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ABSTRACT

Much research has been conducted to quantify stormwater runoff and quality using both mechanistic (i.e. process-based) and
empirical (i.e. data-driven) techniques. Mechanistic models generally include the mathematical representation of relevant
physico-chemical processes to generate storm runoff quantity and quality. Empirical approaches analyse available data for
potential response and predictor variables to trace the interactions of major processes and develop data-driven explanatory
and/or predictive relationships. This paper reviews major, mostly unresolved, challenges with both mechanistic and empirical
modelling of stormwater, sheds light on the scientific gaps with conventional practices, and offers important perspectives by
taking the highly urbanized Miami River Basin of Florida as an analytical example. Appreciating the varying levels of process
complexity in different urban river basins, we discuss the relative applicability of mechanistic and empirical methods for robust
predictions of stormwater quantity and quality. Copyright © 2013 John Wiley & Sons, Ltd.
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RÉSUMÉ

Beaucoup de recherches ont été menées pour quantifier les eaux pluviales générées par les tempêtes, et leur qualité. Elles utilisent à la
fois des techniques mécaniques (basées sur les processus) et empiriques (déduites des données). Les modèles mécanistes comprennent
généralement la représentation mathématique des processus physico-chimiques pertinentes pour générer la quantité et la qualité des
eaux de ruissellement en condition de tempête. Les approches empiriques analysent les données disponibles pour que potentiellement
les variables de réponse et les variables prédictives retracent les interactions entre les processus majeurs, et développent des relations
explicatives et/ou prédictives pilotées par les données. Ce document passe en revue les principaux défis, pour la plupart non résolus,
avec la modélisation à la fois mécaniste et empirique des eaux pluviales; il met en lumière les lacunes scientifiques avec les pratiques
conventionnelles et offre d’importantes perspectives en prenant comme exemple d’analyse le très urbanisé bassin de la rivièreMiami, en
Floride. En appréciant le niveau de complexité variable des processus dans des différents bassins hydrographiques urbains, nous avons
discuté de l’applicabilité relative des méthodes mécanistes et empiriques pour des prédictions robustes de la quantité et de la qualité des
eaux pluviales. Copyright © 2013 John Wiley & Sons, Ltd.
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INTRODUCTION

As the world becomes increasingly more urbanized and
cities keep growing, the importance of research in stormwater
science, engineering and management cannot be overstated.
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Stormwater runoff is often blamed for urban flooding and
poor water quality in urban streams and rivers around the
world. It is the fourth most extensive cause of water quality
impairment of rivers, and the third most extensive source of
water quality impairment of lakes in the USA (US Environ-
mental Protection Agency (USEPA), 1990; Novotny, 1991;
Novotny and Olem, 1994; Tsihrintzis and Hamid, 1997).

Much research has focused on the understanding and
quantification of urban runoff quantity and quality. Although
notable progress has been made in modelling urban runoff



Figure 1. Sources of pollutions and transport of stormwater
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quantity, progress with stormwater quality, its impacts on
receiving waters and the means of mitigating such impacts,
has been much slower (Viklander and Marsalek, 2011).
Example of recent research includes identification of
significant factors (e.g. land use, percentage imperviousness,
conveyance, and river basin controls) affecting stormwater
quality using the National Stormwater Quality Database
(Maestre and Pitt, 2006), highway contribution to runoff quan-
tity and pollutant loading (Lau et al., 2009), sampling issues in
urban runoff monitoring programs by comparison of composite
and grab samples (Ma et al., 2009), and groundwater contamina-
tions by stormwater (Pitt, 1996; Foulquier et al., 2010).

Many studies have investigated the correlation between
stormwater pollutant generation and urban land-use characteris-
tics. Hatt et al. (2004) reported the strong influence of urban den-
sity and drainage infrastructure on the concentrations and loads
of pollutants in small streams. Goonetilleke et al. (2005) devel-
oped significant relationships between land-use characteristics
and pollutant generation by using univariate andmultivariate data
analysis approaches. Hood et al. (2007) compared stormwater
lag times for low impact and traditional residential development.
Mahbub et al. (2011) showed significant traffic and climate
change impacts on water quality by measuring build-up and
wash-off of heavy metals and petroleum hydrocarbons. Mahbub
et al., (2012) also predicted wash-off of traffic-related semi- and
non-volatile organic compounds from urban roads under climate
change-influenced rainfall characteristics. Ha and Stenstrom
(2008) developed a predictive model for stormwater runoff on
a GIS platform based on the unit area loading method and
Browne’s empirical relation for soil characteristics. Park et al.
(2009) analysed accuracy and precision of the volume–
concentration method for urban stormwater modelling.

The complex interactions between land-use and climate
variables in the backdrop of highly altered and engineered river
basin hydrology are difficult to explain and require data of the
finest resolution for proper modelling and quantification.
Generally two approaches have been pursued to explain and
model the underlying biogeochemistry in stormwater pro-
cesses.Mechanisticmodels generally include themathematical
representation of relevant physico-chemical processes to gen-
erate storm runoff quantity and quality. Empirical approaches
analyse available data for potential response and predictor
variables to trace the interactions of major processes and de-
velop data-driven explanatory and/or predictive relationships.

The potential of climate change increases the dimensions
of stormwater challenges and underlines the urgency for
more insightful research. The main objective of this paper is
to review and identify the major scientific gaps with conven-
tional mechanistic and empirical modelling of stormwater
and offer insights by taking the highly urbanized Miami River
Basin of Florida as an example. The paper demonstrates the
pros and cons of mechanistic and empirical methods and their
complementary applications for appropriate parameterizations
Copyright © 2013 John Wiley & Sons, Ltd.
of interactive processes. Recommendations are made for more
insightful and timely research for robust modelling of
stormwater quantity and quality.
SCIENTIFIC GAPS IN MECHANISTIC
MODELLING

The major processes involving stormwater can be divided in
two categories: (i) stormwater generation under specific
climate conditions and land-use features, and (ii) stormwater
transport through natural courses (e.g. overland flow,
channels) and/or man-made hydraulic networks to a specific
outfall. Mechanistic models attempt to parameterize the
detailed processes representing runoff generation, transport
and quality (Brinkmann, 1985) (Figure 1). A mechanistic
stormwater model, therefore, integrates various processes and
input variables and generates results mainly based on the
principles of physics and chemistry. The sources of major
variability and uncertainty of mechanistic modelling of
stormwater runoff are demonstrated here by taking sub-basins of
the highly urbanized Miami River Basin of Florida as examples.

Uncertainty due to river basin delineation

A basic step involved in stormwater modelling is river basin
and sub-basin delineation. Traditionally this delineation is
based on hydrologic features (Burian et al., 2001). How-
ever, the hydrological river basin boundary and the
stormwater network boundary vary significantly. To demon-
strate this challenge, let us consider the Wagner Creek
Basin, a sub-basin of the Miami River Basin (Figure 2).
As shown, the basin boundary (shaded plus hatched areas)
(Tyler, 2006) and the corresponding stormwater network
boundary (hatched areas) (Florida Department of Environ-
mental Protection (FDEP), 2011) for Wagner Creek would
Irrig. and Drain. 62 (Suppl. 2): 20–28 (2013)



Figure 2. Comparison of stormwater network boundary and basin bound-
ary for Wagner Creek, a tributary of the Miami River, Florida (shown in

the inset)

Figure 3. City zoning map (top) and satellite map (bottom) for a portion of

22 S. AL-AMIN AND O. I. ABDUL-AZIZ
contribute a substantially different amount of runoff (and
pollutants) through the creek outlet into the Miami River.
Although both overland flow and flow through the stormwater
network should contribute to stormwater runoff, overland
flow from remote locations in the basin is unlikely to make
an effective and rapid contribution to stormwater runoff into
Wagner Creek or its drainage network. The river basin should,
therefore, be delineated considering both the relatively slow
basin hydraulics as well as fast conveyance through the
stormwater drainage network. Failure to keep an optimum
balance between the two approaches would only yield inaccu-
rate and unreliable estimates of the stormwater contributions
into the urban streams, rivers, and lakes.
the Wagner Creek Basin in Miami-Dade County, Florida
Uncertainty in impervious area calculation

Two major parameters used in runoff volume calculation are
imperviousness and runoff coefficients. The runoff coeffi-
cient is defined as the ratio of runoff to rainfall over a given
time period and depends on the percentage of impervious
surfaces, slope, and soil conditions (Chow et al., 1988).
Imperviousness of small urban river basins can be directly
measured by field surveys and analysis of aerial
photographs (Han and Burian, 2009); for large river basins,
imperviousness can be indirectly determined through
analysis of rainfall–runoff data, assigning specific total
impervious area (TIA) values to different land-use types
(Kauffman et al., 2006; Han and Burian, 2009). A common
approach to calculate imperviousness is to use typical values
of runoff coefficient following the basic literature (Urban
Drainage and Flood Control District (UDFCD), 2001) for
different land uses and compute the imperviousness as the
area-weighted average of the runoff coefficients for all land
uses in the sub-basin or study area. Another approach is to
Copyright © 2013 John Wiley & Sons, Ltd.
use remote sensing techniques to extract the impervious area
from Landsat satellite images, for example (Xian and Crane,
2005). Significant differences can result with these two
approaches, subsequently affecting the quantification of
runoff volume and quality. To illustrate further, a portion
of the Wagner Creek Basin was considered as an example
(Figure 3). Based on the city zoning map (Miami-Dade
County, 2010) and UDFCD (2001) coefficients, around
81% of the river basin area shown is impervious. In contrast,
74% of the area appeared to be impervious from our analysis
of satellite image using GIS. Since impervious area is a very
important parameter in determining overland flow, uncer-
tainty here is likely to be crucial in shaping overall stormwater
modelling accuracy and consistency (i.e. precision).
Uncertainty due to climate data quality

The precision of runoff generation can vary significantly
depending the availability and quality of observed climate
Irrig. and Drain. 62 (Suppl. 2): 20–28 (2013)
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data. Rainfall–runoff models are either based on isolated
storm events or continuous long-term precipitation. Most
models often consider an incomplete set of basin hydrologic
processes, including infiltration, overland and channel flow,
and possibly interception and detention storage. For a more
appropriate evaluation of the contributions of regular (i.e.
high-frequency, low-magnitude) precipitation impacts on
the receiving stream flow or lake during inter-storm periods,
continuous simulation models should include additional
hydrologic properties such as evapotranspiration, shallow
subsurface flow, and groundwater flow.

Most event models use a constant time interval that
typically ranges from minutes to several hours. Continuous
simulation models are usually run for a sustained period that
includes both rainfall events, as well as inter-storm conditions.
The model time step should be flexible, ranging from sub-
hourly to monthly intervals. The modelling time step is likely
to be dictated by the availability of observed input data
collection. The frequency of data acts as a frequency of model
loading and can affect runoff generation. The choice of data
interval is very important and should be determined based
on the study objective and river basin of concern.

Another challenge is that climate data are generally
recorded at point stations, which often do not coincide with
the study area. Conventional practices in this case include
obtaining rainfall data from a nearby recording station or
using spatial estimation techniques such as the Thiessen poly-
gon to estimate the areal average rainfall (Subramanya, 1995).
The storm runoff volume can vary substantially between the
two methods. To demonstrate, we considered two nearby
weather stations (S-27_R and Miami 2_R) for a sub-basin of
the Wagner Creek Basin and divided the study area in two
rainfall zones (Figure 4). The runoff volumes obtained by
using rainfall data from any of the stations, as well as from
Figure 4. Division of a sub-basin of Wagner Creek Basin, Miami for precip-
itation data interpolations (inset shows the Miami River Basin)

Copyright © 2013 John Wiley & Sons, Ltd.
the Thiessen polygon-based areal rainfall, for the entire study
area were substantially different (Figure 5).
Uncertainty due to hydraulic routing

Hydraulic routing is a very important feature in stormwater
modelling. As overland flow and flow in conveyance
networks move down-gradient, they are subjected to transla-
tion and storage effects. Translation results in movement of
the flow without reduction of peak discharge, whereas a
storage effect reduces the peak. The upper limit of flood
routing is translation of the peak discharge with no attenua-
tion due to storage and the lower limit corresponds to
storage effects acting alone as stormwater moves down-
stream, resulting in maximum attenuation (US Department
of Agriculture (USDA), 2012).

Compared to channel flow, stormwater routing is more
complicated as it constitutes both overland flow and flow
through conveyance networks. Although research has
investigated the selection criteria of routing methods in
natural channels (Moussa and Bocquillon, 1996), the
choice of the most appropriate hydraulic routing technique
for stormwater modelling is not yet completely understood.
Following Woolhiser and Liggett (1967), the dynamics of
flow tend to be dominated by kinematic waves for a kine-
matic parameter of K greater than 10.0. In overland flow,
the value of K usually exceeds this threshold, warranting
a kinematic wave approach (Ramirez, 2000). However, in
complex urban river basins where overland flow and
networked flow act simultaneously, unsteady and non-
uniform flows occur, and the kinematic wave assumptions
may not be valid because the significance of inertia and
pressure forces compared to the gravitational and frictional
forces can increase drastically.
Figure 5. Variation in runoff due to spatial variation of station data in a sub-
basin of Wagner Creek Basin, Miami. ‘Both’ refers to the combined spatial
average of precipitations from station S-27R and Miami 2_R based on a

Thiessen polygon method.
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Specific issues in mechanistic quality modelling

Water quality is a challenging part of stormwater modelling.
The gaps in water quality modelling can be attributed to
(i) uncertain parameterizations of the relevant physical,
chemical, biological, and ecological processes, and (ii)
unavailability of water quality data of appropriate spatial
and temporal resolution. The sources of stormwater pollu-
tion are numerous. Water quality changes due to physical
transport and exchange processes (such as advection and
diffusion/dispersion), as well as by biological, chemical,
biochemical and physical conversion processes (Rauch
et al., 1998). It is hard to properly quantify all the parame-
ters in terms of mechanistic modelling.

The mechanistic modelling of stormwater quality is
conventionally simplified in the two steps of build-up and
wash-off. The build-up of a pollutant in a river basin is
expected to be a function of climate variables, land-use
parameters and pollutant characteristics. Subject to the
difficulty of parameterizations, build-up is generally associ-
ated with land use and expressed as a function of time with
coefficients specific to the river basin characteristics.
This simplification sometimes overlooks the sensitivity of
stormwater pollution tomanymicro-parameters. For example,
rainfall is incorporated in models in terms of volume or
intensity. Therefore, the role of raindrop size (which is
difficult to measure) on pollution cannot be addressed.

A significant portion of pollutants is removed by manage-
ment practices, which are applied in models in terms of
street sweeping. The management practices are run under
supervised organization and involve human effort. To
quantify the percentage of pollutant removal in street
sweeping, accurate data are required for sweeping interval
and operations, which involve diverse parameters and vary
both in time and place. Without the necessary data, it is hard
to quantify the efficiency of the street-sweeping process.
Lack of data on management practices can adversely affect
water quality modelling.

Another important mechanism of pollutant removal is
wind erosion. A notable part of gaseous and particulate
pollutants can be lost from the river basin area by wind
erosion. The materials are suspended in the atmosphere
and deposited in another place (Brinkmann, 1985). The
effect of wind erosion is not explicitly parameterized in
conventional stormwater modelling practices.

A common approach in stormwater quality modelling is
the incorporation of event mean concentration (EMC). An
EMC is defined as the average pollutant concentration for
a storm event; it is calculated as the ratio of total pollutant
mass to the total runoff volume generated by the storm
(Huber and Dickinson, 1998). Generally, EMCs are charac-
terized mainly by land uses in the basins, because they
depend on site characteristics and storm events (Smullen
Copyright © 2013 John Wiley & Sons, Ltd.
et al., 1999). Pollution estimates are likely to vary with
different EMCs for the same land use and pollutants
(Park et al., 2009). It is imperative that the EMC method
only provides an approximation of actual storm water
quality. Subject to data availability, more sophisticated
methods (e.g. advection–dispersion–reaction) should be
pursued for a more accurate parameterization of the relevant
biogeochemical processes to develop dynamic models of
storm runoff quality.

Wash-off is also correlated with flow and land-use
variables and parameterized using empirical coefficients.
One major improvement in modelling wash-off can be
inclusion of the impact of individual sub-basin pollutant
trapping (Sutherland, 2010). Since instantaneous stormwater
runoff volume is relatively low most of the time, a signifi-
cant portion is temporarily trapped in river basins. The
common practice of storm water quality routing assuming
a continuously stirred tank reactor might overlook the
entrapment of pollutants in the river basin.
SCIENTIFIC GAPS IN DATA-DRIVEN EMPIRI-
CAL MODELLING

Data-driven models attempt to establish empirical relation-
ships and predict the behaviour of different parameters of
a system by mathematical equations using concurrent data.
Although empirical models do not necessarily describe the
pertinent biogeochemical processes of a system, they often
provide simple, quite useful impulse–response (rather than
causal) type relationships, offering important insights that
complement a mechanistic understanding and facilitating
engineering applications. Empirical modelling has been
extensively explored in water resources engineering, typi-
cally involving rating curves, the unit hydrograph method,
regression-based statistical models, stochastic methods,
linear and dynamic programming, and methods of machine
learning (e.g. artificial neural networks). Relevant recent
examples can include successful applications in hydrology
(Govindaraju, 2000; Dibike and Solomatine, 2001), river
water quality modelling (Mohseni et al., 1998), water
system control (Bhattacharya et al., 2003), sediment transport
(Bhattacharya et al., 2005), river stage–discharge relation-
ships (Sudheer and Jain, 2003), streamflow hydrographs
(Moradkhani et al., 2004), etc. However, the potential of
data-driven empirical modelling in stormwater applications
is yet to be fully explored, particularly in the context of a
highly complex urban environment.

Difficulty in identifying the input variables

Selection of the appropriate model inputs or decision
variables is a major challenge in the development and
application of data-driven empirical models for stormwater
Irrig. and Drain. 62 (Suppl. 2): 20–28 (2013)
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quality. To illustrate, we present three relatively recent
studies that reported significant correlations between water
quality and different climatic, hydrogeomorphic, and bio-
geochemical variables (Table I). As shown, the set of
predictor variables differed among the studies.

The available literature is commonly used as a source to
identify major components and variables in data-driven
modelling (Opher et al., 2009). This approach requires prior
knowledge of the relevant biogeochemical processes in the
basin. In the case of stormwater modelling, the process
dynamics are yet to be well understood, and predefining
the parameters has the possibility of missing major compo-
nents. Where prior knowledge is not available, an analytical
technique such as correlation analysis is often employed to
select potential predictor and response variables (Lee
et al., 2003). The major limitation of correlation analysis is
that it can only explain linear relationships between two
variables and fails to identify any nonlinear relationships
between the predictor and response variables (Muttil and
Lee, 2005). Commonly used data-mining techniques (e.g.
principal component analysis, cluster analysis) are also
based on linear principles, while the relationships between
environmental variables are often nonlinear. Forward
Table I. Variation of input variables for quality study

Reference study Response variables

Brezonik and
Stadelmann (2002)

Stormwater loads (TSS, VSS, TP, DP,
SRP, COD, TKN, NN, Pb)

Hatt et al. (2004) Water quality in streams (TSS, EC,
total nutrients, NH4, NOx, FRP,
DOC, pH, temperature)

May and Sivakumar
(2009)

Stormwater loads COD

Pb

SS

TKN

TP

Notes:
1. TSS: total suspended solids, VSS: volatile suspended solid, TP: total phosph
chemical oxygen demand, TKN: total Kjeldahl nitrogen, NN: nitrite nitrogen, Pb
NOx: nitrate/nitrite, FRP: filterable reactive phosphorus, DOC: dissolved organic
2. Sine seasonal variable is a variable from Nationwide Urban Runoff Program (N

Copyright © 2013 John Wiley & Sons, Ltd.
selection and backward elimination are two useful ap-
proaches in multiple regression-based data-driven modelling
(Muttil and Lee, 2005). In the forward selection approach,
one independent variable (predictor with the highest
statistical significance) is added in each step. The process
continues up to a point where none of the remaining
independent variables (outside the model) are significant
and inclusion of any one of them does not improve the
model performance. In contrast, backward elimination
starts by considering all the possible independent vari-
ables, and eliminates the least significant variable in each
step; the elimination of variables stops when all the
retained variables are significant and removal of any
predictor notably reduces the predictive performance of
the model. However, both forward selection and backward
elimination approaches depend on a trial and error
procedure, which can sometimes exclude mechanistically
important parameters from the regression models.
Multicollinearity (mutual dependence of the independent
variables) can also lead to the development of incorrect
regression models that are likely to provide misleading
predictions, particularly with the forward selection
technique.
Predictor variables

Total precipitation, intensity and duration of precipitation,
days since last event (i.e. antecedent dry days), total
drainage area, residential area, commercial and industrial
area, and public and open area
Imperviousness, drainage connection, septic tank density,
unpaved road density, basin area, elevation, and longitude

Effective impervious area, amount of rainfall during the
preceding 3 days, peak discharge, total precipitation,
and total storm rainfall depth
Duration of runoff, impervious area, amount of rainfall
during the preceding 7 days, residential land use, peak
discharge, street density, total storm runoff depth, and
sine seasonal variable
Duration of rainfall, non-urban land-use, maximum 5 min
rainfall rate, mean annual rainfall, average storm rainfall
intensity, and sine seasonal variable
Effective impervious area, ammonium concentration in
rainfall, amount of rainfall during the preceding 7 days,
peak discharge, and average storm runoff intensity
Duration of runoff, effective impervious area, average
soil erodibility, residential land use, amount of rainfall
during the preceding 3 days, percent of streets with curb
and gutter drainage, and total precipitation

orus, DP: dissolved phosphorus, SRP: soluble reactive phosphorus, COD:
: lead, SS: suspended solids, EC: electrical conductivity, NH4: ammonium,
carbon.
URP) data set for representing seasonal harmonics.

Irrig. and Drain. 62 (Suppl. 2): 20–28 (2013)



Table II. Examples of data based study on stormwater pollution from roadway

Reference study Response variables Predictor variables Major findings

Vaze and Chiew
(2002)

Surface pollutant load Rainfall regime, street sweeping Effect of rain and street sweeping on surface pollutant
load, and effect of rain and street sweeping on particle
size distribution of surface pollutant

Gilbert and
Clausen (2006)

Quality and quantity
of stormwater runoff

Driveway type (asphalt,
permeable paver, and
crushed-stone driveways)

Comparison of runoff depth and concentration of
pollutants among asphalt, permeable paver, and
crushed-stone driveways

Bäckström et al.
(2003)

Heavy metals in road
runoff and roadside
deposition

Seasonal variation (summer and
winter), de-icing material

Variation of heavy metals in summer and winter and
the role of de-icing material

St John and Horner
1997)

Highway runoff quality
and quantity

Road shoulders Quantity and quality of stormwater from three types
of shoulder materials: conventional asphalt, gravel,
and porous asphalt.

Wheeler and
Rolfe (1979)

Lead in roadside soil
and vegetation

Average daily traffic volume The relationship between daily traffic volume and the
distribution of lead in roadside soil and vegetation

Figure 6. Major variables for mechanistic modelling of stormwater

Table III. Land-use and climate variables often used in data-driven
models for stormwater quality

Type Variables

Land use Total drainage area, residential area, non-urban land use,
commercial and industrial area, public and open area,
imperviousness, effective impervious area, drainage
connection, septic tank density, unpaved road density,
basin area, elevation, longitude, average soil erodibility,
percentage of streets that have curb and gutter drainage

Climate Precipitation duration, precipitation intensity, days since
last event, amount of rainfall during the preceding 3
days, amount of rainfall during the preceding 7 days,
total precipitation, total storm rainfall depth, maximum
5 min rainfall rate, mean annual rainfall, average storm
rainfall intensity, sine seasonal variable
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Difficulty in explaining the mechanisms

A major criticism of data-driven empirical models is their
limitation in explaining the mechanisms of a system. Data-
driven models are based on correlations between different
input variables. They can successfully predict the correlation
of variables, their sensitivity and relative significance. But
they cannot describe the associated physical–chemical, and
biological processes. They can explain ‘what’ rather than
‘why’. We present recent examples of empirical methods
that successfully quantified stormwater runoff and quality
from roadways (Table II). The studies successfully corre-
lated stormwater quality with different, individual parame-
ters. The role of a certain parameter is explained in depth,
however the sensitivity of one parameter with respect to
others is seldom investigated. In reality, many parameters
act simultaneously and, therefore, to better understand the
relative significance of a particular parameter, other relevant
parameters should be considered in concert.

The complex interactions between different parameters
are difficult to portray through conventional empirical
models. Where process-based models can holistically explain
the process, the scope of data-driven models are confined to
available end data rather than the governing mechanisms.
The application of data-driven modelling has therefore been
limited to a section or subprocesses of the overall stormwater
generation, transport and interaction with the environment.
The study of a whole system through all the components
and subprocesses in terms of data-driven technique is yet to
be tested.

Site-specificity

Data-driven empirical water quality models are generally
built on the underlying correlations between the quality
variables and those representing climate, hydrologic, land
Irrig. and Drain. 62 (Suppl. 2): 20–28 (2013)
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use, biogeochemical and ecological parameters, which can
vary significantly from place to place. For example,
Mohseni et al. (1998) estimated wide ranges of model
parameters after analysing around 573 different streams
across the US to develop a successful nonlinear regression
model of weekly stream and air temperatures. Although
some stormwater modelling studies (e.g. Maestre and Pitt,
2006) reported relatively small parameter variations across
space, application of appropriate scaling can be extremely
useful in developing spatio-temporally robust models to
predict stormwater runoff quantity and quality.
CONCLUSIONS

Stormwater generation and transport are influenced mainly
by the features of climate, land use, and river basin
hydrology (Figure 6). Proper mechanistic and empirical
modelling would require careful consideration of all these
processes. A basic need for stormwater research is,
therefore, the availability of data of appropriate spatial and
temporal resolution. Often unavailability of data leads to
the omission or crude approximations of important pro-
cesses at different scales. For example, lack of precipitation
data at finer resolution fails to incorporate the local micro-
climate and hampers realistic modelling with sufficiently
small time intervals (e.g. hour). Reliable stormwater quality
data appear to be most scarce. Lack of resources is perhaps
the main reason for this undesirable scientific gap. Data
collection efforts by different agencies and individual
researchers should be coordinated in a basin for the best
utilization of available resources.

Most studies look into stormwater runoff quantity and
quality by focusing either on design storms or using
observed data of a less frequent, high-magnitude storm
event for a small area. Research into the contribution of
high-frequency, low-magnitude precipitation events
incorporating both surface and groundwater components
at a basin scale is lacking. In sum, these typical precipita-
tion events may contribute the most pollution.

Unlike mechanistic modelling, conventional data-driven
empirical models tend to focus more on particular aspects
of the whole basin. Given their importance and great utility
in engineering applications, data-driven models should be
developed by incorporating a more complete matrix of
potential variables (see e.g. Table III). The variable list is
continuously being updated, which underlines the need for
more detailed study of stormwater research. Further,
research into the scaling and similarity patterns of respective
biogeochemical variables should be pursued in order to
develop stormwater models that can provide robust predic-
tions in time and space.
Copyright © 2013 John Wiley & Sons, Ltd.
Mechanistic and data-driven models can be complemen-
tary by accepting and adopting advances in respective fields.
Empirical models can be a useful means of identifying miss-
ing aspects of mechanistic models. Mechanistic models, on
the other hand, can explain the physical, chemical, and bio-
logical processes underlying correlations established in
data-driven models. The respective successes of both ap-
proaches indicate their suitability as well as mutual neces-
sity. This aspect should be explored further in future
research.
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