefficients are shown in Table D.6.
Overall, 765 values were used to construct the regression model which had an
associated coefficient of determination of 0.44 (calculated on logarithmically
transformed data).

Table D.6: The regression coefficients associated with the explanatory variables used
in the model predicting average event rainfall intensity using RASI, AMRN and TRND
Regression
Variable

D.5

coefficient

AMT

1.05

RASI

0.85

TRND

0.27

Intercept

-0.46

Average storm runoff intensity

The first method used to infill missing values of average storm runoff intensity (ROI)
were based upon the fundamental relationship shown in the following equation:
ROI 

TRFD
DRF

(D.2)

TRFD = total event runoff depth
DRF = duration of runoff
The missing values of total event runoff had already been infilled using the principle of
runoff coefficient, outlined in a preceding subsection. The technique was deemed to be
accurate, therefore all total event runoff values were used. In addition, the values of
duration of runoff consisted of the original values prior to data infilling, combined with
those infilled using duration of rainfall. A total of 246 missing values were infilled
using this technique.
The next model was constructed using the original average storm runoff intensity values
and those infilled using the aforementioned known relationship. The variables used in
the regression model were selected based upon correlation coefficients and theoretical
considerations. The variables used included total storm runoff depth (TRFD post data
infilling), average soil erodibility (KAVE), drainage area (DA) and maximum rainfall
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intensity with a recurrence interval of 100 years (100YHI). All the variables were
logarithmically transformed and used to construct a multiple linear regression model.
The regression coefficients associated with this model are shown in Table D.7. Overall,
519 values were used to construct the regression model which had an associated
coefficient of determination of 0.69 (calculated on logarithmically transformed data).

Table D.7: Regression coefficients associated with explanatory variables used in the
regression model predicting average storm runoff intensity using TRFD, KAVE, DA and
100YI
Regression
Variable

D.6

coefficient

TRFD

0.61

KAVE

-0.70

DA

-0.25

100YHI

0.57

Intercept

-0.70

Maximum 5 minute rainfall intensity

The first technique used to infill missing values was based upon a linear regression of
logarithmic transformations of maximum 5 minute rainfall intensity and maximum 15
minute rainfall intensity. The statistics associated with this model are shown in Table
D.8.

Table D.8: Statistics associated with the linear regression model predicting maximum 5
minute rainfall rate using the maximum 15 minute rainfall rate
Statistic

Value

Gradient

1.03

Intercept

0.15

R

2

0.92

Count

460

The second technique for predicting M5RR was based upon a linear regression of
logarithmic transformations of the dependent and independent variables.

The

independent variables used in the model included average storm rainfall intensity (RAI),
total storm rainfall depth (TRND) and erosivity (EROS). The regression coefficients
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are presented in Table D.9. Overall, 460 values were used to construct the regression
model which had an associated coefficient of determination of 0.68 (calculated on
logarithmically transformed data).

The values associated with the average rainfall

intensity included the original values present in the NURP dataset, as well as those
infilled using duration of rainfall and duration of runoff. This meant that not all the
missing values were infilled using this technique.

Table D.9: Regression coefficients associated with the explanatory variables used in
the regression model predicting M5RR using RAI, TRND and EROS
Regression
Variable

coefficient

EROS

0.29

TRN

0.35

RAI

0.4

Intercept

0.1

The remainder of missing values in the dataset were infilled using a third linear
regression model, once again constructed using logarithmic transformations of the
dependent and independent variables. The independent variables used in the model
included total event rainfall depth (TRND), average monthly temperature (AMT) and
erosivity (EROS). The regression coefficients of the model are presented in Table D.10.
Overall, 460 values were used to construct the regression model which had an
associated coefficient of determination of 0.60 (calculated on logarithmically
transformed data).

Table D.10: Regression coefficients associated with the explanatory variables used in
the regression model predicting M5RR using TRND, AMRN and EROS
Regression
Variable

coefficient

AMT

0.6

EROS

0.48

TRN

0.5

Intercept

-1.23
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D.7

Maximum 15 minute rainfall intensity

The first technique used to infill missing values was based upon a regression between
logarithmic transformations of maximum 15 minute rainfall intensity (M15RR) and
average event rainfall intensity (RAI), total storm rainfall depth (TRND), maximum
rainfall intensity with a recurrence interval of 100 years (100YHI), and average monthly
temperature (AMT). The values associated with average event rainfall intensity were
based upon the original NURP values and those infilled using duration of rainfall and
duration of runoff. The regression coefficients for the model are presented in Table
D.11. Overall, 466 values were used to construct the regression model which had an
associated coefficient of determination of 0.77 (calculated on logarithmically
transformed data).

The missing values associated with the average event rainfall

intensity meant that another model was required to infill the remainder of missing
M15RR values.

Table D.11: Regression coefficients associated with the explanatory variables used in
the regression model predicting M15RR using RAI, TRND, 100YHI, and AMRN
Regression
Variables

coefficient

AMT

0.25

100YHI

0.36

TRND

0.45

RAI

0.38

Intercept

-0.18

The second data infilling model was once again based upon a regression between
logarithmic transformations of the dependent and independent variables.

The

independent variables used in the regression model included total event rainfall depth
(TRND), maximum rainfall intensity with a recurrence interval of 100 years (100YHI),
and average monthly temperature (AMT). The regression coefficients for the model are
presented in Table D.12. Overall, 466 values were used to construct the regression
model which had an associated coefficient of determination of 0.69 (calculated on
logarithmically transformed data).
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Table D.12: Regression coefficients associated with the explanatory variables used in
the regression model predicting M15RR using TRND, 100YHI, and AMRN
Regression
Variables

coefficient

AMT

0.78

100YHI

0.75

TRND

0.6

Intercept

D.8

-1.17

Maximum 60 minute rainfall intensity

The first technique used to infill missing values was based upon a regression model
between logarithmic transformations of maximum 60 minute rainfall intensity (M60RR)
and maximum 15 minute rainfall intensity (M15RR), average event rainfall intensity
(RAI), total storm rainfall depth (TRND) and maximum rainfall intensity with a
recurrence interval of 100 years (100YHI). The regression coefficients for the model
are presented in Table D.13. Overall, 461 values were used to construct the regression
model which had an associated coefficient of determination of 0.94 (calculated on
logarithmically transformed data). The missing values associated with the maximum 15
minute rainfall intensity meant that additional models were required to infill the
remainder of missing M60RR values.

Table D.13: Regression coefficients associated with the explanatory variables used in
the regression model predicting M60RR using M15RR, RAI, TRND and 100YHI
Regression
Variable

coefficient

M15RR

0.51

RAI

0.10

TRND

0.40

100YHI

-0.10

Intercept

-0.20

The second technique used to infill missing values was based upon a regression between
logarithmic transformations of maximum 60 minute rainfall intensity (M60RR) and
average event rainfall intensity (RAI), total storm rainfall depth (TRND) and average
monthly temperature (AMT).

The values associated with average event rainfall
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intensity were based upon the original NURP values and those infilled using duration of
rainfall and duration of runoff. The regression coefficients for the model are presented
in Table D.14. Overall, 461 values were used to construct the regression model which
had an associated coefficient of determination of 0.87 (calculated on logarithmically
transformed data).

The missing values associated with the average event rainfall

intensity meant that another model was required to infill the remainder of missing
M60RR values.

Table D.14: Regression coefficients associated with the explanatory variables used in
the regression model predicting M60RR using AMT, TRND and RAI
Regression
Variable

coefficient

AMT

0.24

TRND

0.63

RAI

0.29

Intercept

-0.46

The final data infilling model was once again based upon a regression between
logarithmic transformations of the dependent and independent variables.

The

independent variables used in the regression model included total event rainfall depth
(TRND), maximum rainfall intensity with a recurrence interval of 100 years (100YHI),
and average monthly temperature (AMT). The regression coefficients for the model are
presented in Table D.15. Overall, 461 values were used to construct the regression
model which had an associated coefficient of determination of 0.80 (calculated on
logarithmically transformed data).

Table D.15: Regression coefficients associated with the explanatory variables used in
the regression model predicting M60RR using TRND, 100YHI, and AMRN
Regression
Variable

coefficient

AMT

0.61

100YHI

0.35

TRND

0.74

Intercept

-1.18
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D.9

Peak flowrate

The peak flowrate (QMAX) was strongly correlated with drainage area (DA). To
decrease the effect of the relationship between the two variables, the units of peak
flowrate was converted from m3/s to mm/hr by multiply QMAX by 360 and dividing by
the DA. This made the variable more compatible with average storm runoff intensity
(ROI), thereby allowing a linear regression model to be constructed between the
logarithmic transformations of the two variables. The statistics associated with this
model are presented in Table D.16. Unfortunately, data associated with the average
storm runoff intensity was only based upon original NURP data and values infilled
using duration of runoff and duration of rainfall data.

This meant that another

regression model was required to infill the remainder of missing values.

Table D.16: Regression coefficients associated with a model predicting the peak
flowrate using the average storm runoff
Statistic

Value

Gradient

0.88

Intercept

0.49

R

2

0.73

Count

506

The second technique used to infill missing values was based upon a regression between
logarithmic transformations of peak flowrate (QMAX) and impervious area (IA),
drainage area (DA), total event rainfall depth (TRND) and maximum rainfall intensity
with a recurrence interval of 100 years (100YHI). The regression coefficients for the
model are presented in Table D.17. Overall, 506 values were used to construct the
regression model which had an associated coefficient of determination of 0.62
(calculated on logarithmically transformed data).
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Table D.17: Regression coefficients associated with explanatory variables used in the
regression model predicting the QMAX using 100YHI, TRND, DA and IA
Regression
Variable

coefficient

100YHI

0.76

TRND

0.91

DA

-0.33

IA

0.87

Intercept

-1.82

D.10 Time from beginning of rainfall to peak discharge
The first technique used to infill missing values was based upon a regression between
logarithmic transformations of time from beginning of rainfall to peak discharge
(TRPD) and duration of runoff (DRF), total event rainfall depth (TRND) and total
annual precipitation (TAP). The regression coefficients for the model are presented in
Table D.18. Overall, 259 values were used to construct the regression model which had
an associated coefficient of determination of 0.47 (calculated on logarithmically
transformed data). The missing values associated with the duration of runoff data
meant that additional models were required to infill the remainder of missing TRPD
values.

Table D.18: Regression coefficients associated with explanatory variables used in the
regression model predicting TRPD using TAP, TRND and DRF
Regression
Coefficients

coefficient

TAP

-0.75

TRND

0.23

DRF

0.67

Intercept

1.29

The second technique used to infill missing values was based upon a regression between
logarithmic transformations of time from beginning of rainfall to peak discharge
(TRPD) and drainage area (DA), total event rainfall depth (TRND) and total annual
precipitation (TAP). The regression coefficients for the model are presented in Table
D.19. Overall, 259 values were used to construct the regression model which had an
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associated coefficient of determination of 0.35 (calculated on logarithmically
transformed data).

Table D.19: Regression coefficients associated with explanatory variables used in the
regression model predicting TRPD using TAP, TRND and DA.
Regression
Variables

coefficient

TAP

-0.43

TRND

0.6

DA

0.19

Intercept

1.71

D.11 Antecedent dry period
The missing values associated with antecedent dry days were infilled by individually
analyzing different domains of data. The first data subset contained storm events that
occurred on the same day as the one preceding them. Such events had a storm sequence
number (SSN) greater than one. Storms falling into this category were assigned an
antecedent dry period of zero days.
The second data subset contained rainfall occurring during the preceding day (1.27mm).
This amount of rainfall was defined by Driver and Tasker (1990) as the minimum
quantity that could be defined as a storm event. The authors also specified that the
minimum time between successive storms was 6 hours. It is possible that not all of the
1.27mm fell as a single storm event. It may have been drizzle separated with periods of
no rainfall. Despite this limitation, when the preceding day’s rainfall was 1.27mm or
more, the antecedent dry period was arbitrarily set at 0.5 days.
The third data subset contained rainfall events occurring between days 1 and 3
preceding an event (P3-1RN). A somewhat arbitrary value of 2.54mm was assumed to
result in an exceedence of the 1.27mm in 6 hours limit for a storm event, during the two
day period. Hence, when P3-1RN was 2.54mm or more, the antecedent dry period was
arbitrarily set at 2.5 days.
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The fourth data subset contained rainfall events occurring between days 3 and 7
preceding an event (P7-3RN). An arbitrary value of 2.54mm was assumed to result in
an exceedence of the 1.27mm in 6 hours limit for a storm event, during the four day
period. Hence, when P7-3RN was 2.54mm or more, the antecedent dry period was
arbitrarily set at 5.5 days.
The next data subset consisted of storms that did not belong to any of the
aforementioned subsets. It was decided that a median estimate of the 83 data points
would provide an adequate representation of the typical antecedent dry period for this
subset. Therefore, the antecedent dry period was set at 13 days. A summary of the data
infilling techniques, based upon preceding rainfall is presented in Table D.20.

Table D.20: Summary of preceding rainfall ranges used to infill missing antecedent dry
day values
Data domain

ADD (days)

SSN>1

0

SSN<1, P1RN>1.27mm

0.5

SSN<1,P1RN<1.27mm, P3-1RN>2.54mm

2.5

SSN<1,P1RN<1.27mm, P3-1RN<2.54mm, P7-3RN>2.54mm

5.5

SSN<1,P1RN<1.27mm, P3-1RN<2.54mm, P7-3RN<2.54mm

13

In the absence of preceding rainfall information, a median of the entire dataset was used
to infill the missing antecedent dry day values. The median and associated standard
deviation is presented in Table D.21. A total of 310 missing antecedent dry period
values were therefore replaced with a median estimate of 3 days.

Table D.21: The median antecedent dry period and associated standard deviation
Statistic

Value

Median

3

St. Dev.

9.6

Count

646

D.12 Rain falling during the previous day
The rain falling on the previous day (P1RN) was initially infilled using antecedent dry
period information. A median P1RN estimate was used for two distinct subsets, defined
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on the basis of the number antecedent dry days. The results are presented in Table
D.22.

Table D.22: A summary of antecedent dry day ranges used to determine the amount of
rain falling during the previous day
ADD range

Median

St. Dev.

Count

ADD<1

3.43

10.02

162

ADD>1

0

1.71

328

The remainder of missing values were infilled using a median estimate of the entire
dataset. The statistics are presented in Table D.23.

Table D.23: Statistics associated with the infilling of the remainder of missing P1RN
values
Statistic

Value

Median

0

St. Dev.

6.74

Count

491

D.13 Rain falling between days 1 and 3 preceding an event
The rain falling between days 1 and 3 preceding an event (P3-1RN) was infilled using
antecedent dry period information. A median P3-1RN estimate was used for the three
distinct subsets, defined on the basis of the number antecedent dry days. The results are
presented in Table D.24.

Table D.24: A summary of antecedent dry day ranges used to determine the amount of
rain falling between the days 1 and 3 preceding a storm event
ADD range

Median

St. Dev.

Count

ADD<1

0.254

11.734

130

1<ADD<3

5.588

8.736

97

0

2.243

204

ADD>3

The remaining missing P3-1RN values were infilled using a median value of the entire
dataset. The statistics are presented in Table D.25.
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Table D.25: Statistics associated with the infilling of the remainder of missing P3-1RN
values
Statistic

Value

Median

0

St. Dev.

8.56

Count

432

D.14 Rain falling between days 3 and 7 preceding an event
The rain falling between days 3 and 7 preceding an event (P7-3RN) was infilled using
antecedent dry period information. A median P7-3RN estimate was used for three
distinct subsets, defined on the basis of the number antecedent dry days. The results are
presented in Table D.26.

Table D.26: A summary of antecedent dry day ranges used to determine the amount of
rain falling between the days 3 and 7 preceding a storm event
ADD range

Median

St.Dev.

Count

ADD<1

2.54

20.80

130

1<ADD<3

10.67

16.50

97

3<ADD<7

7.87

17.21

121

0

2.72

83

ADD>7

The remainder of missing values were infilled using a linear regression equation
between P7-3RN and and the average amount of rainfall occurring over a period of a
month (AMRN). A constant value of one was added to the values of P7-3RN and
logarithmic transformations taken.

Values of AMRN were also logarithmically

transformed. A regression model was then constructed. Statistics associated with the
the regression model are presented in Table D.27.

Table D.27: Statistics associated with the linear regression model predicting P7-3RN
using AMRN
Statistic

Value

Gradient

0.66

Intercept

-0.32

R2

0.05

Count

432

430

D.15 Rain falling in the 7 day period preceding an event
The missing values associated with amount of rain falling in the 7 day period preceding
a storm event (P7RN) were infilled using a summation of the rain falling in the three
distinct time periods analysed in the preceding subsections.
P7RN = P7-3RN + P3-1RN + P1RN

D.16 Rain falling in the 3 day period preceding an event
The missing values associated with amount of rain falling in the 3 day period preceding
a storm event (P3RN) were infilled using a summation of the rain falling in the two
distinct time periods analysed in the preceding subsections.
P3RN = P3-1RN + P1RN
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Appendix E Predictions of water quality at
unmonitored sites in the expanded NURP dataset
E.1

Key for each model acronym
E.1: Key for acronyms defining urban stormwater quality models
Shorthand

Model

AAG

Geometric mean of the entire dataset

AAA

Arithmetic mean of the entire dataset

MAG

Geometric mean metropolitan area concentration

MAA

Arithmetic mean metropolitan area concentration
1

Geometric mean metropolitan area concentration

1

MAA

Arithmetic mean metropolitan area concentration

SAG

Geometric mean site concentration

SAA

Arithmetic mean site concentration

MAG

RAG
RAG

Geometric mean concentration of 3 MARN subsets
2

Geometric mean concentration of 3 MARN subsets

RAA

Arithmetic mean concentration of 3 MARN subsets

2

RAA

Arithmetic mean concentration of 3 MARN subsets
2

Arithmetic mean concentration of 4 landuse subsets

2

Geometric mean concentration of 4 landuse subsets

L4AA

L4AG
L4AA

Arithmetic mean concentration of 4 landuse subsets

L4AG

Geometric mean concentration of 4 landuse subsets

REG

Stepwise regression model

REG

1

Stepwise regression model

REG

2

Stepwise regression model
1

Model verified using a leave one site out analysis

2

Model verified using a leave one metropolitan area out analysis
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E.2

Ammonium
Table E.2: The accuracy of models predicting ammonium concentration on the
expanded NURP dataset
SEE

AAPE

AAPELL

APELL

Model

(%)

(%)

(%)

(%)

AAG

199

351

89

-42

AAA

248

648

169

-159

MAG

145

194

65

-35

MAA

168

337

102

-93

1

162

221

91

-55

1

MAA

185

372

131

-117

SAG

113

143

15

-2

SAA

130

253

32

-27

170

250

107

-65

212

386

126

-74

201

423

188

-172

MAG

RAG
RAG

1

RAA
1

RAA

231

529

199

-176

2

265

666

153

-130

2

232

442

83

-39

L4AA

210

509

131

-121

L4AG

171

276

68

-34

REG

106

143

31

12

REG1

113

160

35

9

2

123

206

37

2

L4AA

L4AG

REG
1

Model verified using a leave one site out analysis

2

Model verified using a leave one metropolitan area out analysis
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E.3

Cadmium

Table E.3: The accuracy of models predicting cadmium concentration on the expanded
NURP dataset
Model
AAG

SEE
(%)
132

AAPE
(%)
156

AAPELL
(%)
41

APELL
(%)
9

AAA

133

173

44

-1

MAG

105

116

25

3

MAA

113

131

36

5

1

127

144

39

3

1

MAA

144

140

51

9

SAG

87

89

11

2

SAA

94

127

13

-12

118

131

39

1

141

100

48

13

133

200

58

-36

MAG

RAG
RAG

1

RAA
1

RAA

146

201

89

-73

2

123

175

77

-52

2

115

141

54

-13

L4AA

101

104

45

-3

L4AG

101

105

46

-6

REG

L4AA

L4AG

97

100

40

-15

1

103

111

42

-18

REG2

106

114

45

-18

REG
1

Model verified using a leave one site out analysis

2

Model verified using a leave one metropolitan area out analysis
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E.4

Chemical oxygen demand

Table E.4: The accuracy of models predicting chemical oxygen demand concentration
on the expanded NURP dataset
Model
AAG

SEE
(%)
124

AAPE
(%)
104

AAPELL
(%)
62

APELL
(%)
-27

AAA

388

524

397

-395

MAG

97

74

45

-19

MAA

200

352

317

-307

1

111

87

62

-29

1

MAA

230

400

391

-373

SAG

81

62

17

-7

SAA

111

230

63

-62

110

89

62

-38

128

118

76

-49

334

496

444

-437

MAG

RAG
RAG

1

RAA
1

RAA

383

548

454

-443

2

384

494

372

-359

2

138

125

82

-42

L4AA

350

469

373

-367

L4AG

117

100

67

-33

REG

L4AA

L4AG

83

66

40

-4

1

86

70

42

-6

REG2

93

82

48

-12

REG
1

Model verified using a leave one site out analysis

2

Model verified using a leave one metropolitan area out analysis
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E.5

Chloride

Table E.5: The accuracy of models predicting chloride concentration on the expanded
NURP dataset
Model
AAG

SEE
(%)
195

AAPE
(%)
162

AAPELL
(%)
212

APELL
(%)
-158

AAA

381

533

679

-663

MAG

145

107

61

-12

MAA

256

363

185

-166

1

176

136

111

-52

1

MAA

299

418

315

-283

SAG

110

81

20

7

SAA

159

213

36

-29

179

149

203

-150

274

158

242

-175

320

471

644

-625

MAG

RAG
RAG

1

RAA
1

RAA

284

391

662

-626

2

263

376

463

-436

2

195

160

193

-142

L4AA

300

441

470

-453

L4AG

178

155

183

-137

REG

L4AA

L4AG

119

102

165

-120

1

149

117

181

-131

REG2

143

119

188

-135

REG
1

Model verified using a leave one site out analysis

2

Model verified using a leave one metropolitan area out analysis
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E.6

Copper

Table E.6: The accuracy of models predicting copper concentration on the expanded
NURP dataset
Model
AAG

SEE
(%)
189

AAPE
(%)
184

AAPELL
(%)
87

APELL
(%)
-21

AAA

246

365

166

-134

MAG

95

76

34

3

MAA

108

117

49

-29

1

138

116

58

-2

1

MAA

147

162

80

-46

SAG

70

55

13

9

SAA

75

74

16

-7

113

88

71

-26

357

531

220

-174

138

161

113

-88

MAG

RAG
RAG

1

RAA
1

RAA

410

645

279

-247

2

212

254

159

-123

2

172

167

100

-47

L4AA

133

154

126

-94

L4AG

112

89

74

-23

REG

L4AA

L4AG

75

58

35

13

1

84

71

41

8

REG2

95

89

48

0

REG
1

Model verified using a leave one site out analysis

2

Model verified using a leave one metropolitan area out analysis
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E.7

Dissolved phosphorus

Table E.7: The accuracy of models predicting dissolved phosphorus concentration on
the expanded NURP dataset
Model
AAG

SEE
(%)
143

AAPE
(%)
130

AAPELL
(%)
88

APELL
(%)
-35

AAA

173

230

148

-127

MAG

111

101

45

-9

MAA

133

181

78

-65

1

122

110

53

-13

1

MAA

146

194

92

-74

SAG

87

85

15

2

SAA

97

142

24

-21

123

118

94

-52

128

123

102

-56

146

198

147

-134

MAG

RAG
RAG

1

RAA
1

RAA

145

194

149

-132

2

216

304

164

-135

2

186

196

106

-57

L4AA

162

213

139

-116

L4AG

133

116

85

-36

REG

L4AA

L4AG

114

109

73

-28

1

124

118

79

-32

REG2

140

136

92

-42

REG
1

Model verified using a leave one site out analysis

2

Model verified using a leave one metropolitan area out analysis
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E.8

Dissolved solids

Table E.8: The accuracy of models predicting dissolved solids concentration on the
expanded NURP dataset
Model
AAG

SEE
(%)
133

AAPE
(%)
104

AAPELL
(%)
82

APELL
(%)
-28

AAA

178

216

167

-142

MAG

87

67

30

-1

MAA

108

128

56

-45

1

99

79

42

-9

1

MAA

122

146

83

-67

SAG

74

55

19

-1

SAA

91

114

28

-25

132

105

83

-30

180

133

110

-44

175

216

165

-143

MAG

RAG
RAG

1

RAA
1

RAA

202

226

186

-148

2

222

225

192

-143

2

194

145

127

-61

L4AA

163

204

151

-131

L4AG

127

101

77

-27

REG

L4AA

L4AG

78

63

40

3

1

84

69

46

0

REG2

92

70

50

1

REG
1

Model verified using a leave one site out analysis

2

Model verified using a leave one city out analysis

439

E.9

Lead

Table E.9: The accuracy of models predicting lead concentration on the expanded
NURP dataset
Model
AAG

SEE
(%)
134

AAPE
(%)
119

AAPELL
(%)
79

APELL
(%)
-40

AAA

170

226

165

-149

MAG

108

94

47

-6

MAA

124

147

72

-54

1

133

110

65

-17

1

MAA

147

164

96

-66

SAG

87

72

19

9

SAA

96

106

22

-17

131

116

75

-33

139

122

83

-36

163

209

137

-119

MAG

RAG
RAG

1

RAA
1

RAA

230

310

193

-172

2

171

223

144

-127

2

139

121

80

-36

L4AA

162

211

135

-120

L4AG

127

112

70

-30

REG

L4AA

L4AG

89

74

39

0

1

95

80

43

-3

REG2

97

82

44

-4

REG
1

Model verified using a leave one site out analysis

2

Model verified using a leave one metropolitan area out analysis
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E.10 Nitrogen oxides
Table E.10: The accuracy of models predicting nitrogen oxides concentration on the
expanded NURP dataset
Model
AAG

SEE
(%)
144

AAPE
(%)
134

AAPELL
(%)
60

APELL
(%)
-9

AAA

180

248

112

-91

MAG

90

101

28

-3

MAA

98

139

39

-25

1

114

104

42

0

1

MAA

120

140

54

-23

SAG

78

97

9

3

SAA

83

124

14

-10

123

104

52

-15

587

786

290

-252

166

225

101

-79

MAG

RAG
RAG

1

RAA
1

RAA

1015

1282

462

-435

2

167

226

121

-89

2

146

153

81

-22

L4AA

132

180

101

-81

L4AG

114

113

63

-21

REG

L4AA

L4AG

82

89

36

-4

1

93

91

43

-6

REG2

91

105

42

-11

REG
1

Model verified using a leave one site out analysis

2

Model verified using a leave one metropolitan area out analysis
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E.11 Suspended solids
Table E.11: The accuracy of models predicting suspended solids concentration on the
expanded NURP dataset
Model
AAG

SEE
(%)
146

AAPE
(%)
128

AAPELL
(%)
53

APELL
(%)
16

AAA

183

239

83

-48

MAG

128

112

44

21

MAA

155

199

58

-28

1

143

127

49

16

1

MAA

172

221

75

-40

SAG

107

90

29

26

SAA

123

147

20

-3

140

124

56

13

158

137

67

4

173

225

79

-48

MAG

RAG
RAG

1

RAA
1

RAA

180

231

90

-55

2

200

258

103

-66

2

161

141

67

1

L4AA

181

237

86

-53

L4AG

145

127

56

12

REG

L4AA

L4AG

105

96

47

8

1

185

161

78

-25

REG2

120

107

54

3

REG
1

Model verified using a leave one site out analysis

2

Model verified using a leave one metropolitan area out analysis
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E.12 Total Kjeldhal nitrogen
Table E.12: The accuracy of models predicting total Kjeldhal nitrogen concentration
on the expanded NURP dataset
Model
AAG

SEE
(%)
113

AAPE
(%)
102

AAPELL
(%)
62

APELL
(%)
-22

AAA

129

159

98

-81

MAG

80

63

34

-8

MAA

90

93

56

-41

1

95

79

54

-21

1

MAA

102

109

80

-58

SAG

69

53

17

-4

SAA

76

75

33

-28

95

74

59

-31

181

245

121

-90

109

121

94

-79

MAG

RAG
RAG

1

RAA
1

RAA

194

294

155

-137

2

132

156

104

-79

2

124

115

76

-30

L4AA

111

123

91

-73

L4AG

97

79

61

-22

REG

L4AA

L4AG

70

57

44

-10

1

76

66

48

-14

REG2

77

68

51

-16

REG
1

Model verified using a leave one site out analysis

2

Model verified using a leave one metropolitan area out analysis
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E.13 Total nitrogen
Table E.13: The accuracy of models predicting total nitrogen concentration on the
expanded NURP dataset
Model
AAG

SEE
(%)
125

AAPE
(%)
115

AAPELL
(%)
74

APELL
(%)
-26

AAA

144

180

112

-93

MAG

77

59

30

-4

MAA

86

86

46

-31

1

96

74

42

-6

1

MAA

101

101

61

-35

SAG

66

50

14

1

SAA

72

70

22

-17

101

80

67

-38

173

202

123

-90

118

133

106

-91

MAG

RAG
RAG

1

RAA
1

RAA

226

322

181

-160

2

150

181

122

-90

2

141

143

97

-44

L4AA

107

118

96

-75

L4AG

95

79

66

-27

REG

L4AA

L4AG

64

50

33

-2

1

72

57

38

-3

REG2

74

58

41

-7

REG
1

Model verified using a leave one site out analysis

2

Model verified using a leave one metropolitan area out analysis
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E.14 Total phosphorus
Table E.14: The accuracy of models predicting total phosphorus concentration on the
expanded NURP dataset
Model
AAG

SEE
(%)
118

AAPE
(%)
105

AAPELL
(%)
54

APELL
(%)
3

AAA

135

164

72

-46

MAG

84

68

28

8

MAA

94

101

38

-21

1

100

83

37

4

1

MAA

109

117

50

-25

SAG

68

54

16

9

SAA

74

73

17

-7

100

84

46

2

108

91

52

0

114

129

61

-38

MAG

RAG
RAG

1

RAA
1

RAA

122

139

67

-42

2

128

148

69

-38

2

116

102

56

3

L4AA

122

141

65

-40

L4AG

212

84

62

35

REG

L4AA

L4AG

81

68

35

10

1

84

72

37

9

REG2

89

74

38

4

REG
1

Model verified using a leave one site out analysis

2

Model verified using a leave one metropolitan area out analysis
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E.15 Zinc
Table E.15: The accuracy of models predicting zinc concentration on the expanded
NURP dataset
Model
AAG

SEE
(%)
137

AAPE
(%)
119

AAPELL
(%)
65

APELL
(%)
-10

AAA

169

215

115

-88

MAG

104

91

50

-6

MAA

119

140

68

-48

1

131

112

67

-12

1

MAA

140

159

90

-59

SAG

83

68

18

12

SAA

92

103

19

-10

118

101

62

-19

280

386

163

-121

147

184

107

-86

MAG

RAG
RAG

1

RAA
1

RAA

446

735

300

-277

2

143

173

123

-98

2

122

108

73

-26

L4AA

128

153

107

-84

L4AG

109

93

61

-17

REG

L4AA

L4AG

87

71

43

8

1

90

73

45

7

REG2

95

78

48

6

REG
1

Model verified using a leave one site out analysis

2

Model verified using a leave one metropolitan area out analysis
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E.16 Summary
Table E.16: The average accuracy of models predicting constituent concentrations on
the expanded NURP dataset
Model
AAG

SEE
(%)
145

AAPE
(%)
144

AAPELL
(%)
79

APELL
(%)
-28

AAA

204

294

180

-159

MAG

104

95

40

-5

MAA

132

180

86

-68

1

125

113

58

-14

1

MAA

155

203

118

-90

SAG

84

75

17

5

SAA

98

132

26

-20

125

115

77

-34

218

251

130

-82

174

242

175

-155

MAG

RAG
RAG

1

RAA
1

RAA

301

432

247

-223

2

198

276

169

-140

2

156

161

91

-40

L4AA

169

233

151

-129

L4AG

131

116

74

-26

REG

L4AA

L4AG

89

82

50

-9

1

103

94

57

-15

REG2

103

99

59

-16

REG
1

Model verified using a leave one site out analysis

2

Model verified using a leave one metropolitan area out analysis
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Appendix F Predicted versus observed EMCs at sites
in the expanded NURP dataset
F.1

Ammonium
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Figure F.1: Ammonium EMC predictions using the four landuse-based geometric
means (verified on the calibration data)
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Figure F.2: Ammonium EMC predictions using the four landuse-based geometric
means (verified using a leave one metropolitan area out analysis)
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Figure F.3: Ammonium EMC predictions using the geometric means of EMCs from
common metropolitan areas (verified using the calibration dataset)
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Figure F.4 Ammonium EMC predictions using the geometric means of EMCs from
common metropolitan areas (verified using a leave one catchment out analysis)
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Figure F.5: Ammonium EMC predictions using the regression model (verified using the
calibration dataset)
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Figure F.6: Ammonium EMC predictions using the regression model (verified using a
leave one metropolitan area out analysis)
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Figure F.7: Ammonium EMC predictions using the geometric means of EMCs at
individual sites (verified using the calibration data)
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F.2

Cadmium
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Figure F.8: Cadmium EMC predictions using the four landuse-based geometric means
(verified on the calibration data)
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Figure F.9: Cadmium EMC predictions using the four landuse-based geometric means
(verified using a leave one metropolitan area out analysis)
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Figure F.10: Cadmium EMC predictions using the geometric means of EMCs from
common metropolitan areas (verified using the calibration dataset)
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Figure F.11: Cadmium EMC predictions using the geometric means of EMCs from
common metropolitan areas (verified using a leave one catchment out analysis)

453

Predicted EMC (mg/L)

0.1

0.01

0.001

0.0001

0.00001
0.00001

0.0001

0.001

0.01

0.1

Observed EMC (mg/L)

Figure F.12: Cadmium EMC predictions using the regression model (verified using the
calibration dataset)
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Figure F.13: Cadmium EMC predictions using the regression model (verified using a
leave one metropolitan area out analysis)
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Figure F.14: Cadmium EMC predictions using the geometric means of EMCs at
individual sites (verified using the calibration data)
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F.3
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Figure F.15: Chemical oxygen demand EMC predictions using the four landuse-based
geometric means (verified on the calibration data)
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Figure F.16: Chemical oxygen demand EMC predictions using the four landuse-based
geometric means (verified using a leave one metropolitan area out analysis)
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Figure F.17: Chemical oxygen demand EMC predictions using the geometric means of
EMCs from common metropolitan areas (verified using the calibration dataset)
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Figure F.18: Chemical oxygen demand EMC predictions using the geometric means of
EMCs from common metropolitan areas (verified using a leave one catchment out
analysis)
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Figure F.19: Chemical oxygen demand EMC predictions using the regression model
(verified using the calibration dataset)
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Figure F.20: Chemical oxygen demand EMC predictions using the regression model
(verified using a leave one metropolitan area out analysis)
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Figure F.21: Chemical oxygen demand EMC predictions using the geometric means of
EMCs at individual sites (verified using the calibration data)
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F.4

Chloride
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Figure F.22: Chloride EMC predictions using the four landuse-based geometric means
(verified on the calibration data)
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Figure F.23: Chloride EMC predictions using the four landuse-based geometric means
(verified using a leave one metropolitan area out analysis)
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Figure F.24: Chloride EMC predictions using the geometric means of EMCs from
common metropolitan areas (verified using the calibration dataset)
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Figure F.25: Chloride EMC predictions using the geometric means of EMCs from
common metropolitan areas (verified using a leave one catchment out analysis)
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Figure F.26: Chloride EMC predictions using the regression model (verified using the
calibration dataset)
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Figure F.27: Chloride EMC predictions using the regression model (verified using a
leave one metropolitan area out analysis)
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Figure F.28: Chloride EMC predictions using the geometric means of EMCs at
individual sites (verified using the calibration data)
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Figure F.29: Copper EMC predictions using the four landuse-based geometric means
(verified on the calibration data)
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Figure F.30: Copper EMC predictions using the four landuse-based geometric means
(verified using a leave one metropolitan area out analysis)
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Figure F.31: Copper EMC predictions using the geometric means of EMCs from
common metropolitan areas (verified using the calibration dataset)
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Figure F.32: Copper EMC predictions using the geometric means of EMCs from
common metropolitan areas (verified using a leave one catchment out analysis)
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Figure F.33: Copper EMC predictions using the regression model (verified using the
calibration dataset)
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Figure F.34: Copper EMC predictions using the regression model (verified using a
leave one metropolitan area out analysis)
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Figure F.35: Copper EMC predictions using the geometric means of EMCs at
individual sites (verified using the calibration data)
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Figure F.36: Dissolved phosphorus EMC predictions using the four landuse-based
geometric means (verified on the calibration data)
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Figure F.37: Dissolved phosphorus EMC predictions using the four landuse-based
geometric means (verified using a leave one metropolitan area out analysis)
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Figure F.38: Dissolved phosphorus EMC predictions using the geometric means of
EMCs from common metropolitan areas (verified using the calibration dataset)
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Figure F.39: Dissolved phosphorus EMC predictions using the geometric means of
EMCs from common metropolitan areas (verified using a leave one catchment out
analysis)
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Figure F.40: Dissolved phosphorus EMC predictions using the regression model
(verified using the calibration dataset)
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Figure F.41: Dissolved phosphorus EMC predictions using the regression model
(verified using a leave one metropolitan area out analysis)
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Figure F.42: Dissolved phosphorus EMC predictions using the geometric means of
EMCs at individual sites (verified using the calibration data)
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Figure F.43: Dissolved solids EMC predictions using the four landuse-based geometric
means (verified on the calibration data)
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Figure F.44: Dissolved solids EMC predictions using the four landuse-based geometric
means (verified using a leave one metropolitan area out analysis)
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Figure F.45: Dissolved solids EMC predictions using the geometric means of EMCs
from common metropolitan areas (verified using the calibration dataset)
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Figure F.46: Dissolved solids EMC predictions using the geometric means of EMCs
from common metropolitan areas (verified using a leave one catchment out analysis)
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Figure F.47: Dissolved solids EMC predictions using the regression model (verified
using the calibration dataset)
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Figure F.48: Dissolved solids EMC predictions using the regression model (verified
using a leave one metropolitan area out analysis)
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Figure F.49: Dissolved solids EMC predictions using the geometric means of EMCs at
individual sites (verified using the calibration data)
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Figure F.50: Lead EMC predictions using the four landuse-based geometric means
(verified on the calibration data)
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Figure F.51: Lead EMC predictions using the four landuse-based geometric means
(verified using a leave one metropolitan area out analysis)
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Figure F.52: Lead EMC predictions using the geometric means of EMCs from common
metropolitan areas (verified using the calibration dataset)
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Figure F.53: Lead EMC predictions using the geometric means of EMCs from common
metropolitan areas (verified using a leave one catchment out analysis)
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Figure F.54: Lead EMC predictions using the regression model (verified using the
calibration dataset)
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Figure F.55: Lead EMC predictions using the regression model (verified using a leave
one metropolitan area out analysis)
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Figure F.56: Lead EMC predictions using the geometric means of EMCs at individual
sites (verified using the calibration data)
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Figure F.57: Nitrogen oxides EMC predictions using the four landuse-based geometric
means (verified on the calibration data)
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Figure F.58: Nitrogen oxides EMC predictions using the four landuse-based geometric
means (verified using a leave one metropolitan area out analysis)
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Figure F.59: Nitrogen oxides EMC predictions using the geometric means of EMCs
from common metropolitan areas (verified using the calibration dataset)
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Figure F.60: Nitrogen oxides EMC predictions using the geometric means of EMCs
from common metropolitan areas (verified using a leave one catchment out analysis)
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Figure F.61: Nitrogen oxides EMC predictions using the regression model (verified
using the calibration dataset)
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Figure F.62: Nitrogen oxides EMC predictions using the regression model (verified
using a leave one metropolitan area out analysis)
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Figure F.63: Nitrogen oxides EMC predictions using the geometric means of EMCs at
individual sites (verified using the calibration data)
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F.10 Suspended solids
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Figure F.64: Suspended solids EMC predictions using the four landuse-based
geometric means (verified on the calibration data)

Predicted EMC (mg/L)

10000

1000

100

10

1
1

10

100

1000

10000

Observed EMC (mg/L)

Figure F.65: Suspended solids EMC predictions using the four landuse-based
geometric means (verified using a leave one metropolitan area out analysis)
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Figure F.66: Suspended solids EMC predictions using the geometric means of EMCs
from common metropolitan areas (verified using the calibration dataset)
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Figure F.67: Suspended solids EMC predictions using the geometric means of EMCs
from common metropolitan areas (verified using a leave one catchment out analysis)
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Figure F.68: Suspended solids EMC predictions using the regression model (verified
using the calibration dataset)
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Figure F.69: Suspended solids EMC predictions using the regression model (verified
using a leave one metropolitan area out analysis)
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Figure F.70: Suspended solids EMC predictions using the geometric means of EMCs at
individual sites (verified using the calibration data)
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F.11 Total Kjeldhal nitrogen
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Figure F.71: Total Kjeldhal nitrogen EMC predictions using the four landuse-based
geometric means (verified on the calibration data)
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Figure F.72: Total Kjeldhal nitrogen EMC predictions using the four landuse-based
geometric means (verified using a leave one metropolitan area out analysis)
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Figure F.73: Total Kjeldhal nitrogen EMC predictions using the geometric means of
EMCs from common metropolitan areas (verified using the calibration dataset)
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Figure F.74: Total Kjeldhal nitrogen EMC predictions using the geometric means of
EMCs from common metropolitan areas (verified using a leave one catchment out
analysis)

489

Predicted EMC (mg/L)

100

10

1

0.1

0.01
0.01

0.1

1

10

100

Observed EMC (mg/L)

Figure F.75: Total Kjeldhal nitrogen EMC predictions using the regression model
(verified using the calibration dataset)
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Figure F.76: Total Kjeldhal nitrogen EMC predictions using the regression model
(verified using a leave one metropolitan area out analysis)
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Figure F.77: Total Kjeldhal nitrogen EMC predictions using the geometric means of
EMCs at individual sites (verified using the calibration data)
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Figure F.78: Total nitrogen EMC predictions using the four landuse-based geometric
means (verified on the calibration data)
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Figure F.79: Total nitrogen EMC predictions using the four landuse-based geometric
means (verified using a leave one metropolitan area out analysis)
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Figure F.80: Total nitrogen EMC predictions using the geometric means of EMCs from
common metropolitan areas (verified using the calibration dataset)
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Figure F.81: Total nitrogen EMC predictions using the geometric means of EMCs from
common metropolitan areas (verified using a leave one catchment out analysis)
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Figure F.82: Total nitrogen EMC predictions using the regression model (verified
using the calibration dataset)
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Figure F.83: Total nitrogen EMC predictions using the regression model (verified
using a leave one metropolitan area out analysis)
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Figure F.84: Total nitrogen EMC predictions using the geometric means of EMCs at
individual sites (verified using the calibration data)
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F.13 Total phosphorus
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Figure F.85: Total phosphorus EMC predictions using the four landuse-based
geometric means (verified on the calibration data)
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Figure F.86: Total phosphorus EMC predictions using the four landuse-based
geometric means (verified using a leave one metropolitan area out analysis)
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Figure F.87: Total phosphorus EMC predictions using the geometric means of EMCs
from common metropolitan areas (verified using the calibration dataset)
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Figure F.88: Total phosphorus EMC predictions using the geometric means of EMCs
from common metropolitan areas (verified using a leave one catchment out analysis)
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Figure F.89: Total phosphorus EMC predictions using the regression model (verified
using the calibration dataset)
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Figure F.90: Total phosphorus EMC predictions using the regression model (verified
using a leave one metropolitan area out analysis)
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Figure F.91: Total phosphorus EMC predictions using the geometric means of EMCs
at individual sites (verified using the calibration data)
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F.14 Zinc
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Figure F.92: Zinc EMC predictions using the four landuse-based geometric means
(verified on the calibration data)
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Figure F.93: Zinc EMC predictions using the four landuse-based geometric means
(verified using a leave one metropolitan area out analysis)
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Figure F.94: Zinc EMC predictions using the geometric means of EMCs from common
metropolitan areas (verified using the calibration dataset)
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Figure F.95: Zinc EMC predictions using the geometric means of EMCs from common
metropolitan areas (verified using a leave one catchment out analysis)
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Figure F.96: Zinc EMC predictions using the regression model (verified using the
calibration dataset)
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Figure F.97: Zinc EMC predictions using the regression model (verified using a leave
one metropolitan area out analysis)
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Figure F.98: Zinc EMC predictions using the geometric means of EMCs at individual
sites (verified using the calibration data)
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Appendix G Yield predictions at individual sites
G.1

Ammonium
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Figure G.1: Effect of storm sample size at a site upon the ammonium yield prediction
using landuse-based geometric means (verified on the calibration dataset)
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Figure G.2: Effect of storm sample size at a site upon the ammonium yield prediction
using landuse-based geometric means (verified using a leave one metropolitan area out
analysis)
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Figure G.3: Effect of storm sample size at a site upon the ammonium yield prediction
using the geometric means of EMCs from common metropolitan areas (verified on the
calibration dataset)
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Figure G.4: Effect of storm sample size at a site upon the ammonium yield prediction
using the geometric means of EMCs from common metropolitan areas (verified using a
leave one station out analysis)

505

Average relative yield error (kg/ha)

0.04
0.02
0
-0.02
-0.04
-0.06
-0.08
-0.1
0

5

10

15

20

25

30

35

No. of sampled storms at a site

Figure G.5: Effect of storm sample size at a site upon the ammonium yield prediction
using the regression model (verified on the calibration dataset)
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Figure G.6: Effect of storm sample size at a site upon the ammonium yield prediction
using the regression model (verified using a leave one station out analysis)
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Figure G.7: Effect of storm sample size at a site upon the ammonium yield prediction
using the geometric means of EMCs at individual sites (verified on the calibration
dataset)
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Figure G.8: Effect of storm sample size at a site upon the ammonium yield prediction
using the arithmetic means of EMCs at individual sites (verified on the calibration
dataset)
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Figure G.9: Effect of storm sample size at a site upon the cadmium yield prediction
using landuse-based geometric means (verified on the calibration dataset)
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Figure G.10: Effect of storm sample size at a site upon the cadmium yield prediction
using landuse-based geometric means (verified using a leave one metropolitan area out
analysis)
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Figure G.11: Effect of storm sample size at a site upon the cadmium yield prediction
using the geometric means of EMCs from common metropolitan areas (verified on the
calibration dataset)
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Figure G.12: Effect of storm sample size at a site upon the cadmium yield prediction
using the geometric means of EMCs from common metropolitan areas (verified using a
leave one station out analysis)
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Figure G.13: Effect of storm sample size at a site upon the cadmium yield prediction
using the regression model (verified on the calibration dataset)
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Figure G.14: Effect of storm sample size at a site upon the cadmium yield prediction
using the regression model (verified using a leave one station out analysis)

510

Average relative yield error (kg/ha)

0.0004
0.0003
0.0002
0.0001
0
-0.0001
-0.0002
0

5

10

15

20

25

30

No. of sampled storms at a site

Figure G.15: Effect of storm sample size at a site upon the cadmium yield prediction
using the geometric means of EMCs at individual sites (verified on the calibration
dataset)
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Figure G.16: Effect of storm sample size at a site upon the cadmium yield prediction
using the arithmetic means of EMCs at individual sites (verified on the calibration
dataset)
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Figure G.17: Effect of storm sample size at a site upon the chemical oxygen demand
yield prediction using landuse-based geometric means (verified on the calibration
dataset)

Average relative yield error (kg/ha)

20
15
10
5
0
-5
-10
-15
0

10

20

30

40

50

No. of sampled storms at a site

Figure G.18: Effect of storm sample size at a site upon the chemical oxygen demand
yield prediction using landuse-based geometric means (verified using a leave one
metropolitan area out analysis)
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Figure G.19: Effect of storm sample size at a site upon the chemical oxygen demand
yield prediction using the geometric means of EMCs from common metropolitan areas
(verified on the calibration dataset)
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Figure G.20: Effect of storm sample size at a site upon the chemical oxygen demand
yield prediction using the geometric means of EMCs from common metropolitan areas
(verified using a leave one station out analysis)
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Figure G.21: Effect of storm sample size at a site upon the chemical oxygen demand
yield prediction using the regression model (verified on the calibration dataset)
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Figure G.22: Effect of storm sample size at a site upon the chemical oxygen demand
yield prediction using the regression model (verified using a leave one station out
analysis)
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Figure G.23: Effect of storm sample size at a site upon the chemical oxygen demand
yield prediction using the geometric means of EMCs at individual sites (verified on the
calibration dataset)
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Figure G.24: Effect of storm sample size at a site upon the chemical oxygen demand
yield prediction using the arithmetic means of EMCs at individual sites (verified on the
calibration dataset)
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Figure G.25: Effect of storm sample size at a site upon the chloride yield prediction
using landuse-based geometric means (verified on the calibration dataset)
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Figure G.26: Effect of storm sample size at a site upon the chloride yield prediction
using landuse-based geometric means (verified using a leave one metropolitan area out
analysis)
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Figure G.27: Effect of storm sample size at a site upon the chloride yield prediction
using the geometric means of EMCs from common metropolitan areas (verified on the
calibration dataset)
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Figure G.28: Effect of storm sample size at a site upon the chloride yield prediction
using the geometric means of EMCs from common metropolitan areas (verified using a
leave one station out analysis)
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Figure G.29: Effect of storm sample size at a site upon the chloride yield prediction
using the regression model (verified on the calibration dataset)
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Figure G.30: Effect of storm sample size at a site upon the chloride yield prediction
using the regression model (verified using a leave one station out analysis)
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Figure G.31: Effect of storm sample size at a site upon the chloride yield prediction
using the geometric means of EMCs at individual sites (verified on the calibration
dataset)
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Figure G.32: Effect of storm sample size at a site upon the chloride yield prediction
using the arithmetic means of EMCs at individual sites (verified on the calibration
dataset)
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Figure G.33: Effect of storm sample size at a site upon the copper yield prediction
using landuse-based geometric means (verified on the calibration dataset)
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Figure G.34: Effect of storm sample size at a site upon the copper yield prediction
using landuse-based geometric means (verified using a leave one metropolitan area out
analysis)
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Figure G.35: Effect of storm sample size at a site upon the copper yield prediction
using the geometric means of EMCs from common metropolitan areas (verified on the
calibration dataset)
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Figure G.36: Effect of storm sample size at a site upon the copper yield prediction
using the geometric means of EMCs from common metropolitan areas (verified using a
leave one station out analysis)
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Figure G.37: Effect of storm sample size at a site upon the copper yield prediction
using the regression model (verified on the calibration dataset)
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Figure G.38: Effect of storm sample size at a site upon the copper yield prediction
using the regression model (verified using a leave one station out analysis)
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Figure G.39: Effect of storm sample size at a site upon the copper yield prediction
using the geometric means of EMCs at individual sites (verified on the calibration
dataset)
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Figure G.40: Effect of storm sample size at a site upon the copper yield prediction
using the arithmetic means of EMCs at individual sites (verified on the calibration
dataset)
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Figure G.41: Effect of storm sample size at a site upon the dissolved phosphorus yield
prediction using landuse-based geometric means (verified on the calibration dataset)
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Figure G.42: Effect of storm sample size at a site upon the dissolved phosphorus yield
prediction using landuse-based geometric means (verified using a leave one
metropolitan area out analysis)
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Figure G.43: Effect of storm sample size at a site upon the dissolved phosphorus yield
prediction using the geometric means of EMCs from common metropolitan areas
(verified on the calibration dataset)
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Figure G.44: Effect of storm sample size at a site upon the dissolved phosphorus yield
prediction using the geometric means of EMCs from common metropolitan areas
(verified using a leave one station out analysis)
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Figure G.45: Effect of storm sample size at a site upon the dissolved phosphorus yield
prediction using the regression model (verified on the calibration dataset)
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Figure G.46: Effect of storm sample size at a site upon the dissolved phosphorus yield
prediction using the regression model (verified using a leave one station out analysis)
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Figure G.47: Effect of storm sample size at a site upon the dissolved phosphorus yield
prediction using the geometric means of EMCs at individual sites (verified on the
calibration dataset)
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Figure G.48: Effect of storm sample size at a site upon the dissolved phosphorus yield
prediction using the arithmetic means of EMCs at individual sites (verified on the
calibration dataset)
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Figure G.49: Effect of storm sample size at a site upon the dissolved solids yield
prediction using landuse-based geometric means (verified on the calibration dataset)
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Figure G.50: Effect of storm sample size at a site upon the dissolved solids yield
prediction using landuse-based geometric means (verified using a leave one
metropolitan area out analysis)
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Figure G.51: Effect of storm sample size at a site upon the dissolved solids yield
prediction using the geometric means of EMCs from common metropolitan areas
(verified on the calibration dataset)
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Figure G.52: Effect of storm sample size at a site upon the dissolved solids yield
prediction using the geometric means of EMCs from common metropolitan areas
(verified using a leave one station out analysis)
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Figure G.53: Effect of storm sample size at a site upon the dissolved solids yield
prediction using the regression model (verified on the calibration dataset)
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Figure G.54: Effect of storm sample size at a site upon the dissolved solids yield
prediction using the regression model (verified using a leave one station out analysis)
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Figure G.55: Effect of storm sample size at a site upon the dissolved solids yield
prediction using the geometric means of EMCs at individual sites (verified on the
calibration dataset)
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Figure G.56: Effect of storm sample size at a site upon the dissolved solids yield
prediction using the arithmetic means of EMCs at individual sites (verified on the
calibration dataset)
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Figure G.57: Effect of storm sample size at a site upon the lead yield prediction using
landuse-based geometric means (verified on the calibration dataset)

Average relative yield error (kg/ha)

0.3
0.25
0.2
0.15
0.1
0.05
0
-0.05
0

5

10

15

20

25

30

35

No. of sampled storms at a site

Figure G.58: Effect of storm sample size at a site upon the lead yield prediction using
landuse-based geometric means (verified using a leave one metropolitan area out
analysis)
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Figure G.59: Effect of storm sample size at a site upon the lead yield prediction using
the geometric means of EMCs from common metropolitan areas (verified on the
calibration dataset)

Average relative yield error (kg/ha)

0.3
0.25
0.2
0.15
0.1
0.05
0
-0.05
0

5

10

15

20

25

30

35

No. of sampled storms at a site

Figure G.60: Effect of storm sample size at a site upon the lead yield prediction using
the geometric means of EMCs from common metropolitan areas (verified using a leave
one station out analysis)
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Figure G.61: Effect of storm sample size at a site upon the lead yield prediction using
the regression model (verified on the calibration dataset)
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Figure G.62: Effect of storm sample size at a site upon the lead yield prediction using
the regression model (verified using a leave one station out analysis)

534

Average relative yield error (kg/ha)

0.3
0.25
0.2
0.15
0.1
0.05
0
-0.05
0

5

10

15

20

25

30

35

No. of sampled storms at a site

Figure G.63: Effect of storm sample size at a site upon the lead yield prediction using
the geometric means of EMCs at individual sites (verified on the calibration dataset)
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Figure G.64: Effect of storm sample size at a site upon the lead yield prediction using
the arithmetic means of EMCs at individual sites (verified on the calibration dataset)
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Figure G.65: Effect of storm sample size at a site upon the nitrogen oxide yield
prediction using landuse-based geometric means (verified on the calibration dataset)
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Figure G.66: Effect of storm sample size at a site upon the nitrogen oxide yield
prediction using landuse-based geometric means (verified using a leave one
metropolitan area out analysis)
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Figure G.67: Effect of storm sample size at a site upon the nitrogen oxide yield
prediction using the geometric means of EMCs from common metropolitan areas
(verified on the calibration dataset)
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Figure G.68: Effect of storm sample size at a site upon the nitrogen oxide yield
prediction using the geometric means of EMCs from common metropolitan areas
(verified using a leave one station out analysis)
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Figure G.69: Effect of storm sample size at a site upon the nitrogen oxide yield
prediction using the regression model (verified on the calibration dataset)
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Figure G.70: Effect of storm sample size at a site upon the nitrogen oxide yield
prediction using the regression model (verified using a leave one station out analysis)
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Figure G.71: Effect of storm sample size at a site upon the nitrogen oxide yield
prediction using the geometric means of EMCs at individual sites (verified on the
calibration dataset)
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Figure G.72: Effect of storm sample size at a site upon the nitrogen oxide yield
prediction using the arithmetic means of EMCs at individual sites (verified on the
calibration dataset)
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Figure G.73: Effect of storm sample size at a site upon the suspended solids yield
prediction using landuse-based geometric means (verified on the calibration dataset)
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Figure G.74: Effect of storm sample size at a site upon the suspended solids yield
prediction using landuse-based geometric means (verified using a leave one
metropolitan area out analysis)
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Figure G.75: Effect of storm sample size at a site upon the suspended solids yield
prediction using the geometric means of EMCs from common metropolitan areas
(verified on the calibration dataset)
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Figure G.76: Effect of storm sample size at a site upon the suspended solids yield
prediction using the geometric means of EMCs from common metropolitan areas
(verified using a leave one station out analysis)
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Figure G.77: Effect of storm sample size at a site upon the suspended solids yield
prediction using the regression model (verified on the calibration dataset)
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Figure G.78: Effect of storm sample size at a site upon the suspended solids yield
prediction using the regression model (verified using a leave one station out analysis)
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Figure G.79: Effect of storm sample size at a site upon the suspended solids yield
prediction using the geometric means of EMCs at individual sites (verified on the
calibration dataset)
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Figure G.80: Effect of storm sample size at a site upon the suspended solids yield
prediction using the arithmetic means of EMCs at individual sites (verified on the
calibration dataset)
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Figure G.81: Effect of storm sample size at a site upon the total Kjeldhal nitrogen yield
prediction using landuse-based geometric means (verified on the calibration dataset)
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Figure G.82: Effect of storm sample size at a site upon the total Kjeldhal nitrogen yield
prediction using landuse-based geometric means (verified using a leave one
metropolitan area out analysis)
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Figure G.83: Effect of storm sample size at a site upon the total Kjeldhal nitrogen yield
prediction using the geometric means of EMCs from common metropolitan areas
(verified on the calibration dataset)
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Figure G.84: Effect of storm sample size at a site upon the total Kjeldhal nitrogen yield
prediction using the geometric means of EMCs from common metropolitan areas
(verified using a leave one station out analysis)
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Figure G.85: Effect of storm sample size at a site upon the total Kjeldhal nitrogen yield
prediction using the regression model (verified on the calibration dataset)
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Figure G.86: Effect of storm sample size at a site upon the total Kjeldhal nitrogen yield
prediction using the regression model (verified using a leave one station out analysis)
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Figure G.87: Effect of storm sample size at a site upon the total Kjeldhal nitrogen yield
prediction using the geometric means of EMCs at individual sites (verified on the
calibration dataset)
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Figure G.88: Effect of storm sample size at a site upon the total Kjeldhal nitrogen yield
prediction using the arithmetic means of EMCs at individual sites (verified on the
calibration dataset)
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Figure G.89: Effect of storm sample size at a site upon the total nitrogen yield
prediction using landuse-based geometric means (verified on the calibration dataset)
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Figure G.90: Effect of storm sample size at a site upon the total nitrogen yield
prediction using landuse-based geometric means (verified using a leave one
metropolitan area out analysis)
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Figure G.91: Effect of storm sample size at a site upon the total nitrogen yield
prediction using the geometric means of EMCs from common metropolitan areas
(verified on the calibration dataset)
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Figure G.92: Effect of storm sample size at a site upon the total nitrogen yield
prediction using the geometric means of EMCs from common metropolitan areas
(verified using a leave one station out analysis)
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Figure G.93: Effect of storm sample size at a site upon the total nitrogen yield
prediction using the regression model (verified on the calibration dataset)
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Figure G.94: Effect of storm sample size at a site upon the total nitrogen yield
prediction using the regression model (verified using a leave one station out analysis)
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Figure G.95: Effect of storm sample size at a site upon the total nitrogen yield
prediction using the geometric means of EMCs at individual sites (verified on the
calibration dataset)
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Figure G.96: Effect of storm sample size at a site upon the total nitrogen yield
prediction using the arithmetic means of EMCs at individual sites (verified on the
calibration dataset)

551

G.13 Total phosphorus
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Figure G.97: Effect of storm sample size at a site upon the total phosphorus yield
prediction using landuse-based geometric means (verified on the calibration dataset)
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Figure G.98: Effect of storm sample size at a site upon the total phosphorus yield
prediction using landuse-based geometric means (verified using a leave one
metropolitan area out analysis)
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Figure G.99: Effect of storm sample size at a site upon the total phosphorus yield
prediction using the geometric means of EMCs from common metropolitan areas
(verified on the calibration dataset)
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Figure G.100: Effect of storm sample size at a site upon the total phosphorus yield
prediction using the geometric means of EMCs from common metropolitan areas
(verified using a leave one station out analysis)
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Figure G.101: Effect of storm sample size at a site upon the total phosphorus yield
prediction using the regression model (verified on the calibration dataset)
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Figure G.102: Effect of storm sample size at a site upon the total phosphorus yield
prediction using the regression model (verified using a leave one station out analysis)
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Figure G.103: Effect of storm sample size at a site upon the total phosphorus yield
prediction using the geometric means of EMCs at individual sites (verified on the
calibration dataset)
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Figure G.104: Effect of storm sample size at a site upon the total phosphorus yield
prediction using the arithmetic means of EMCs at individual sites (verified on the
calibration dataset)
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G.14 Zinc
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Figure G.105: Effect of storm sample size at a site upon the zinc yield prediction using
landuse-based geometric means (verified on the calibration dataset)
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Figure G.106: Effect of storm sample size at a site upon the zinc yield prediction using
landuse-based geometric means (verified using a leave one metropolitan area out
analysis)
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Figure G.107: Effect of storm sample size at a site upon the zinc yield prediction using
the geometric means of EMCs from common metropolitan areas (verified on the
calibration dataset)
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Figure G.108: Effect of storm sample size at a site upon the zinc yield prediction using
the geometric means of EMCs from common metropolitan areas (verified using a leave
one station out analysis)
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Figure G.109: Effect of storm sample size at a site upon the zinc yield prediction using
the regression model (verified on the calibration dataset)

Average relative yield error (kg/ha)

0.1
0.08
0.06
0.04
0.02
0
-0.02
-0.04
0

10

20

30

40

50

No. of sampled storms at a site

Figure G.110: Effect of storm sample size at a site upon the zinc yield prediction using
the regression model (verified using a leave one station out analysis)
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Figure G.111: Effect of storm sample size at a site upon the zinc yield prediction using
the geometric means of EMCs at individual sites (verified on the calibration dataset)
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Figure G.112: Effect of storm sample size at a site upon the zinc yield prediction using
the arithmetic means of EMCs at individual sites (verified on the calibration dataset)
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Appendix H Predicted versus observed EMCs using
regression and ANN models
H.1 Chemical oxygen demand
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Figure H.1: Chemical oxygen demand EMC predictions using the regression model.
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Figure H.2: Chemical oxygen demand EMC predictions using the ANN model.
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H.2 Lead
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Figure H.3: Lead EMC predictions using the regression model.
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Figure H.4: Lead EMC predictions using the ANN model.
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H.3 Suspended solids
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Figure H.5: Suspended solids EMC predictions using the regression model.

10000

SSANN (mg/L)

1000

100

10

1
1

10

100

1000

SSobs (mg/L)

Figure H.6: Suspended solids EMC predictions using the ANN model.
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H.4 Total Kjeldhal nitrogen
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Figure H.7: Total Kjeldhal nitrogen EMC predictions using the regression model.

100

TKNANN (mg/L)

10

1

0.1

0.01
0.01

0.1

1

10

TKNobs (mg/L)

Figure H.8: Total Kjeldhal nitrogen EMC predictions using the ANN model.
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H.5 Total phosphorus
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Figure H.9: Total phosphorus EMC predictions using the regression model.
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Figure H.10: Total phosphorus EMC predictions using the ANN model.
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