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Abstract
Green urban drainage systems are used to avoid flooding and harm to people and property, while
reducing downstream flooding and water quality problems associated with pipe-based drainage
systems. Computer models are used to analyse and predict the performance of such systems for
design and operation purposes. Models of this kind are simplifications of reality and are based on
uncertain measured data, so uncertainties will be involved in the modelling process and its
outcomes, which can affect the design and operation of these systems. These uncertainties have
been investigated extensively for traditional pipe-based urban drainage systems, but not yet for
green alternatives. Therefore, the overall objective of this thesis is to contribute to the improved
applicability and reliability of computer models of green urban drainage systems. Specifically, the
thesis aims to (1) evaluate several sensors for hydrometeorological measurements in urban
catchments, (2) improve understanding of the uncertainties arising from (a) model structure and
(b) calibration data selection, (3) evaluate two alternative calibration methods for green urban
drainage models, and (4) discuss desirable structural features in urban drainage models.
The precipitation sensors used in this thesis showed generally satisfactory performance in field
calibration checks. Different types of precipitation sensors were associated with different
requirements for maintenance and data acquisition. Sensors for sewer pipe flow rates showed
good agreement with a reference instrument in the laboratory, as long as installation conditions
were favourable. Steeper pipe slopes and upstream obstacles lead to larger measurement errors,
but this last effect was reduced by increasing water levels in the pipe. Sensor fouling was a source
of errors and gaps in field measurements, showing that regular maintenance is required. The
findings show that the flow sensors evaluated can perform satisfactorily if measurement sites are
carefully selected.
The effects of model structure uncertainty were investigated using long-term simulations of
synthetic catchments with varying soil types and depths for three different models. First, it was
found that surface runoff could be a significant part of the annual water balance in all three
models, depending on the soil type and depth considered. Second, differences were found in
how sensitive the different models were to changes in soil type and depth. Third, the variation
between different models was often large compared to the variation between different soil types.
Fourth, the magnitude of inter-annual and inter-event variation varied between the models.
Overall, the findings indicate that significant differences may occur in urban drainage modelling
studies, depending on which model is used, and this may affect the design or operation of such
systems.
The uncertainty resulting from calibration data selection was investigated primarily by calibrating
both a low- and high-resolution urban drainage model using different sets of events. These event
sets used different rainfall-runoff statistics in order to rank all observed events before selecting
the top six for use in calibration. In addition, they varied by either calibrating all parameters
simultaneously, or by calibrating parameters for impervious and pervious surfaces separately. This
last approach sped up the calibration process. In the validation period the high-resolution models
performed better than their low-resolution counterparts and the two-stage calibrations matched
runoff volume and peak flows better than single-stage calibrations. Overall, the way in which
the calibration events are selected was shown to have a major impact on the performance of the
calibrated model.
Calibration data selection was also investigated by examining different ways of including soil
water content (SWC) observations in the calibration process of a model of a swale. Some model
parameters could be identified from SWC, but not from outflow observations. Including SWC
in the model evaluation affected the precision of the swale outflow predictions. Different ways
of setting initial conditions in the model (observations or an equilibrium condition) affected both
of these findings.
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Sammanfattning
Gröna urbana avrinningssystem används för att förebygga översvämningar samt skador hos
personer och byggnader, utan att öka risken för översvämningar nedströms eller försämring av
vattenkvaliteten som ledningsbaserade system kan göra. Datormodeller används för analyser och
prognoser av dessa systems prestanda som underlag för både gestaltning och drift. Dessa modeller
är en förenkling av verkligheten, baserade på osäker mätdata. Detta innebär att osäkerheter alltid
kommer att finnas med i modelleringsprocessen och dess resultat, vilket kan påverka gestaltning
och drift av dagvattensystem. Dessa osäkerheter har undersökts noggrannt för traditionella
ledningsbaserade avrinningssystem, men ännu inte för gröna alternativ. Därför syftar denna
avhandling till att bidra till bättre applicerbarhet och pålitlighet hos datormodeller av gröna
dagvattensystem. Mer specifikt är avhandlingens mål att (1) utvärdera flera sensorer för
hydrometeorologiska mätningar i urbana avrinningssystem, (2) förbättra förståelsen för
osäkerheter som uppstår på grund av (a) modellstruktur och (b) urval av kalibreringsdata, (3)
utvärdera två alternativa kalibreringsmetoder för modeller av gröna dagvattensystem, och (4)
diskutera egenskaper som är önskvärda i dagvattenmodeller.
Nederbördssensorer som användes i denna avhandling visade sig presterade tillfredsställande vid
fältkontroller. Olika typer av sensorer visade olika krav vad gäller underhåll och metod för
datainsamling. Sensorer för vattenflöde i ledningar överensstämde väl med ett referensinstrument
i laboratoriet, så länge de installerades under bra förhållanden. Högre ledningslutning samt hinder
uppströms sensorn orsakade större mätfel, men det sistnämnda kunde undvikas genom att höja
vattendjupet i ledningen. Nedsmutsning av sensorer var en källa till felaktiga eller ej fungerande
mätningar, vilket visar att regelbundet underhåll är nödvändigt. Dessa resultat visade att de
flödessensorer som testades kan prestera väl för noggrant utvalda mätplatser.
Effekterna av modellers matematiska struktur utforskades genom långtidssimuleringar med tre
olika modeller av syntetiska avrinningsområden med olika jordtyper och markdjup. Det visades
att ytavrinning kan vara en viktig del i den årliga vattenbalansen, beroende på vilken jordtyp och
vilket markdjup som beaktas. Skillnader hittades också i känslighet mellan modellerna vid
förändringar i jordtyp och markdjup. Variationerna mellan modellernas resultat var ofta stora
jämfört med skillnaderna mellan olika jordtyper. Magnituden på variationerna mellan olika år
och olika regntillfällen skiljde sig mellan de olika modellerna. Sammanfattningsvis indikerade
resultaten att signifikanta skillnader kan uppstå i studier av dagvattensystem beroende på vilken
modell som används, vilket kan påverka gestaltning och drift av dessa system.
Osäkerheten orsakad av urval av kalibreringsdata utforskades genom att kalibrera både en lågoch en högupplöst modell av ett dagvattensystem baserad på olika uppsättningar av regntillfällen
för kalibreringen. Dessa uppsättningar utgick från olika kriterier för att välja ut de sex mest
lämpliga regntillfällena från en större grupp för användning i kalibreringen. Vidare skiljde de sig
åt genom att kalibrera alla modellparametrar samtidigt, eller att kalibrera parametrar relaterade
till gröna och hårdgjora ytor i två separata steg. Denna sista metod minskade tiden som
kalibreringen tog. I valideringsperioden visade de högupplösta modellerna bättre prestanda än de
lågupplösta och tvåstegskalibreringen var bättre än enkelstegskalibreringen vad gäller flödesvolym
och högsta flöde. Allmänt visades det att metoden som används för att välja kalibreringstillfällen
kan ha en stor effekt på prestandan av den kalibrerade modellen.
Urval av kalibringsdata utforskades även genom att jämföra olika sätt att använda
jordfuktighetsmätningar i kalibreringen av en modell av ett dagvattendike. Vissa
modellparametrar kunde identifieras från jordfuktighetsmätningar, men inte från
utflödesmätningar. Att ta med jordfuktighetsmätningar i evalueringen av modellen påverkade
simuleringen av utflödet från diket. Olika initella förhållanden i modellen, med eller utan
jordfuktighetsmätningar, påverkade de båda resultaten.
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1. Introduction
Urban drainage systems have been used for a long time to avoid storm water causing
personal and property damages in urban areas. Traditionally this has been done using
pipe-based drainage systems, where the main goal is to transport storm water away from
the urban area quickly. This focus on removing water quickly leads to a quick catchment
response with intense runoff with relative short durations and high flow rates. More
recently, this approach has been criticized for causing problems in water quantity
(flooding) and water quality (e.g. Burns et al., 2012). One increasingly popular alternative
is the use of green urban drainage systems, which aim to create an urban water cycle that
is more similar to the natural water cycle (Fletcher et al., 2013). This is achieved by
retaining water in place for longer and allowing it to infiltrate into the soil, leading to a
slower catchment response with less intense runoff with lower overall volumes and flow
rates. Green drainage systems may also allow for the removal of pollutants from runoff so
that they do not reach the receiving water (e.g. Eckart et al., 2017).
Computer models of urban drainage systems may be used to analyse or predict their
performance, to forecast the effect of changes in the system design, or to forecast the
effects of long-term change such as climate change. (A prediction is a simulated value
for some point in time where all prior input data is measured, whereas a forecast has a
gap between the latest available measured input data and the time point of the simulated
value.) Traditional urban drainage models such as SWMM (U.S. EPA) and MIKE
URBAN (DHI) were initially developed with a focus on runoff from impermeable
surfaces and transport in pipe networks, with infiltration and in-soil processes playing a
limited role. The increasing use of green drainage systems means that modern urban
drainage systems contain both pipe-based systems and green systems, so the relevant
processes of both (and the varying temporal and spatial scales they operate on) have to be
combined in urban drainage models (Salvadore et al., 2015). To this end, urban drainage
models have been extended so as to deal more explicitly with green infrastructure,
sometimes adapting process descriptions or models that have been used for natural
catchments. In some cases, it is also possible to apply models to urbanized areas that were
originally developed for natural catchments.
All models are simplifications of reality, so they will never be able to provide completely
accurate descriptions of all the relevant processes in the area studied (e.g. Cox, 1995). It
is to be expected that simulated values (of e.g. catchment outflow) will deviate from
corresponding measured values and it may therefore not be justified to predict a single
precise value for an output variable, but rather an uncertainty bound should be provided
(e.g. Beven, 2006). Understanding the scope and the effects of these simplifications and
the resulting uncertainties is critical if models are to serve as a reliable source of
information and a useful tool for decision-making. Uncertainties have been recognized
as arising from different sources, including measurements, data selection, model
calibration and model structure (e.g. Butts et al., 2004; Wagener and Gupta, 2005;
Deletic et al., 2012). These issues have been investigated for pipe-based urban drainage
systems, but this has not yet been done extensively for green systems. However, green
1

systems include additional processes (Fletcher et al., 2013; Salvadore et al., 2015) so
findings from pipe-based systems might not apply to them. In addition, green systems
have certain features (e.g. a higher threshold to generate runoff than impermeable areas
or possibilities for more measurements in the system) that may be exploited in order to
improve the calibration process. Therefore, there is a need to study uncertainties in the
modelling of green urban drainage systems.

1.1. Thesis objectives
The lack of knowledge on uncertainties in mathematical models of green urban drainage
systems poses limitations on the usage of such models, which may in turn limit the
application and the associated benefits of such systems. Therefore, the overall aim of this
research project is to contribute to the improved applicability and reliability of computer
models of green urban drainage systems. Since there may be many ways of doing this that
cannot all be investigated at once, this thesis limits itself to the following specific
objectives:
1. To evaluate the applicability of several sensors for hydrological and
meteorological measurements in urban catchments.
2. To improve the understanding of uncertainties arising from (a) the way green
areas are included in the model structure and (b) calibration data selection.
3. To evaluate two alternative calibration methods for computer models of green
urban drainage systems.
4. To provide an overview of structural features that are desirable in storm water
models in relation to the methods used for the first two objectives.

1.2. Thesis structure

This thesis is based on two papers that have been submitted to peer-reviewed journals
(paper I and paper III) and one conference contribution (paper II). In addition, the thesis
reports results (not reported in the papers) from laboratory and fieldwork regarding the
precipitation and flow measurements that were used as input data for the papers (objective
1). Paper I focuses on uncertainties arising from the model structure (objective 2a).
Paper II contains preliminary results on the use of soil water content observations in
model calibration (objectives 2b and 3). Paper III investigates the effect of different
ways of selecting rainfall-runoff events for model calibration (objectives 2b and 3).
Objective 4 is addressed in the thesis text based on knowledge and experience about
different models and modelling techniques obtained during the work on the
three papers. The uncertainty sources addressed by the papers and the thesis text
are illustrated in Figure 1.1 based on the classification by Deletic et al. (2012).
The sources “numerics” and “calibration algorithm” are not addressed in this
thesis, since these are more closely related to computer science than to urban
hydrology.
The thesis is divided into six chapters. Chapter 1 introduces the need to investigate the
modelling of green urban drainage systems and the objectives of the thesis. Chapter
2 reviews the relevant scientific literature. Chapter 3 describes the datasets, models
and experimental approaches used to address the thesis objectives. Chapter 4
summarizes the
2

main results from the appended papers I – III and present results regarding precipitation
and flow measurements that have not been published previously. The results are discussed
in chapter 5 and conclusions drawn in chapter 6. The contributing papers I – III are
appended to the thesis.

1. Input
data

P I: Model structure
uncertainty in green
urban drainage models

7. Conceptualisation
8. Equations

3. Calibration data
measurements

9. Numerics
6. Objective
functions
2. Model
parameters

P II: Towards using soil
water content observations for calibration
of distributed urban
drainage models

5. Calibration P III: Calibration event
selection for green
algorithm urban drainage
modelling

4. Calibration
data selection

Thesis sections on
precipitation and flow
measurement

Figure 1.1: The relationship between the thesis and the appended papers, in relation to the nine
sources of uncertainty in urban drainage modelling identified by Deletic et al. (2012).
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2. Background
The purpose of drainage systems in urban areas is to prevent property and personal
damage from flooding caused by storm water. In the past century, this has typically been
achieved with a system of underground pipes designed to transport storm water to a
downstream receiving water body. In comparison to the natural water cycle, this leads to
a system where a larger proportion of storm water is transported downstream (and more
quickly) and a smaller portion infiltrates into the soil. The downsides of this approach are
that it can lead to deterioration of water quality, that pipe-based systems can be expensive
to construct, and that pipe-based systems have a limited capacity and can cause flooding
or simply move the flooding problem downstream (e.g. Burns et al., 2012). In response
to this, there has been a move towards making urban drainage systems more similar to
natural systems, i.e. by retaining storm water in place for longer and allowing it to
infiltrate into the soil. This is done with a variety of systems, ranging from simple green
areas in cities to specifically constructed devices such as bio-retention systems, vegetated
swales and green roofs. The advantages of such systems are that they reduce flooding
probabilities, allow for water quality treatment, restore a more natural water balance,
improve biodiversity and introduce more green into urban areas, which has been linked
to various quality-of-life improvements (e.g. Arnfield, 2003; Ashley et al., 2018).
Designers and operators of urban drainage systems have a need to analyse the current
status and forecast the future status of urban drainage systems so as to allow these operators
to make good decisions about the design of such systems. Forecasts may be made for
different time horizons, ranging from minutes (for real time control applications) to
decades (to analyse for the entire expected lifespan of drainage systems while accounting
simultaneously for the effects of climate change). In many cases, computer models of
drainage systems can fulfil these needs, and these are often the only option available.
Urban drainage modelling shares many common characteristics with the wider field of
hydrological modelling. However, certain differences exist between models for natural
and urban catchments. Since urban catchments have a faster hydrological response and
are smaller and more spatially heterogeneous, urban drainage models operate with a
higher spatial and temporal resolution (Salvadore et al., 2015). Urban drainage models
also need to represent the sewer networks that are present in many urban areas, something
that is not typically needed for natural hydrological models. These differences mean that
findings from natural catchment modelling do not necessarily apply to urban drainage
modelling and vice versa.
Although urban drainage models (and environmental models) have been in used for
decades, they will never be able to represent real urban drainage systems with perfect
accuracy, since they are only simplified description of them. Therefore, there will always
be uncertainties involved when using urban drainage models. Several researchers have
pointed out reasons for and advantages in considering uncertainties in hydrological
modelling in general: e.g. Pappenberger and Beven (2006) have argued that uncertainty
analysis of environmental models is, in practice, both necessary and possible, and Juston
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et al. (2013) gave learning about data and models and producing better and more
trustworthy predictions as reasons to view uncertainty in a positive light.
Commonly recognized sources of uncertainty in environmental modelling are errors in
the model inputs, errors in the calibration data, suboptimal or uncertain parameter values
and imperfect model structure (e.g. Butts et al., 2004; Wagener and Gupta, 2005). For
urban drainage modelling specifically, Deletic et al. (2012) identified nine sources of
uncertainty:
1.
2.
3.
4.
5.
6.
7.
8.
9.

Random and systematic errors in model input data
Uncertainty in estimated values of model parameters
Measurement errors in calibration data
Selection of appropriate calibration data
The choice of calibration algorithm
The choice of objective functions
Imperfect conceptualisation of relevant processes
Poor implementation of the conceptual models in mathematical equations
Numerical errors in the simulation

The state of the art of the literature on these nine sources is described in §§2.1 - 2.8.
Since urban drainage modelling is related to hydrological modelling, relevant
information and techniques may be found in the literature on those topics as well.
Therefore the following sections focus on the literature that relates specifically to
urban catchments, and literature on natural catchments is included where it is most
relevant, often because a certain topic has not been addressed extensively in the urban
drainage modelling literature.

2.1. Input data uncertainties
Urban drainage models may use several types of measured input data that may suffer from
systematic and/or random errors. Precipitation data is used in virtually all cases and for
models that simulate evapotranspiration, the potential evapotranspiration, solar radiation
data and/or temperature may be used as input as well. Systematic undercatch in rain
gauges is typically 5-16%, while random errors are typically around 5% (McMillan et al.,
2012). These values depend on the specific gauge used (Lanza and Vuerich, 2009; Lanza
et al., 2010) and the field operating conditions. For example, wind may lead to 4-5% of
the actual precipitation not entering the gauge (Duchon and Essenberg, 2001). Wetting
of the funnel (if used) can prevent the first 0.14 mm of precipitation from being measured
(Yang et al., 1999). Some sources of measurement error (e.g. the instrument not being
level, temperature dependence, or sensor drift) may depend on the installation conditions,
so the applicability of a rain gauge should always be checked in the field conditions in
which it is used. Rainfall is spatially variable even at the small spatial scales common in
urban hydrology (e.g. Wood et al., 2000; Villarini et al., 2008), so rainfall recorded by a
rain gauge may not be representative of the rain that fell in the catchment. The magnitude
of the spatial variation depends on the type of rainfall event considered (Emmanuel et al.,
2012). Rainfall also varies in time, and therefore the temporal as well as the spatial
resolution of the measurements affects the outcome of urban drainage modelling studies
5

(e.g. Ochoa-Rodriguez et al., 2015; Cristiano et al., 2017; Niemi et al., 2017) and needs
to be adapted to the modelling exercise. Berne et al. (2004) proposed the following
relations:
∆𝑡 = 0.7𝑆 0.3
∆𝑟 = 1.5√∆𝑡

Where Δt (min) is the temporal resolution, Δr (km) is the spatial resolution, and S is the
size of the catchment (ha). The required spatial resolution for small urban catchments
may be higher than what is typically available from rain gauge networks. Options to
obtain higher-resolution data are the use of precipitation radars (see Thorndahl et al.,
2017 for a review) or microwave links from cellular communication networks (Leijnse
et al., 2007; Overeem et al., 2011). The uncertainties associated with these two
measurement techniques have been described by e.g. Rico-Ramirez et al. (2015) for
radars and Rios Gaona et al. (2015) for cellular links. From a modelling perspective it has
also been shown that using rain gauges from different locations around the catchment
may affect model performance (Tscheikner-Gratl et al., 2016).
Uncertainties in all types of input data will propagate directly into uncertainty in the
model output (e.g. Bertrand-Krajewski and Bardin, 2002; Kunstmann and Kastens,
2006), but they can also affect the model calibration process. Kleidorfer et al. (2009a) and
Dotto et al. (2014) considered different scenarios with random and systematic offsets in
the magnitude of the rainfall alongside time drift of the data logger (i.e. the rainfall data
was shifted in time with respect to the calibration data) and found that performance of
the calibrated model was generally speaking not affected. However, the parameter
probability distributions (i.e. how likely different values for each parameter are) changed
considerably in order to maintain the model performance. In this approach, the values of
parameters that affect runoff volume (e.g. the size of the area contributing runoff) are
calibrated so that they compensate for errors in the rainfall, thereby losing their original,
physical meaning. This may be avoided in a simple manner by including rainfall
correction factors in the calibration (e.g. Kavetski et al., 2006a; Vrugt et al., 2008;
McMillan et al., 2011; Sun and Bertrand‐Krajewski, 2013; Datta and Bolisetti, 2016;
Fuentes-Andino et al., 2017), or in a more complex manner by describing the true
precipitation input as a stochastic process (Del Giudice et al., 2016). Any such techniques
are still limited by the fact that it may not be possible to distinguish between errors in the
rainfall and the outflow from the catchment.

2.2. Calibration data measurements
Like measurement errors in the input data, measurement errors also exist in the
calibration data and these may affect the calibration process. Urban drainage models often
use storm sewer outflow from the catchment as the calibration data. The uncertainties
involved depend on the technique used for the measurement. Two common families of
methods for continuous in-sewer measurements are area-velocity (AV) methods and
constricted outflow methods. Area-velocity methods measure separately the water level
(e.g. with an ultrasonic level sensor or a pressure transducer) and the flow velocity
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(typically using a Doppler velocimeter) and use these to calculate the flow rate given a
pipe cross section measured at the start of the campaign. All three of these measurements
have an associated uncertainty (Muste et al., 2012) that contributes to the overall
uncertainty of the flow rate measurement. Laboratory tests of AV flow meters have been
reported by e.g. Oberg and Mueller (2007), Heiner and Vermeyen (2012), Nord et al.
(2014), and Aguilar et al. (2016). These authors reported that sensor water levels were
usually within ±1% of the reference. The performance of flow velocity measurements
(and therefore also of the calculated discharge) varied strongly between different
instruments and testing conditions: the most extensive testing was reported by Heiner
and Vermeyen (2012), who reported velocity errors of less than 5% (ISCO 2150AV in a
46 cm circular channel) as well as errors ranging from -51% to +62% (Hach FloTote3 in
a 122 cm wide rectangular channel). Field installation conditions may also affect the
sensor performance, and therefore field tests of flow sensors have been carried out as well,
using different techniques as references, e.g. impeller flow meters (Mueller, 2002;
McIntyre and Marshall, 2008; Nord et al., 2014), electromagnetic current meters (Nord
et al., 2014) or the tracer dilution method (Lepot et al., 2014). The magnitude of the
measurement uncertainties will depend on the sensor used and how suited it is to the
measurement site. Known causes of poor sensor performance include upstream obstacles
(Bonakdari and Zinatizadeh, 2011; Aguilar et al., 2016), poor sampling of the velocity
which varies throughout the flow cross-section (Bonakdari and Zinatizadeh, 2011), the
presence of bed-load sediment transport (Nord et al., 2014), and too few particles in the
water (Teledyne ISCO, 2010). Constricted outflow methods rely on passing the flow
through a device with a known water level-discharge relationship. Weirs achieve this by
installing a plate with an opening in it across the stream, while flumes use changes in the
channel bottom and/or side walls to induce supercritical flow. In both cases, the upstream
water level is measured and converted to the flow rate using an equation that depends on
the design of the device. Although water level measurements typically show low
measurement errors (see above), the use of a device-specific equation to convert this to
a flow rate introduces uncertainty in the measurement process (Dabrowski and Polak,
2012). As with rainfall measurements, the performance of flow measurement techniques
is site-specific and should be evaluated in-situ if possible.
Measurement errors in the calibration data can also affect the calibration process. Dotto
et al. (2014) considered different scenarios with random and systematic errors and found
that most of these did not affect the performance of the calibrated model. However, in
worst-case scenarios with significant drift (growing error) in the data the model
calibration was no longer able to compensate.

2.3. Calibration data selection
Depending on the available measurements, different data may be used as the target for
model calibration. Variations may exist in terms of what measurement locations are used,
what type of data is used (e.g. water flow, water level, soil moisture) and what time
periods or rainfall-runoff events are used.
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Kleidorfer et al. (2012) showed how the identifiability of model parameters depended on
the measurement locations used. The fact that varying the numbers and locations of
measurements affects the model performance was further demonstrated by Vonach et al.
(2018a, 2018b). In the context of calibrating CSO overflows, Kleidorfer et al. (2009b)
compared calibration strategies with different measurement sites and selections of rainfall
events. They found that using more measurement locations could reduce the number of
rainfall events required, depending on how the rainfall events were selected. When using
the five events with the longest duration, fewer measurement sites were required in order
to successfully calibrate combined sewer overflow (CSO) volume than when using the
five most intense rainfall events. Tscheikner-Gratl et al. (2016) attempted to calibrate a
model using ten different rainfall events: two of the events could not be calibrated
successfully and of the events that could, the calibrated models were able to predict no
more than six of the other events. Schütze et al. (2002) showed that using a limited
number of rainfall events instead of a longer time period could give similar results,
although it added some uncertainty. The papers cited in this paragraph covered a few
variations in selecting calibration events, but more different ways are available that have
not been tested yet.
In regards to types of calibration data, it is generally expected that the inclusion of more
information can ease the calibration process (Pokhrel and Gupta, 2011). Browne et al.
(2013) found that the water level in a storm water infiltration trench could be calibrated
with similar performance using either laboratory soil tests or measured water levels, but
that prediction of soil water content (SWC) benefitted from including SWC data as
well as laboratory soil tests. In the absence of runoff data, Xiao et al. (2007) calibrated
a residential plot stormwater and infiltration model to SWC measurements. These
papers indicate that SWC may be valuable in the calibration of urban drainage models,
but the effects have not yet been explored at larger scales.

2.4. Objective functions
An objective function provides a measure of how well the simulated time-series (of e.g.
catchment outflow) matches the corresponding measured values. The resulting value can
be used to compare the performance of different parameter sets. Model calibration (i.e.
attaining good model performance) is then performed by trying to optimize the value of
the objective function. Many different objective functions for environmental models
have been used in past studies. These vary in terms of complexity, interpretation and
what parts or properties of the hydrograph they put most weight on (Bennett et al.,
2013). Since different objective functions emphasize different parts or properties of the
hydrograph, it is expected that the choice of objective function will affect modelling
studies, but little work has been done to elucidate this for urban drainage models. Barco
et al. (2008) showed that the trade-off between performance for peak flows and for total
flow volumes depends on how the two are weighted in the objective function. They also
considered inclusion of instantaneous flow rates in the multi-objective function, but
found this not to be useful since it was mainly sensitive to timing, which was not majorly
affected by any of the calibration parameters used. Using the GLUE framework for
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assessing parametric uncertainty (§2.5), Zhang and Li (2015) found that different model
parameters were sensitive to different objective functions.
Whereas only limited research has been done on objective functions, likelihood functions
have received more attention. A likelihood function indicates the probability of a certain
value (in this case: the measured value) being drawn as a random sample from a certain
probability distribution (the mean value of which is the simulated value). If the simulated
and measured values are close to each other, the likelihood function will have a relatively
high value, so it provides an indication of the closeness of fit. Unlike objective functions,
likelihood functions have a solid mathematical basis, which makes them suitable for use
in formal Bayesian methods (§2.5). Maintaining this basis does however require
accounting for the structure of the errors (e.g. Dotto et al., 2013), including factors
such as autocorrelation, bias and heteroscedasticity of the errors (e.g. Schoups and
Vrugt, 2010). Different techniques have been proposed to deal with these issues in
urban drainage modelling studies (Del Giudice et al., 2013, 2015). Métadier and
Bertrand-Krajewski (2012) found existing approaches to autocorrelation unsatisfying for
the short time steps used in urban drainage modelling. Flow in urban storm sewers is
frequently near zero and accounting for this high number of zero values may require
special attention (Oliveira et al., 2018).
One thing that current objective and likelihood functions have in common is that they
compare predictions and observations made for the same point in time. This can mean
that a simulated hydrograph that matches the pattern of the observations, but with a
small shift in time, will score quite poorly (e.g. Barco et al., 2008). Proposals that have
been made for addressing this issue by including timing in the evaluation of
hydrographs include the Series Distance concept (Ehret and Zehe, 2011; Seibert et al.,
2016) and the Hydrograph Matching Algorithm (Ewen, 2011), but their application in
urban drainage modelling has not been tested yet.

2.5. Calibration algorithm
The traditional approach to model calibration is trying to find the set of parameters that
fits best with some observed data. This data can be for any variable that is both measured
in the field and output by the hydrological model, e.g. catchment outflow. It is normally
not possible to determine this optimal set of parameter values analytically, and so a trialand-error approach has to be used instead. In this approach, a large number of model
parameter values are tried and the corresponding model output is compared with the
observations using the objective function, i.e. a function that somehow quantifies how
well the simulated model outputs for a certain set of parameter values fit with the
observations. Different algorithms are available for this trial-and-error approach that differ
in how they search for the optimal set of parameter values. These optimization algorithms
use information about how different parameter sets perform so as to focus the search in
the area(s) of the parameter space where model performance is good, while ignoring areas
where it is known to be poor. Little work has been done to compare how effective
different model calibration algorithms are (Houska et al., 2015). Therefore, it is difficult
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to say in general what algorithms are particularly well-suited to urban drainage modelling,
and the choice is often made based on practical considerations or personal experience.
The downside of optimization methods is that they only look for the parameter set that
performs better than all others, while in reality there may be many parameter sets that
perform equally well, or where the difference in performance is negligible compared to
the uncertainties in the model calibration process. Beven and Binley (1992) introduced
the Generalized Likelihood Uncertainty Estimation (GLUE) method to deal with this
issue. The basis of this methodology is that the model is run for many parameter sets, and
based on a threshold in some performance measure, the poorly performing parameter sets
that are considered non-behavioural are discarded while the other parameter sets are kept
and used to make inferences about the likelihood of parameter values. Advantages of this
method include that (a) it is relatively straightforward, (b) it does not require knowledge
of the error structure, and (c) the parameter samples may be drawn in many different
ways in order to improve ease-of-use or computational efficiency (e.g. Blasone et al.,
2008). The disadvantages of this method include that (a) the performance measure and
the acceptance threshold are chosen arbitrarily so that (b) the method lacks a solid
statistical basis (e.g. Mantovan and Todini, 2006; Stedinger et al., 2008).
Bayesian inference is a different approach to dealing with uncertainty in parameter
estimates, one first introduced in hydrological modelling by Kuczera and Parent (1998).
Like GLUE, this method aims to find a description of the likelihood of parameter values.
In contrast to GLUE, Bayesian inference has a formal mathematical background. This
consists of using a formal likelihood function (§2.4) to evaluate different parameter sets
and an algorithm which takes parameter samples in such a way that the samples put
together give a mathematically correct description of the likelihood of different parameter
values (e.g. Gelman et al., 2014; Vrugt, 2016). To maintain the formal mathematical basis
of the method, the modeller has to find an appropriate mathematical description of the
structure of the errors between observed and simulated values. This includes an
appropriate form of distribution as well as accounting for (amongst others) the
autocorrelation, bias and heteroscedasticity of the errors (e.g. Schoups and Vrugt, 2010).
The advantages of Bayesian inference include its formal mathematical basis (i.e. it is
possible to prove mathematically that the parameter distributions obtained are correct for
the model and the data that were used), the absence of arbitrary acceptance thresholds
and its potential for learning about the relative importance of different sources of
uncertainty. The disadvantages of Bayesian inference include that it requires selecting an
appropriate error structure (which may not be available or inferable from the data), and
that it may be computationally expensive.
The advantages and disadvantages of GLUE and formal Bayesian inference have been
discussed extensively, with no agreement being reached so far. Several studies have
however found that the results (i.e. parameter distributions) of both methods are similar
(for an urban case see Dotto et al., 2012; for examples from natural hydrology see e.g.
Vrugt et al., 2009; Jin et al., 2010). Within the field of Bayesian inference, Approximate
Bayesian Computation (ABC) is used in some cases where it is difficult or impossible to
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derive the likelihood function. It has been noted that, under certain conditions, GLUE
may be viewed as an implementation of ABC (Nott et al., 2012; Sadegh and Vrugt,
2013).

2.6. Model structure: conceptualization and equations
Urban drainage models rely on their developer conceptualizing the behaviour of the
urban hydrological system and capturing this in a set of model equations. Both the
conceptual model and the choice of equations may be subject to errors (Deletic et al.,
2012), and even in a best-case scenario they are only a simplification of a complex system.
There are also published indications that model structure may be an important source of
uncertainty. In natural hydrology for example, it has been shown that different models
may predict similar calibrated outflow rates while differing in other parts of the water
balance (e.g. Kaleris and Langousis, 2016; Koch et al., 2016). Such differences may also
impact the results of studies that consider the effect of different climate change or land
use scenarios (Karlsson et al., 2016). There are also indications from urban drainage
modelling that some current model structures may be unsatisfactory. For example, the
commonly used EPA SWMM model has some counterintuitive behaviour in its
bioretention modelling (Fassman-Beck and Saleh, 2018), and may have some structural
problems in its green roof module (e.g. Peng and Stovin, 2017; Leimgruber et al., 2018;
Johannessen et al., 2019). Despite these indications that model structure may play a
significant role, it has received relatively little attention compared to other sources of
uncertainty.
Depending on the data available and the approach used by the selected model and the
choices made by the modeller, the spatial resolution of urban drainage models may vary
from lumped (i.e. the entire study area is viewed as one entity) via semi-distributed
(divided into multiple subcatchments) to fully distributed (either gridded or with very
small subcatchments). This aspect of model structural uncertainty has been investigated
by different authors. Tscheikner-Gratl et al. (2016) compared three resolutions (lumped,
coarsely semi-distributed and more finely semi-distributed) and found that (since
imperviousness was estimated from land cover data) the overall runoff volumes were
similar, but the lumped model did not match the shape of the hydrograph well. Pina et
al. (2016) warned that a fully-distributed description of the land cover also required highresolution information on all storm sewer connections, since some areas (e.g. building
courtyards) might otherwise not be drained properly. Sun et al. (2014) studied parametric
uncertainty for two model resolutions in a heavily urbanized area, finding that the higher
resolution resulted in less uncertain parameter estimates that would be more suitable for
transferring to other sites. Krebs et al. (2014) also found that a fine model discretization
(where each subcatchment consists of a single land cover) resulted in parameter values
that were similar for and transferable to different catchments. Petrucci and Bonhomme
(2014) tested models based on different levels of spatial information and found that some
information (especially on land cover) improved model performance, but that there was
a point where further information was no longer beneficial. Another advantage of highresolution models is that the values of some parameters (e.g. (sub-)catchment length,
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width, slope) may be estimated directly rather than being calibrated (e.g. Dongquan et
al., 2009; Petrucci and Bonhomme, 2014; Warsta et al., 2017).

2.7. Numerics
The implementation of model equations in computer models has traditionally been
focused on keeping the runtimes short. Keeping the runtimes short typically requires
computational techniques that may cause numerical errors. Additionally, many models
include certain thresholds (e.g. for snowmelt to occur, or for overland flow to start). Both
of these issues may cause numerical artefacts in model calibration (Kavetski et al., 2006b).
These artefacts limit the applicability of optimization algorithms and sensitivity analyses,
since they lead to an unsmooth model response to changes in parameters, for example by
introducing spurious local optima (Kavetski et al., 2006c; Kavetski and Clark, 2010).
Different numerical schemes for the same model may even lead to different ‘optimal’ sets
of parameters (Zhang and Al-Asadi, 2019). In Bayesian inference numerical artefacts may
lead to poor performance of the algorithms and inconsistent parameter distributions and
model predictions (Schoups et al., 2010).

2.8. Model parameters
The model parameters are typically the only variable aspect in a modelling exercise and
they interact therefore with all other sources of uncertainty, as described in §§2.1-2.7.
Estimates of parameter values are often able to compensate for perturbations in other
respects (e.g. input and calibration measurement uncertainties (Dotto et al., 2014)), but
when this happens it means that parameter values may become site or case-specific. This
makes it difficult to compare them between e.g. different sites, or to use calibrated values
from one site to model another site where measurements are not available. For model
parameters that represent a physical quantity (e.g. depression storage, Manning’s number,
impervious area), it can mean that the obtained parameter estimates do not actually
represent their associated physical quantity anymore.
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3. Methods
This chapter describes the field sites, sensors, and modelling techniques used in this thesis.
The relation between these and the thesis objectives is summarized at the end of the
chapter in Table 3.2.

3.1. Field sites
3.1.1. Porsön, Luleå

The Porsön test catchment (Figure 3.1) is located in Luleå, Sweden and is 10.2 ha in size.
It contains part of the university campus and part of a residential area. Most of the
catchment surface (63%) is green. Of the remaining part, 25% of the surface is
impermeable, but drains to adjacent green areas. Only 12% of the total surface area is
impermeable and connected directly to a separate storm sewer system. The green areas
contain several swales that are connected to the storm water sewer system at their lowest
point. Although these were primarily constructed to facilitate snow storage during winter,
they also serve to convey storm water. Precipitation and storm sewer outflow are
monitored at the catchment. Precipitation is measured at a 1-minute resolution using a
weighing bucket gauge and an optical precipitation sensor (§3.2.1). The precipitation
gauge was located outside of the catchment, 500/1000 m away from the closest/furthest
catchment boundaries. Outflow was measured in a circular storm sewer pipe (400 mm
diameter) leaving the catchment using a 2150AV sensor (§3.2.2). Measurements were
initiated in the autumn of 2011, but data was only available for certain rainfall events in
2013-2015. For 2016 and 2017, data was available continuously outside winter. In total,
51 rainfall-runoff events with sufficient data quality for use in calibration were available
from this record.
3.1.2. Solbacken, Skellefteå

The Solbacken pilot site (Figure 3.2) is part of a commercial area outside of Skellefteå,
Sweden. The pilot site consists of a large gravel swale, which was constructed to manage
runoff from an adjacent car park. The total size of the catchment is approx. 7500 m 2, of
which 5000 m2 is an asphalted car park that drains into the remaining impervious area,

Figure 3.1: Aerial image of the Porsön study catchment, showing the boundary of the catchment
(solid red line) and the drainage network (blue line with arrow). Background map © Lantmäteriet.
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which slopes down towards a swale, which covers the remaining area. The horizontal
distance from the edge of the asphalt to the bottom of the swale varies (from upstream to
downstream) from approx. 27 m to approx. 33 m, the vertical distance from approx. 3m
to approx. 5m. Outflow at the swale was measured at a 5-minute resolution using the Vshaped weir described in §3.2.2. Seven soil water content (SWC) sensors were installed
along the bottom of the swale. Additional SWC sensors were installed in the swale slope,
but were not used for this thesis. A tipping bucket rain gauge (§3.2.1) with a 0.1 mm
resolution was installed along the slope between the car park and the swale. This tipping
bucket originally measured rainfall volumes per 5 minutes, but in 2018 it was changed to
log the times of the tips instead. A Geonor weighing bucket and a Thies optical
precipitation sensor (§3.2.1) were installed approx. 800 m away. A municipal rain gauge
(0.2 mm tipping bucket) was also available at this location. In addition to the swale, a
pipe-based drainage system was also monitored at Solbacken, but this was not part of
this thesis. Measurements at this site were started in 2014 and have been maintained
since then, although some data were missing for some periods as a result of issues in the
field because of loss of power and damaged equipment.
3.1.3. Risvollan, Trondheim

The Risvollan experimental catchment in Trondheim, Norway, has been operated for
nearly thirty years and includes measurements of meteorological variables and storm and
sanitary sewer outflow (Thorolfsson and Brandt, 1996; Thorolfsson et al., 2003). Within
this thesis, 5-minute precipitation totals measured by a 0.1mm tipping bucket rain gauge
(§3.2.1) were used as the rainfall input to the long-term simulations (§3.6.1). This tipping
bucket was heated so that it also measured solid precipitation. Potential
evapotranspiration was calculated using a version of Hargreaves equation (Almorox and
Grieser, 2015; Hargreaves and Samani, 1982) that was first calibrated to the PenmanMonteith reference evapotranspiration (Allen et al., 1998) rates for a nearby
meteorological station (MET Norway, 2018). Since the Penman-Monteith data was only
available for part of the simulation period, it was not possible to use this directly.

Figure 3.2: Left: aerial image of the Solbacken swale showing the catchment boundary. Background
image © Lantmäteriet. Right: schematic isometric drawing of the study site.
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3.2. Precipitation and flow sensors
3.2.1. Precipitation sensors

Two of the study sites used in this thesis were equipped with a Geonor T200B weighingbucket (WB) precipitation gauge (left pane in Figure 3.3). Precipitation (in any form)
that falls in to the gauges’ 200 cm2 opening is collected in a bucket. This bucket is
suspended from three points, one of which is equipped with a load cell. This load cell
contains a wire that vibrates with a frequency that increases as the load applied on it
increases. The wire frequency relates to the amount of precipitation present in the bucket
according to
𝑃 = 𝐴(𝑓 − 𝑓0 ) + 𝐵(𝑓 − 𝑓0 )2

Where P (cm) is precipitation in the bucket, f (Hz) is the currently observed frequency,
f0 (Hz) is the frequency when the bucket is empty, and A (cm Hz-1) and B (cm Hz-2) are
sensor calibration constants provided by the manufacturer (Geonor AS, 2017). The
frequency signal was measured, converted to the amount of rainfall in the last minute and
logged using a Campbell Scientific CR200X or CR800 data logger. Since WB sensors
measure the weight of the precipitation they measure all types of precipitation. However,
since snowfall would quickly fill the entire bucket an antifreeze mixture is added in the
bucket during winter to melt any snow. Previous studies found this type of sensor to
have good performance (Duchon, 2002; Lanza et al., 2010). Starting in May 2016, the
performance of the WB precipitation gauge in Porsön was checked in the field twice a
year. This was done by first emptying the bucket and noting the frequency and
precipitation total indicated by the sensor. Then, a series of weights (in the form of
antifreeze liquid, water and/or mineral oil) were added. Since this type of gauge measures
precipitation by weight, the type of liquid is not important, as long as the weight is
known. For the first occasion, in May 2016, the weights consisted of 1 L of de-ionized
water that was measured in the lab at LTU prior to the field calibration check. In June
2016, a series of smaller bottles with known weights of water was prepared in the lab.
For all following occasions, the weight of the liquids was determined by weighing the
container used to measure them before and after emptying it into the gauge. Results from
these field calibration checks are presented in §4.1.1.
Study sites with a WB gauge were also fitted with a Thies Clima Precipitation Sensor.
This sensor sends out light from one side that falls on a sensor on the other side.
Precipitation causes a shadowing effect in the light band. The sensor uses the length and
amount of shading to estimate the instantaneous rainfall intensity (mm/min). This
intensity was logged every minute on a Campbell Scientific CR200X or CR800 data
logger.
Two of the study sites used a tipping-bucket (TPB) precipitation sensor (right pane in
Figure 3.3). These sensors consist of a funnel that guides rainfall into a small seesaw that
has a container on each arm. One of the containers faces upwards and receives the
precipitation from the funnel. The volume of the container is designed in such a way
that the seesaw will tip after a known amount of precipitation (usually 0.1 or 0.2 mm)
has passed through the funnel. When the seesaw tips over, the full container will be
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emptied and the other container will start receiving the precipitation instead. Each tip of
the seesaw generates an electric pulse that can be detected by a data logger. There are
two ways of logging this signal. First, it is possible to count the number of tips in a fixed
interval, e.g. 1 or 5 minutes. Second, it is possible to log the time that each tip occurs.
The advantages of this second approach are that it (a) results in less data stored overall,
since zero values are not recorded, and (b) gives a more precise representation of the
rainfall intensity.
3.2.2. Flow sensors

Water flow out of catchments was measured in this thesis using ISCO Teledyne 2150
AV sensors. These sensors are installed on the bottom of a pipe, where they use a pressure
transducer to measure the water depth with an acoustic Doppler velocimeter to measure
the flow velocity. This sends out soundwaves of a known frequency that are reflected by
particles or air bubbles in the water with a changed frequency (the Doppler effect). The
sensor registers the returned waves and calculates the velocity of the particles in the flow.
The flow rate can then be calculated based on the observed level and velocity if the pipe
geometry is known.
At one field site (the swale in Solbacken, §3.1.2) the outflow rate was measured using a
V-shaped weir placed inside the pipe. The water level was measured using a 2150AV
sensor and converted to the flow rate using the known level-discharge relationship for
the weir.

3.3. Laboratory testing of flow sensors
Laboratory testing of flow sensors was conducted in a 12.5 metre tilting flume with a
cross section of 300x450 mm (width x depth). A circular polyethylene pipe with an inner
diameter of 234 mm was placed inside the flume and plastic sheeting used to guide the

Figure 3.3: Left: weighing bucket precipitation sensor in Porsön, showing the collecting bucket with
sensors, wind shield, and the cover with funnel (on the ground at left) that normally covers the bucket.
Right: internals of a tipping bucket rain gauge. Not shown: cover and funnel that is placed over the
tipping bucket.
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water through the pipe (Figure 3.4). Water was recirculated through the flume by a
pump with a maximum capacity of approx. 9 L s-1. An electromagnetic flow meter
installed in the pipe going from the pump to the inlet of the flume was used as the
reference instrument. Tested sensors were installed on the bottom of the pipe. The
sensor furthest upstream was placed sufficiently far away from the inlet to the pipe
(approx. 80 cm for initial runs, increased to 120 cm later with no discernible
differences in flow behaviour or sensor performance) to allow the flow to steady,
representing good operating conditions. Another sensor was placed (deliberately)
close downstream of this sensor, so as to investigate the effect of an upstream
obstacle on sensor performance, i.e. representing sub-optimal operating conditions.
The pump was controlled by manually adjusting the pumping frequency between 0 and
52.8 Hz, usually with 5 Hz increments. Twelve experimental runs were performed with
three different pipe slopes, and each setup was tested at least two times. For the 0% slope
setting two different setups were tested: one where the outflow from the flume was
unrestricted and water levels were relatively low, and one where a swivel wall was raised
at the outlet to increase the water levels in the pipe. Each experimental run started with
a low pump frequency (typically 15 Hz, since lower values proved too low to maintain
constant flow). This was then increased by steps of 5 Hz until the maximum pumping
rate was reached, after which the frequency was decreased in increments of 5 Hz. The
flow was left at each of these steady states for at least 4 minutes. The reference flow rate
was logged every 5 seconds and the flow rate and water level from the tested sensors were
logged every 15 seconds. Only the periods of steady flow were included in the analysis.
For each period of steady flow, the mean and standard deviation of the observations in
that period were calculated. If the same flow rate was tested twice (i.e. once while
increasing the flow rate stepwise and once while decreasing), the two periods were
considered separately. After adjusting the pump frequency, it took some time for the
water level in the flume inlet and in the flume itself to rise to the new steady level. This
caused a delay between flow rate changes at the reference instrument and in the pipe, so

Figure 3.4: Laboratory setup for flow meter testing showing (left) the entrance of the pipe installed
in the tilting flume and (right) a flow sensor installed on the bottom of the pipe.
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the response time of the sensors was not studied. The flow rates of the sensors are
compared with those of the reference instrument in §4.1.2.

3.4. Hydrological and hydraulic models
In this thesis, three different models were used: SWMM and MOUSE are both
commonly used models developed specifically for use in urban areas, while Mike SHE is
a general hydrologic model that can be used for urban areas, despite its background in
use for more natural catchments. A short description of the three models follows below
and is visualized in Figure 3.5. For a more complete description see paper I.
3.4.1. SWMM

The U.S. Environmental Protection Agency’s SWMM (Storm Water Management
Model, first introduced by Metcalf and Eddy et al. (1971)) is a semi-distributed model,
so it allows the modeller to divide the study area into arbitrary subcatchments. All
processes and hydrological variables included in the model operate on each subcatchment
as a whole, so there is no representation of spatial variation in processes, variables or input
data within a single subcatchment. Three models are available for infiltration into the soil:
Horton, Green-Ampt and the Curve Number method. Surface runoff is described with
Mannings formula and can be routed either to a node in the drainage network or to a
different subcatchment. SWMM includes an optional groundwater component and has
support for including LID devices in subcatchments. (Rossman and Huber, 2016)
3.4.2. MOUSE

DHI’s MOUSE (Modelling of Urban Sewers, first introduced by Lindberg and Jorgensen
(1986)) is a semi-distributed model like SWMM. It offers a choice of four different runoff
models for impermeable surfaces (time/area method, non-linear reservoir, linear
reservoir, unit hydrograph). Green areas can be included using the Rainfall dependent
Inflow and Infiltration (RDII) module, which uses a relatively simple conceptual model
to describe how rainfall is split between overland flow, groundwater recharge and
infiltration. Surface runoff from both impermeable and permeable areas is routed directly
to the drainage network. LID devices may be included in subcatchments (using the same
approach as SWMM) or as nodes in the drainage network. (DHI, 2017a)
3.4.3. Mike SHE

DHI’s Mike SHE (Système Hydrologique Européen; hereafter referred to as SHE) is a
physically based fully distributed model (introduced by Abbott et al., 1986a, 1986b). This
means that it divides the study area into relatively small computational elements along a
rectilinear grid. In contrast to the semi-distributed models SWMM and MOUSE, the
hydrological processes included in the model can operate across multiple of these
computational elements. Overland flow is calculated using the Saint-Venant equations
for shallow water flow in two (horizontal) dimensions; unsaturated zone flow is calculated
using Richards’ equation in one dimension (vertical); and groundwater flow is calculated
in three dimensions using Darcy’s equation. SHE was developed for natural catchments
and does not directly include support for pipe-based drainage networks. However, it can
be coupled with MOUSE so as to include pipe flow if needed. (DHI, 2017b, 2017c)
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Figure 3.5: Conceptual models of SWMM, SHE and MOUSE.

3.5. Parameter estimation methods
SWMM, MOUSE and SHE are all generic model codes, and they need to be setup to
be able to represent a specific site. This includes finding appropriate values for the
different model parameters. Within this thesis, three different methods were used for this
that are described below.
3.5.1. Literature values

The most basic way of adjusting a generic model code to a model for a specific site is to
set the parameter values based on what has been reported in the literature for
comparable cases. This is typically only possible for parameters that represent some
physical characteristic, e.g. the porosity of a certain type of soil or Manning’s coefficient
for a pipe of a certain material. Table 3.1 lists sources for some common physically
based parameters. Additionally, some model parameters may not have literature values
available directly, but may still have a theoretical relationship with one or more typical
physical characteristics. This is typically described in the manuals for the models (e.g.
Rossman and Huber, 2016; DHI, 2017a). As such, values for these model parameters
may still be set based on the literature. This approach was used in paper I to obtain a set
of synthetic catchments with varied soil types and depths (§3.6.1).
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Table 3.1: Literature sources for values of parameters in all three models used in this thesis (§3.4).

Group

Parameter(s)

Used by Source
models

Porosity
Wilting point
Field capacity
All
Saturated hydraulic
conductivity
Soil
properties Suction head
Conductivity slope
SWMM
(HCO)
Van Genuchten’s α,
SHE
n and L
EvapoIndirectly:
transpEffective root depth SWMM,
iration
MOUSE
Surface

Rawls et al. (1982, 1983)

Table 5-9 in Rossman and Huber
(2016).
Can be fitted to data from Rawls et al.
(1983); Schaap et al. (2001)
Shah et al. (2007)

Manning's N and M SWMM

Table 3-5 in Rossman and Huber
(2016)

SWMM,
SHE
MOUSE

Richards et al. (2013), Rossman and
Huber (2016)

Depression storage
Surface storage

3.5.2. Optimization algorithms (SCE-UA)

In paper III of this thesis the Shuffled Complex Evolution – University of Arizona
algorithm (SCE-UA (Duan et al., 1994)) was used to find the optimum parameter set for
a SWMM model of the Porsön catchment. A complex in this sense is a group of
parameter sets. At each step of the algorithm, the worst performing member of the
complex is replaced by trying to move it into the direction of the other parameter sets in
the group. This is then repeated a number of times to move the complex towards the
region of better model performance (‘complex evolution’). Several complexes are
evolved in parallel. Periodically, the members of all complexes are shuffled and divided
into new complexes that continue the evolution. This is repeated until either a maximum
number of iterations has been reached, or the parameter sets in the complexes have
converged.
3.5.3. GLUE

In paper II the generalised likelihood uncertainty estimation (GLUE; Beven and Binley,
1992; §2.5) was used to estimate parametric and predictive uncertainty. By analysing the
statistical distributions of the accepted parameter values, it is possible to obtain
probabilistic estimates of their values, i.e. an estimate of how likely different values are,
rather than only the single most likely value (parametric uncertainty). By obtaining the
model output for each parameter set, it is possible to obtain probabilistic estimates for the
model output, e.g. an upper and lower prediction for the outflow from a catchment for
each time point (predictive uncertainty). A critical point in GLUE is the arbitrary
acceptance threshold to select the behavioural parameter sets. A recent proposal (Vezzaro
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et al., 2013) to make this threshold less arbitrary is to rank all parameter sets by their
performance and to calculate the percentage of observations that would be captured by
the uncertainty bounds when including the top 2, 3, 4, … parameter sets. The acceptance
threshold is then set at the point where including additional parameter sets no longer
increases the overlap between the uncertainty bounds and the observations. This
approach was adopted in this study, since it allows for a more objective comparison of
different methods for evaluating the performance of different parameter sets.

3.6. Simulations and analyses
3.6.1. Long-term simulations of synthetic catchments

The uncertainty that arises from the way in which green areas are included in the model
structure was investigated in paper I using a long-term simulation of synthetic catchments.
The simulations for all three models (SWMM, SHE and MOUSE) covered the entire
26.5 years of the Risvollan precipitation record (§3.1.3) in order to give a sufficient basis
for studying inter-annual and inter-event variation. In order to investigate the sensitivity
of the three different models to changes in soil type and depth, 66 synthetic catchments
were used, covering 11 different soil types (ranging from sand to clay) and 6 different
depths (ranging from 0.5 to 3.0m). Each catchment was 240x240 m, with a slope of 2%
in one direction and covered with grass. The values for the model parameters were set
based on the literature (§3.5.1). A more detailed description of the model setup is given
is given in paper I.
Since the focus of this thesis is on rainfall-runoff modelling, the snowfall and snowmelt
periods (November – March) were not included in the analysis, although they were
included in the simulation in order to provide appropriate initial conditions in spring. To
analyse the results on an event basis rainfall events were defined with a minimum interevent dry time of three hours, at least 2mm total rainfall, and an average intensity of at
least 0.01 mm hr-1 (Hernebring, 2006). This thesis presents results obtained regarding
the frequency of occurrence of runoff from green areas (§4.2) and the variation
between different models and different soil types and depths (§4.3), while the
appended paper I also presents results regarding evapotranspiration and the sensitivity of
the models to the intensity of the rainfall.
3.6.2. Utilizing soil water content in calibration

Several approaches are available to including soil water content (SWC) in the calibration
process. Paper II compared these by applying them to the calibration of a SHE (§3.4.3)
model for the Solbacken swale site (§3.1.2). The considered approaches consisted of a
choice between two alternatives for the initial conditions and two alternatives for the
evaluation of SWC observations. It was possible to set the initial conditions in the
unsaturated zone (UZ) of the SHE model based on the SWC observations. The
alternative to this was to let SHE set the initial conditions based on an equilibrium where
the SWC in the UZ declined gradually from saturation at the groundwater table to either
field capacity or wilting point and then stayed at that value. The choice of field capacity
or wilting point was made depending on the length of the antecedent dry period and the
groundwater table at the start of the rainfall event. For the evaluation of the SWC
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observations, it was possible either to consider the time series of all SWC observations
during the event, or to consider only the change in SWC (ΔSWC) during the event as a
proxy for infiltration.
The effect of the different approaches on parametric and predictive uncertainty was tested
using the GLUE method (§3.5.3). 11.500 Monte Carlo runs (i.e. with random parameter
values) were performed for each of the two approaches to the initial UZ conditions.
Both sets of results were then evaluated according to the GLUE method using (a) only
swale outflow, (b) swale outflow + SWC time series, and (c) swale outflow + ΔSWC to
quantify the performance of the model. This gave six options that were compared in
terms of parametric and predictive uncertainty. The results from this are described in §4.4
and in paper II.
3.6.3. Event selection and two-stage calibration

The uncertainty arising from the way in which calibration events are selected was studied
by applying a number of different strategies for selecting these events to the optimization
of parameter values (§3.5.2) for a SWMM model (§3.4.1) of the Porsön test catchment
(§3.1.1), see Figure 3.6. The event selection strategies consisted of two different groups.
The first group used six rainfall events to calibrate all model parameters simultaneously,
i.e. all six events were simulated and evaluated at each iteration of the calibration
process. Different selection criteria (i.e. statistics of the rainfall-runoff events) were used
to select the six events in each calibration scenario (CS). The second group of
calibration scenarios split the calibration into two stages. First, three events with less
runoff than the percentage impervious area in the catchment (12%) were used to
calibrate the parameters relating to impermeable surfaces. It was thereby assumed that all
runoff in these events came from impermeable surfaces. Following this, three events with
more than 12% runoff were used to calibrate the parameters relating to permeable
surfaces, thereby assuming that they contributed runoff for these events. The rainfallrunoff events from 2016 (19 events) were reserved for use as validation data, while the
remaining events (from 2013, 2014, 2015 and 2017, 32 events total) were available for
use in calibration, with six of them being selected for each calibration scenario.
Both a high resolution (HR) and a low resolution (LR) SWMM model of the Porsön
catchment were set up. The high-resolution model contained 146 small subcatchments
that each consisted of only one land cover. This approach made it easy to estimate
several model parameters (e.g. size, width, slope, imperviousness, depression storage) for
most of the catchments, with only a limited number of parameters requiring
calibration. These were grouped based on land use, resulting in 13 calibration
parameters for the hydrological model. This also meant that all calibration parameters
(except Manning’s number for pipes) related exclusively to green or to impervious areas,
thus enabling the two-stage calibration approach described in the previous paragraph.
The low-resolution model was created by aggregating catchments from the highresolution model into five large subcatchments. The imperviousness of these was
calculated based on the constituent small catchments. For such a low-resolution model
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Figure 3.6: Overview of the high-resolution model, including distance to the rain gauge (RG). Figure
taken from paper III.

the percentage imperviousness would usually be included as a calibration parameter,
but this was avoided here since high-quality information on this was available. Since
information on internal flow routing (i.e. whether subcatchment outflow is routed to
another subcatchment or the pipe network) was removed when switching from the
high to the low resolution, the percentage of runoff from impermeable areas that
was routed to green areas instead of the drainage network was included as a calibration
parameter. The low-resolution model had the same number of calibration parameters as
the high-resolution model.
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Obj.

Table 3.2: Overview of methods used to address the different thesis objectives.

Sites

Models

Parameter
estimation Method
method

Comparison of sensors with Kappa: §4.1.2
reference

Laboratory
1

2a

n/a

n/a

Experience during and
results of field
measurements

Kappa: §4.1

Risvollan

SWMM
Literature
SHE
values
MOUSE

Long-term simulation of
synthetic catchments with
varying soil types and soil
depths

Paper I
Kappa: §§4.2, 4.3

Porsön

SWMM

SCE-UA

Event-based calibration
Paper III
with different sets of events Kappa: §4.5

Solbacken

SHE

GLUE

Event-based calibration
using soil water content

Paper II
Kappa: §4.4

Solbacken

SHE

GLUE

Event-based calibration
using soil water content

Paper II
Kappa: §4.4

SCE-UA

Separate calibration of
parameters for
impermeable and
permeable areas

Paper III
Kappa: §4.6

Based on experience with
and manuals for different
models

Kappa: §4.7

Porsön
Solbacken

2b

3a

Results

3b

Porsön

SWMM

4

n/a

SWMM
SHE
n/a
MOUSE
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4. Results
4.1. Rain & flow measurements
4.1.1. Field performance of rain gauges

The performance of the weighing bucket rain gauges was regularly checked in the field
by adding known mass (of water, oil, and/or antifreeze liquid) into the collecting bucket.
The results of multiple of these calibration checks for the Porsön gauge are shown in
Figure 4.1. Deviations were within ±1% of the reference value, except for the occasion
in November 2018. This was the only occasion after the installation of two additional
sensors (performance not shown here) and changing the signal acquisition process
(program on the data logger) and the only occasion when a different scale was used to
weight the liquids. These factors may have contributed to the poorer performance in this
test. Two points (at 110 mm and 240 mm on the horizontal axis) that deviate from the
trend shown by the other points could also be an indication of these issues playing a role
in this instance.
Acquiring and logging the signal from the sensor is an essential part of the measurement
process and needs to be understood in order to obtain good quality measurements. For
tipping buckets the process is relatively straightforward since it is a matter of counting
electrical pulses per interval or logging the times when they occur. The issue deserves
special attention for the weighing bucket sensor, since they are not as commonly used
for urban hydrological applications. The load cell in the weighing bucket outputs a
continuous signal that can be converted with a simple formula (§3.2.1) to the total
precipitation in the bucket. If this signal is logged e.g. every minute, it is possible to
calculate the average precipitation rate during each minute. A challenging aspect here
was how to filter the signal in such a way that the random noise, which is present in the
signal, was not registered as precipitation. Initially, this was done by only counting values
of > 0.05 mm/minute as rainfall, corresponding to the sensors stated sensitivity (Geonor
AS, 2017). This resulted, however, in an intermittent and unrealistic signal when rainfall
rates were low (see upper panel in Figure 4.2 for an example). This could be avoided by
using a lower threshold, but this would make it more likely for signal noise to be
registered as precipitation. For a one-minute observation interval there was always a
trade-off between not including noise or ignoring some precipitation, since noise and
small amounts of rainfall can give similar amplitudes in the signal from the sensor. An
intermittent signal can be converted (as was done for the black line in the bottom panel
of Figure 4.2) to an average intensity per time interval so that a more realistic signal is
obtained. When used in this way, the weighing bucket resulted in a rainfall time series
that was similar to that obtained by tipping bucket rain gauges (see bottom panel in
Figure 4.2). The same panel also includes the rainfall rates measured by the optical
sensor. Although it matched the temporal pattern of the other sensors quite well, the
magnitude and the total rainfall volume were too low.
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Error in precipitation in
bucket (mm)

This signal acquisition presented a limitation for using weighing-bucket rain gauges for
urban drainage modelling studies with a high temporal resolution. Another downside of
the weighing-bucket gauges was their limited capacity of (600 mm precipitation
equivalent) and the need to partially fill them with a mixture of glycol and
methanol to melt solid precipitation, which reduced the total capacity of the
bucket (Geonor AS, 2017). However, in the climate of the study sites used here this
still only meant the bucket had to be emptied twice a year. The most frequent
maintenance on the tipping bucket was unclogging the funnel, which needed to be done
more frequently and was not predictable like the emptying of the bucket, so it proved to
be a more problematic issue.
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Figure 4.1: Measurement error of the Geonor weighing bucket in Porsön during calibration checks in
the field.
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Figure 4.2: Rainfall event captured by multiple sensors in Skellefteå. The upper panel shows the
weighing bucket as it was logged; in the bottom panel this has been resampled to average intensities over
the interval. Note that only the weighing bucket (WB) and the optical sensor (Opt.) were logged by
the same logger and there may be timing differences between the other sensors.
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4.1.2. Laboratory performance of flow sensors

Laboratory tests of a single ISCO 2150 AV flow meter showed that it was capable of
achieving less than 5% deviation from the reference instrument for flow rates >2 L s-1,
although the result varied between replicates (see Figure 4.3). Deviations from the
reference were relatively larger for low flow rates. The standard deviation of the
measurements was also larger for low flow rates. One particular factor that can influence
performance for bed-mounted sensors is that, at low flow rates, the sensor itself will block
a relatively larger part of the wet cross section, and thus create a bigger disturbance in the
flow that it is trying to measure. Experimental runs 1 and 2 showed a larger standard
deviation of the measurements taken under constant flow conditions than did runs 6 and

Flow rate (L s-1)

8
Mean
reference
flow
± 5%
Run 1
Run 2
Run 6
Run 10

6

4

2

Figure 4.3: Observed flow rates from one sensor in good operating conditions compared to reference
flow rates across four experimental runs and different flow rates. Dots indicate the mean of all observations
made during a state of steady flow, bars indicate ±1 standard deviation.

Flow rate (L s-1)
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flow
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Run 3
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2

Figure 4.4: The same as Figure 4.3, but with higher water levels in the pipe (swivel wall raised to create
overfall at downstream end of flume).
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10. Additionally for runs 1 and 2 there was an overestimation of the flow when flow rates
were increased stepwise, and an underestimation when flow rates were decreased stepwise
after this. For runs 6 and 10 there was no noticeable difference between the ascending
and descending phase. For run 10 the sensor was installed further away from the pipe
entry, but this did not affect its performance. There were no other intentional changes
to the setup, but, since the tests were carried out over multiple days, it is possible that
other factors such as the exact slope of the pipe or the amount of particles in the water
changed. A swivel wall at the downstream end of the flume was raised to increase the
water levels. This reduced the standard deviation of the observations, but it also resulted
in small positive bias ranging from approx. 6% for flow rates of 2.5 L s-1 to approx. 2.5%
for flow rates of 8.7 L s-1 (see Figure 4.4).
Another challenge with Doppler flow measurements is that the performance of sensors
may degrade if the flow is disturbed by upstream obstacles, such as bends, junctions,
ridges, debris or roots in the pipe. Although the precise effect will of course depend on
the exact nature of the flow disturbance, an example of what can happen is given in
Figure 4.5. This figure shows the results of a flow meter tested in the lab that was
mounted shortly downstream of a flow sensor of the same type (the sensor shown above
in Figure 4.3). The sensor performance is clearly poorer than shown in Figure 4.3,
confirming that the same (type of ) sensor installed in the wrong conditions gives less
reliable results. The upstream disturbance seems to have little effect on the standard
deviation of multiple measurements taken in the same steady flow state, but the accuracy
suffers considerably. The effect of upstream obstacles is however much less noticeable
when water levels are higher (see Figure 4.6). This can be attributed to the fact that with
a higher water level, the velocity will be lower for the same flow rate, so obstacles disturb
the velocity field less.
4.1.3. Field performance of flow measurements

Practical experience with the flow measurements showed that there are several challenges
that need to be dealt with in order to obtain reliable measurements. One is that sensors
that are mounted on the bottom of the pipe (e.g. ISCO 2150) are prone to deposition of
sediment and leaves on them (see Figure 4.7). Depending on the exact nature of the
build-up, the level measurement may remain unaffected but the velocity measurement
may become unreliable or disappear completely. An example of this is shown in Figure
4.8, where the measured velocity and water level are shown for a rainfall event that
occurred in the Porsön catchment nine days after the last cleaning was performed. Even
though the water level meets the sensor manufacturer’s recommendations throughout
the event, there are several gaps in the velocity measurement. The output from this
particular type of sensor also includes three parameters (signal strength, spectrum strength
and spectrum ratio) that give an indication of the quality of the measurement, each one
ranging from 0% (poor quality) to 100% (ideal case). In the example in Figure 4.8, the
signal strength and the spectrum ratio have low values throughout. Despite these
problems with the measurement, the flow rate was logged continuously for the event,
but the problems with the velocity measurement might mean that these observations are
not reliable.
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L s-1)
L s-1)

Figure 4.5: Testing results of a flow meter installed downstream of an identical flow sensor that disturbed
the flow. The experimental runs 1, 2 and 6 are the same ones as in Figure 4.3.

Figure 4.6: The same as Figure 4.5, but with high water levels instead of free outflow.

The flow sensors used in this study comprise of a Doppler sensor to measure water
velocity and a pressure sensor to measure the water depth. Together, these can be used
to calculate the flow rate, assuming the pipe’s cross-section geometry is known. The
Doppler sensor cannot be adjusted or tested easily in a direct manner, since this requires
an independent measurement of the velocity upstream of the sensor, without disturbing
the flow itself. Since the zero point of the level measurement has a tendency to drift over
time, it needs to be checked and adjusted as part of the regular maintenance of these
sensors. It was noted during the field maintenance that the level sensors in the Solbacken
conventional site (which are permanently submerged) required smaller adjustments than
the one in Porsön (that is regularly dry between runoff events), despite being
maintained less frequently. Additionally it was noted during the laboratory tests that the
sensors (dry between experiments) typically needed adjustments of a few millimetres
every day. This indicates that the level measurements benefit from site conditions where
the sensors are permanently submerged.
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Figure 4.7: Example of sensor fouling (here in the Porsön catchment) that can affect the water velocity
measurements.
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Figure 4.8: Example of flow measurements taken relatively (for this site) long (9 days) after the sensor
was last cleaned from sediments, showing problems with the velocity measurement.

4.1.4. Agreement between precipitation and flow measurements

The calibration of the SWMM model for the Porsön catchment included (in addition to
the hydrological model parameters) rainfall multipliers for each event. These were
included to account for the possibility that the rainfall as measured by the gauge might
not match the flow volumes as measured by the flow sensor. This could be caused by a
number of reasons: (i) the rain gauge not capturing all the rain that falls, e.g. windinduced undercatch; (ii) the rainfall at the rain gauge differing from the catchment30

averaged rainfall; and (iii) over- or underestimation of the outflow. Although it is not
possible to distinguish between these three issues, the calibrated rainfall multipliers can
give an indication of whether there is a mismatch between the observed precipitation
and the observed flow. For the high-resolution model, the values of the multipliers
found by the different calibration scenarios (CS) were close to each other (see Table 4
in paper III). This suggests that the multipliers are being used to compensate for
some structural disagreement between the precipitation and flow measurement, rather
than for a lack of performance in other parts of the model. The average value across all
events and CSs was 1.2 (ranging from 0.7-2.0, similar to the range reported by Vrugt et
al. (2008)), suggesting that at least one of the issues mentioned above occurred in the
field measurements. For the low-resolution model, different CSs found different values
for the multiplier for the same event, indicating that they are being used to
compensate for some other model features. Therefore, the multipliers do not provide
useful information about the rainfall and runoff measurements in this case.

4.2. Occurrence of runoff from green areas
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The frequency of runoff occurring from green areas was investigated using long-term
simulations of soil profiles of varying soil type and depth for the three models SWMM,
SHE and MOUSE. The average seasonal (April-October) percentage runoff for a subset
of the considered soil types is shown in the left panel of Figure 4.9. All of the models
predict runoff for some of the soil profiles, especially the shallower ones. Similarly, all
three models predicted that a considerable percentage of events would generate at least 1
mm of surface runoff, see the right panel in Figure 4.9. The generation of surface runoff
from green areas may be (at least partially) attributed to the initial wetness of the soil. All
models predict initially wet soils for a significant part of the events, see Figure 4.10.
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Figure 4.9: Seasonal percentage runoff and percentage of rainfall events that lead to runoff generation.
Based on Figure 3 and Figure 8 from paper I.
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Figure 4.10: Distribution plots for unsaturated zone (UZ) moisture at the start of rainfall events. Based
on Figure 7 from paper I.

4.3. Variation between models for green areas
Inter-model variation was examined on both the seasonal and event scale using the longterm simulations of synthetic catchments. Figure 4.9 and Figure 4.10 show that the
differences between the models were in many cases larger than the differences that existed
between different soil types and depths. There were also differences in how the models
reacted to changes in soil type and depth and how much variation there was between
different years or rainfall-runoff events. These findings are described in detail in paper I
and summarized in Table 4.1. How sensitive models were to changes in soil type and soil
depth depended on which variable (seasonal runoff, event initial conditions, number of
runoff events) was studied.

depth 2.5m depth 1.5m

depth0.5m

Figure 4.11 shows the distribution of the event percentage runoff for all three models
and for varying soil types and depths. MOUSE showed a unimodal distribution, but
SWMM and SHE both had bimodal distributions where events had either no surface
runoff or more than 60% runoff, with only a few events having intermediate runoff.
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Figure 4.11: Distribution plots of event percentage runoff (n = 1192 events). Figure taken from
paper I.
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Table 4.1: Comparison of model inter-annual and inter-event variation and sensitivity to changes in soil
type and depth. Results are a summary of findings in paper I, §§3.2, 3.5 and 3.6

Seasonal
runoff

SWMM
Sensitivity
Medium
to soil type
Sensitivity
to soil
Highest
depth
Interannual
variation

Inter-event
variation
Sensitivity
Initial
to soil type
conditions
Sensitivity
to soil
depth
Sensitivity
to soil type
Number
of runoff Sensitivity
events
to soil
depth

SHE

MOUSE

Lowest

Highest

Lowest

Medium

High, especially
for shallower soils

High, especially
for shallower soils

Lowest. Not
sensitive to
reducing soil
depth.

Lowest

Highest

Medium

Highest

Highest

Low

Low

Medium

Low

Highest

Low, except for
most sandy soils

Low, except for
most sandy soils

Highest

Medium, but
Low, except for
insensitive for clay sand
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4.4. Use of soil water content in calibration
Different ways of including soil water content in the calibration process were compared
for a high-resolution SHE model of a large swale in Solbacken, Skellefteå (§3.1.2). Figure
4.12 shows the relation between two selected model parameters and the error (at one
location) in the simulated soil moisture content. It is clear that the choice of initial
conditions (from observations or from an equilibrium condition) had a large impact on
the results. When setting initial SWC from the observations, both parameters shown in
the figure showed a clear relationship with the SWC error. When using the equilibrium
condition, only the porosity of the swale bottom (Theta_S_bottom) showed a clear
relationship. Of the two parameters in the figure, the saturated hydraulic conductivity of
the swale side slope (Ksat_slope) also showed a relationship with the errors in the swale

Figure 4.12: Scatter plots of parameter values for porosity of the swale bottom soil (Theta_S_bottom)
and the side slope saturated hydraulic conductivity (Ksat_slope) against the root mean square error of
the soil water content at one sensor location (5). ‘Neutral peak’ means that the simulated peak flow
rate was within ±2 L s-1 of the observed peak, with ‘high peak’ and ‘low peak’ denoting simulated
peaks more than 2 L s-1 higher respectively lower than observed. Figure taken from paper II.
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outflow, while Theta_S_bottom did not. This shows that more information on this
parameter could be obtained by using SWC in the calibration process.
Regarding predictive uncertainty, it was found that including SWC when determining
which parameter sets to accept, reduced the width of the resulting predictive uncertainty
bound (see Figure 4.13). However, when this was combined with initial conditions from
SWC observations, the resulting uncertainty bound failed to capture the observations (see
panel 2 in Figure 4.13). In the other cases, the uncertainty bound captured the
observations, and with the initial conditions set from the equilibrium, the bound was
somewhat more precise (i.e. narrower).

Figure 4.13: Predictive uncertainty for swale outflow constructed with (right column) and without (left
column) SWC in the evaluation, using observations (bottom row) respectively an equilibrium condition
(top row) for the initial conditions. Figure taken from paper II.
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4.5. Calibration event selection
The impact of different strategies for calibration event selection was examined by
applying them to the calibration of a SWMM model of the Porsön catchment. The results
for the single-stage calibration are discussed in this section (see Table 4.2), while the twostage calibration results are discussed in the next section. The Nash-Sutcliffe efficiency
(NSE) of the different single-stage strategies ranged from 0.68 to 0.85 for the highresolution model. Performance of the low-resolution model was similar for all CSs. All
calibrated models were validated against an independent set of 19 events. The different
CSs were capable of predicting 8-12 of these with NSE > 0.5. The four smallest events
(in terms of peak flow) proved problematic to predict for many of the CSs. The singlestage calibrated low-resolution models performed worse in validation than their highresolution counterparts. The low-resolution models suffered particularly from
underestimation of both peak flows and flow volumes.
There was considerable variation among some of the calibrated parameter values for the
different CSs, see Figure 4.14. Depression storage for impervious areas (shown in figure)
and the Manning’s coefficient for the sewer pipes showed little variation between
different CS. Other parameters, e.g. depression storage for green areas, obtained rather
different values in different CSs. The obtained values were similar for the high-resolution
and the low-resolution model.

4.6. Two-stage calibration
Calibration and validation results from the two-stage calibration scenarios are shown in
Table 4.2. Their calibration performance was comparable to the single-stage calibrations
using the same criterion to select events for both the high- and low-resolution model. In
the validation phase the two-stage calibrations performed worse than their single-stage
counterparts judged by the mean NSE over all validation events, despite the two-stage
CSs predicting a larger number of events satisfactorily. This last observation was
particularly noticeable for the low-resolution models. The two-stage CSs performed
better in terms of total flow volume and peak flow, especially for the low-resolution
model.
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Table 4.2: Calibration and validation performance of single and two-stage calibration scenarios. HR
denotes the high-resolution model, LR the low resolution model. The names of the calibration
scenarios are explained in paper III. T6 refers to single-stage calibration scenarios, where the six events
with the highest values for the following event characteristics were selected: precipitation duration
(D_prec), rainfall total (P_sum), highest 30-minute rainfall intensity and average rainfall intensity
(PI_30m resp. PI_mean), highest 60-minute flow rate and peak flow rate (Q_60m resp. Q_max),
percentage runoff (QV_ppP). T32S refers to two-stage calibration (3 events in each stage).

Calibration
(6 events)
Calibration
scenario
N_T6
T6_D_prec
T6_P_sum
T6_PI_30m
T6_PI_mean
T6_Q_60m
T6_Q_max
T6_QV_ppP

NSE
HR
0.80
0.74
0.75
0.74
0.77
0.79
0.85
0.68

LR
0.84
0.81
0.75
0.74
0.77
0.81
0.86
0.65

Validation (19 events)
# events NSE
> 0.5
HR
LR
12
7
11
6
11
8
9
9
10
6
8
6
12
10
12
10

Mean NSE a Volume error
HR
0.45
0.43
0.45
0.29
0.33
0.37
0.44
0.47

LR
0.21
0.34
0.22
0.43
0.38
0.29
0.49
0.37

HR
-0.24
-0.25
-0.23
-0.24
-0.24
-0.29
-0.24
-0.24

LR
-0.43
-0.44
-0.38
-0.34
-0.43
-0.46
-0.36
-0.40

Peak flow
ratio
HR
LR
0.91
0.50
0.91
0.51
0.91
0.60
0.98
0.74
0.96
0.59
0.81
0.49
0.92
0.64
0.90
0.66

T32S_D_prec
0.76 0.84 12
10
0.34 0.38 -0.02 -0.05 1.00
0.86
T32S_P_sum
0.83 0.68 10
13
0.34 0.51 -0.15 -0.27 0.99
0.60
T32S_PI_mean 0.83 0.78 13
13
0.44 0.46 -0.16 -0.22 1.00
0.80
T32S_Q_60m 0.79 0.73 10
10
0.33 0.28 -0.13 -0.04 0.99
1.02
T32S_Q_max
0.82 0.80 11
12
0.34 0.33 -0.13 -0.07 0.96
1.03
T32S_QV_ppP 0.70 0.67 11
12
0.46 0.46 -0.26 -0.18 0.87
0.79
a
mean NSE was calculated after setting NSE of individual events to -1 if NSE was lower
than -1, to avoid large influence from negative NSE values.

Figure 4.14: Calibrated parameter values for selected parameter values: Manning’s coefficient n (-) and
depression storage s (mm), for impervious (IMP) and green (GR) areas. Parameter values are normalized
with respect to their calibration ranges, with the minimum and maximum of the range and the
obtained parameter values indicated. Calibration scenario names as in Table 4.2.
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4.7. Practical comparison of models
The conceptual models employed by different modelling packages may also limit how
they can be used. Table 4.3 contains a complete overview of the identified limitations,
and a few important ones are explained further here.
 Calibrating impervious and pervious area parameters separately is only possible if
a model will predict no runoff from green areas for a sufficiently large number of
events. This is not the case for MOUSE, unless the soil is considered as a sandy
soil. Therefore, this approach would be difficult to implement in MOUSE.
 When studying periods longer than a single rainfall event it is important to account
for the drying of soil. This will make sure that the influence of rainfall on
subsequent rainfall-runoff events is properly accounted for in the simulation.
Although this is implemented in all models, the SWMM approach to it does not
depend on evapotranspiration at short time scales, which is conceptually
unsatisfying.
 The semi-distributed nature of SWMM and MOUSE means that there is no
spatial variation within subcatchments, so for each variable only one value per
catchment is available as output. This made these models unsuitable for detailed
modelling of the Solbacken swale site using soil water content observations, since
there was no conceptually satisfying way of combining the observations from
multiple soil water content sensors into one value to compare with the output
value from SWMM or MOUSE.
The practical application of models depends partially on how easy they are to use for the
practitioner. Table 4.3 gives an overview of some relevant issues. It should be noted that
it is not meant to be an exhaustive overview, but rather to complement the existing
reviews by Elliott & Trowsdale (2007) and Salvadore et al. (2015) with some issues that
were encountered during the work on this thesis. Several issues are explained in more
detail below:
 Automating runs is difficult in MOUSE, making it less suitable for automated
calibration procedures. In SHE most model parameters can be distributed spatially,
but modifying the respective model input files requires an intermediate
programming knowledge on how to use the Mike API (Application Programming
Interface). This makes it more difficult to do automatic calibration in SHE than
in SWMM, where all relevant parameters are contained in a simple text file.
 SHE does not natively support pipe networks. It can be coupled to other models
that do, but it is overall more complex to include them than it is in SWMM and
MOUSE.
 In SWMM the model output files do not include the time series of all relevant
variables: the evapotranspiration from the saturated zone and the water content or
infiltration capacity in the uppermost layer of the soil are missing. The
evapotranspiration can be checked for the entire simulation period, but not for
individual rainfall events. The infiltration capacity can be derived only for rainfall
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events where the antecedent dry time was long, which can make interpretation
and analysis of model results difficult if rainfall events occur close to each other.
 By contrast, SHE outputs a great number of variables in spatially and temporally
distributed formats. Although this allows for a very detailed understanding of
everything that happens in the model, it is not easy to obtain area-averaged values
of these variables. Being able to obtain these would be a useful feature to help
practitioners to quickly understand the simulation of all the processes.
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Ease of understanding
of conceptual model

Pipe networks

Routing subcatchment
runoff to other
subcatchments
Saturation of top soil
generating runoff

Single land cover
catchments

Yes
Yes

Yes, but only partially
based on
evapotranspiration
No

Yes

Two-stage
Yes
calibration (paper III)
Certain urban study
Yes
areas (paper III)
Linking outcome
differences to
Moderate
conceptual
differences

High-resolution
model (paper III)
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Yes

Yes

Yes
Easy

Moderate to hard, also
depends on what options
are chosen.

No

No

Yes

No

Yes

Mostly yes, but some
(routing, thresholds) no

MOUSE

Can be coupled

Yes

No

Land covers can vary per
grid cell, but difficult to
control routing of surface
runoff from one
subcatchment to another

SHE

SWMM

Two-stage
Yes
calibration (paper III)

Feature
Needed for
Conceptual model features
Parameter values
Synthetic catchments
representing physical
(paper I)
properties
Continuous
Recovery of
simulations (all
infiltration capacity
papers)
Soil-water content
Distributed topography
calibration (paper II)

Table 4.3: Overview of desirable model features and their presence in current models.

Single value per
catchment

Soil water
Soil-water content
content as model
calibration
output
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Missing (part of)
evapotranspiration, top
soil moisture content

Output of all
relevant variables Analysis of results
as time series

Parallel
execution of
multiple runs

Ease of
automated runs

SWMM

Easy. Needed to obtain
Automated calibration
evapotranspiration for
procedures (paper II + III,
individual events. Silent
used, but not necessary, for
fails of runs do occur
paper I)
occasionally.
Theoretically unlimited,
Limiting computation time but running many in
for automated runs (all
parallel causes some runs
papers)
to fail silently when
reading rainfall input file.

Feature
Needed for
Practical model features

n/a

Difficult

MOUSE

Yes, fully distributed
spatially and temporally.
However, area-average
Yes
values are more difficult to
obtain.
Yes, fully distributed
Single value per
horizontally, vertically and
catchment
temporally

Maximum 4 runs
simultaneously allowed by
standard software license

Easy to intermediate,
depending on variables
that are adjusted

SHE

Table 4.3 cont.: Overview of desirable model features and their presence in current models.

5. Discussion
5.1. Field performance of precipitation sensors
Field calibration checks regularly confirmed the good performance of the weighing
bucket precipitation sensors (measured accumulated precipitation within ±1% of the
reference), confirming earlier studies of the same sensor (Duchon, 2002). The lack of
other reliable instruments meant that it was not possible to evaluate the performance of
the device in terms of how well the rainfall entering the bucket matches the rainfall
reaching the ground. Previous studies have shown the good performance of this model
of sensor (Lanza and Vuerich, 2009), although wind-induced undercatch may reach up
to 5% (Duchon and Essenberg, 2001). By combining the field calibration checks with
the regular maintenance (emptying of the bucket and adding antifreeze before winter)
the extra effort and time involved is limited, and these checks provide useful information
on the performance of the sensors. It is therefore recommended that they be carried out
twice a year in conjunction with regular maintenance. During the short testing time used
here, there was no indication of sensor drift (as previously reported by Duchon (2008))
so more frequent checks do not appear to be needed, and the maintenance interval may
even be increased if a version of the sensor with a larger collecting bucket is used.

5.2. Field performance of flow sensors
The flow sensors used in this thesis showed good performance compared to a laboratory
reference instrument (generally within ±5% of the reference) and proved to be reliable
for use in modelling applications. This performance has been confirmed before for larger
channels (122 cm wide rectangular and 46 cm circular by Heiner and Vermeyen (2012),
46 cm and 178 cm wide rectangular by Aguilar et al. (2016)), and the thesis results extend
this previous work to channels down to 230 mm circular. However, care should be taken
to extrapolate these findings to even smaller channels, since the sensor itself (mounted on
the bottom of the channel) will affect the flow, and this effect may be larger when the
sensor is larger relative to the channel. It should also be noted that the laboratory
measurements represent a best-case scenario (e.g. steady flow without upstream
disturbances) and field performance may therefore be worse, for example if the
measurement site has bed-load sediment transport (Nord et al., 2014) or if the Doppler
velocity sensor is located so that the velocity it measures is not representative of the
average in the channel (Bonakdari and Zinatizadeh, 2011).
Processing the data from the Solbacken and Porsön catchment underlined that it is
recommendable for flow sensors to output not just flow rates, but also water levels,
velocities and (if available) indicators of the quality of the measurements. These additional
outputs can help in assessing whether a measurement is reliable (and can be used in
addition to the criteria proposed by Blake and Packman (2008)) and whether a mismatch
between simulated and observed values is more likely to be a failure of the model or a
failure of the measurements. Practical and scientific studies sometimes have data available
for only a short amount of time. In that case it is even more important to understand the
quality of the observed data and whether it is suitable for the modelling study or not, and
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analysing this would benefit from more guidance in the literature. Currently scientific
papers reporting on modelling studies do not always include a detailed analysis or
description of the measurement data and suitable measurement periods. Alternatively,
scientific work on urban drainage modelling may benefit from publicly available qualitycontrolled datasets, so that modellers may focus on the novelties of their studies while
still using high-quality data to test these. However, downsides of using publicly available
datasets are that modellers may not be familiar with the system they are modelling and
that, if the number of datasets being used is low, the generalizability of conclusions is not
checked sufficiently.

5.3. Model agreement between observed rainfall and flow
The average calibrated value of the model rainfall multipliers was 1.2, suggesting a
mismatch between the observed rainfall, the actual catchment-average rainfall, and/or
the observed outflow rates. Including the rainfall multipliers in calibration was thus useful
in explicitly addressing measurement errors in the calibration process (as advocated by
Kavetski et al. (2006a)), rather than relying on the adjustment of some other model
parameter such as the effective impervious area (e.g. Dotto et al., 2014). A frame of
reference for the typical magnitude of this error may be found from literature-reported
measurement errors. Duchon and Essenberg (2001) reported 5% wind-induced
undercatch in a weighing bucket rain gauge, where the orifice was placed lower (1.1 vs.
approx. 2 m) than in the Porsön catchment. The standard uncertainty in the measured
flow rate (calculated according to Bertrand-Krajewski and Bardin (2002), assuming
manufacturer (Teledyne ISCO, 2010) provided accuracy for the level and velocity
measurements, and non-correlated errors) ranges from ±4.4% for a flow rate of 72 L s-1
(highest peak flow in calibration for the Porsön catchment) to ±9.8% for a flow rate of
10 L s-1 (typical low flow value).
In addition, the values increased resp. decreased by close to 40% when the rainfall input
was increased resp. decreased by the same amount (results shown in paper III), showing
that the multipliers work as intended. These findings are however only true for the highresolution (HR) model. For the low-resolution (LR) model, there was considerable
variation in the multipliers in different calibration scenarios, indicating that they are
compensating for some other issue in the model or calibration process. Therefore, the
rainfall multipliers may be considered a more valuable approach in the HR model than
in the LR model. This was somewhat expected, as the multipliers are the only HR model
parameters that strongly affect the overall runoff volume. Dotto et al. (2014) found that
perturbations in rainfall data were compensated for in calibration by adjustments in the
size of the runoff contributing area, which was not calibrated in this thesis in favour of
using high-resolution land cover data.

5.4. Model structure
Although green areas are sometimes neglected or handled by very simplified methods in
urban drainage modelling studies, the results presented in §4.2 show that it may be a
significant component in all three models tested, depending on the soil type considered.
This indicates that green areas may not simply be neglected, confirming earlier work by
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Davidsen et al. (2018). This is also supported by the successful use of the two-stage
calibration (§4.6), which would not be expected to give any meaningful information in
the phase where green area parameters are calibrated, if these areas did not contribute
with any runoff. Runoff from green areas may be larger than found in this thesis, if soil
compaction has reduced the infiltration rate (e.g. Gregory et al., 2006; Pitt et al., 2008).
The differences between the models are large enough that they might have an effect on
the outcomes of urban drainage studies using them. These effects might be especially
relevant for forecasting studies (e.g. for the effect of urbanization or climate change
(demonstrated for models of natural catchments by Karlsson et al., 2016)), since it is not
possible to calibrate the models for future scenarios. Such studies should therefore
explicitly consider the choice of model as a source of uncertainty.
The initial conditions for rainfall events showed high variability, especially for SHE. This
shows that it is important to pay attention to the setting of initial conditions in eventbased simulations of green areas (as e.g. also shown for swales by Rujner et al. (2018)).
Only for clayey soils in SWMM is the inter-event variability small enough that it may be
ignored and the same conditions used for all simulated events. The frequent occurrence
of reduced infiltration capacity caused by initial wetness confirms similar findings for
Horton’s infiltration model (Davidsen et al., 2018).
The magnitude of the inter-event and inter-annual variation varied among the three
tested models. This variation also shows how often events with a certain amount of runoff
occur, i.e. the return intervals of runoff event. If modelled return intervals are used for
design or operation of green urban drainage systems, the choice of model may therefore
affect the design or operation. In addition, the different forms of the distribution plots of
the event percentage runoff (§4.3) could be an indication that different models might
have to make different trade-offs in model calibration: if the observed runoff from
multiple rainfall events shows a bimodal distribution it may be difficult to match this in
MOUSE (which shows unimodal distributions) and vice versa.

5.5. Calibration event selection
Rainfall-runoff events were ranked by different criteria to obtain the top six events for
use in different calibration scenarios, with calibration performance (NSE) varying from
0.68 to 0.85 among 14 calibration scenarios. Improving model performance (NSE) from
0.68 to 0.85 during calibration would be considered a significant improvement by most
modellers (e.g. Moriasi et al., 2007). The magnitude of the variation confirms earlier
findings that different events give varying calibration performance (Tscheikner-Gratl et
al., 2016). Calibration performance was good for most individual events, but for some
events with relatively low flow rates the NSE was quite low (0.4) despite the simulated
hydrograph providing a good visual match to the observations. This could be attributed
to a small timing error between the two hydrographs which is not accounted for in
traditional objective functions like NSE (§2.4 and Barco et al (2008)). This indicates that
the timing aspect of objective functions should be investigated in the future, although its
relevance depends on the model application: it will for example be more critical in realtime control applications than in seasonal water-balance studies. In the validation phase
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some events were successfully predicted by the calibrated models from all calibration
scenarios, while others were predicted successfully only by some. A smaller validation
data set might therefore have given a different picture of the validation performance, and
efforts should be made to use validation data sets containing a broad variety of events
(e.g. with different durations, peak flows, hydrograph shapes, time of year).
In addition to the variation in calibration and validation performance, there was also
considerable variation among the optimum parameter values obtained in different
calibration scenarios. Although the uncertainty of the parameter estimates was not
investigated, the variation in the optima suggests that the uncertainty may also depend
on the set of calibration events that was used, and this should be investigated further.

5.6. Two-stage calibration
The two-stage calibration showed generally good results in the validation phase, although
this did depend on the objective function considered. The two-stage, high-resolution
model had lower mean NSE than the single-stage, high-resolution model, but similar
performance in terms of total runoff volume and peak flow. These last two objectives are
not sensitive to any timing errors while the NSE is sensitive to timing errors. This
underlines the point from the previous section and from earlier reported studies (Barco
et al., 2008) that the timing aspect of objective functions should be investigated further.
There are some limitations to the two-stage calibration approach used in this thesis.
Firstly, it relies on estimating the percentage impervious area in the catchment, so lacking
or inaccurate land-cover information may limit the applicability of the approach.
Secondly, it relies on measuring the runoff as percentage of the rainfall during events so
inaccuracies in either measurement (§§2.1-2.2) may assign events to the ‘wrong’ set. If
events with no runoff from green areas are included in the second calibration stage (green
area parameters) this should not affect the results, as these events will not add wrong
information to the dataset, but merely not add useful information, so that the calibration
will rely on other events instead. (The calibration will, however, be computationally less
efficient.) If events with runoff from green areas are included in the first calibration stage
(impervious area parameters) then this may be compensated for by increasing runoff from
impervious areas, e.g. by reducing depression storage. It is also possible that this will be
compensated for by the rainfall multipliers instead. Although these limitations should be
investigated further, they did apparently not stand in the way of the application of the
approach to the current model and data set. This finding indicates that splitting the
calibration problem into a number of smaller problems can be a valuable tool in urban
drainage modelling. Other ways of making this split may also be worth investigating, e.g.
by using different (groups of) parameters to calibrate different hydrograph
points/properties, as has been done for models of natural catchments (e.g. Fenicia et al.,
2007; Gelleszun et al., 2017).

5.7. Soil water content
The results presented in paper II and §4.4 show that including SWC may provide
additional useful information when calibrating a high-resolution urban drainage model.
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However, these results are preliminary in nature and they therefore have some
limitations. First, the number of events used was limited and should be expanded to check
how general the conclusions are. Ideally, the experiments would be run for longer periods
with multiple rainfall events, but this may not be possible due to the high computational
demands of the model. Secondly, the model that was used for the calibration was a lowerresolution and run-time optimized version of one made by a consultant from the same
company that developed the model. Although issues of model resolution have been
investigated in terms of urban subcatchment generation (e.g. Krebs et al., 2014; Petrucci
and Bonhomme, 2014; Tscheikner-Gratl et al., 2016) and for resolutions typical of
distributed models in natural hydrology (e.g. Vázquez et al., 2002; Vázquez and Feyen,
2007), resolution effects in fully distributed models at this small scale have not yet been
investigated. Therefore the effect of the optimizations made to the model should be
further examined, since some of the detailed information used in the model setup is no
longer used in the optimized version. Alternatively, further work on optimizing the run
time of the original high-resolution model might make it feasible to perform the
simulations using this instead.

5.8. Model features
The SWMM model that was setup for paper III used small, heterogeneous
subcatchments. Although this approach is rather labour intensive, the experience from
working with this was that it simplified the process of delineating subcatchments and
selecting appropriate values for physical parameters (e.g. width, slope). This was because
physical parameters were easier to relate directly to the study area when they only
concerned a small subarea, e.g. it was easier to estimate the slope of single roofs and grass
areas than it would have been for a combined subcatchment containing both (see also
Krebs et al., 2014). The downside of this approach was that it required high-resolution
input data (in this case, aerial photographs and precise CAD drawings of land covers were
used). The amount of manual work involved in setting up the high-resolution model
may be reduced by automating (parts of) the process (e.g. Dongquan et al., 2009; Warsta
et al., 2017). The good performance of the high-resolution model in this thesis justifies
the effort to further develop such automated approaches to the model setup.
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6. Conclusions
The overall goal of this thesis was to contribute to the improved applicability and
reliability of models of green urban drainage systems. This was achieved by investigating
aspects of measurements, model structure, and calibration data selection, and included
testing two alternative calibration approaches. From these investigations the following
conclusions may be drawn.
Most urban drainage modelling studies rely on measurements of rainfall and catchment
outflow, so the uncertainty of those measurements deserves attention. The instruments
used in this thesis showed good performance under controlled tests, but measurement
errors were unavoidable. Limiting the scope of these in the field required regular
maintenance, cleaning, and calibration checks, as well as a suitable installation site. These
aspects should be carefully considered for both existing and new field sites. In addition,
the signal acquisition process needs to be considered, since the information gathered by
the instruments may not be used optimally if the measurement record is unnecessarily
undetailed or intermittent.
Model structure for green areas has a major impact on the outcome of modelling studies
for theoretically identical model setups. Three different models representing the same
synthetic catchments showed different patterns in the seasonal water balance, in rainfall
event initial conditions, in the magnitude and statistical distribution of event runoff, and
in how sensitive these aspects were to changes in soil type and soil depth. In addition, all
three models showed significant runoff from green areas (depending on the soil type and
soil depth considered), showing that green areas may not simply be ignored in urban
drainage modelling studies.
Initial results regarding the use of soil water content (SWC) observations in the calibration
of a high-resolution distributed model of an urban swale show that SWC may provide
additional information on some of the model parameters, and thereby offer additional
opportunities for model calibration. However, the effect that the inclusion of SWC has
on estimated parameter values and model predictive uncertainty varies depending on how
SWC is used in the setup of initial model conditions and in the evaluation of model
results.
The impact of different strategies for calibration event selection was investigated by using
different rainfall-runoff characteristics to select a set of six events that were then used to
calibrate a model of a green urban catchment. The performance in the calibration phase
varied as well as in an independent validation phase. Different validation events were
predicted with varying degrees of success by the different event selection strategies,
showing that the use of a small validation data set may give inaccurate conclusions. In
addition to using different event characteristics, calibration scenarios were tested that split
the calibration into two phases: first using events with little runoff to calibrate impervious
area parameters, then using events with more runoff to calibrate green area parameters.
Although these two-stage calibrations had similar calibration performance to their singlestage counterparts, they had better performance in terms of peak flow and flow volume
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in the validation phase. This was especially true when a low model resolution was used
instead of a high resolution.
The three different models used in this thesis differ in conceptual and practical aspects,
which may pose limits on or opportunities for the application of certain modelling
techniques. These should be considered when selecting the model to use for a study, or
they may be considered for future development of the models. The increasing availability
of high-resolution land cover information allows for estimating more model parameters
directly, but this does require models to support high-resolution setups with parameters
that represent physical properties. Model calibration can benefit from more readily
available computational capacity, but making use of this does require that models output
all relevant information in a format that can easily be read by computer programs.
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Key points:
•

Three storm water models react differently to changing soil type and depth and show varying
inter-annual and inter-event variation

•

All three models predict significant runoff from green areas, showing that green areas may
not be ignored in urban drainage modelling

•

Differences between models can influence the result of analyses or forecasts of urban
drainage system performance

Abstract
Mathematical storm water models are often used as tools for planning and analysis of urban
drainage systems, but the models’ inherent uncertainties need to be well understood to make
optimal use of them. One source of uncertainty that has received relatively little attention, especially
for the increasingly popular green areas as part of urban drainage systems, is the choice of the
mathematical model structure. This paper analyses the differences between three different widelyused models (SWMM, MIKE MOUSE and MIKE SHE) when simulating rainfall runoff from green areas
over a 26 year period. A wide range of eleven different soil types and six different soil depths was
used to investigate sensitivity of the models to changes in both. Important hydrological factors such
as seasonal runoff and evapotranspiration, the number of events that generated runoff, and the
initial conditions for rainfall events, varied strongly between the three models. MOUSE generated the
highest runoff volumes, while it was rather insensitive to changes in soil type and depth. MIKE SHE
was mainly sensitive to changes in soil type. SWMM, which generated the least runoff, was sensitive
to changes in both soil type and depth. Explanations for the observed differences were found in the
descriptions of the mathematical models. The differences in model outputs could significantly impact
the conclusions from design or analysis studies of urban drainage systems. The amount and
frequency of runoff from green areas in all three models indicates that green areas cannot be simply
ignored in urban drainage modelling studies.

Key words: model structure uncertainty, urban drainage, green areas, runoff, infiltration, storm
water models
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1. Introduction
Storm water management is a challenge for cities around the world that has traditionally been
addressed using pipe-based drainage networks. These networks are costly to construct and maintain
and may potentially exacerbate flooding and water quality issues downstream. One solution to these
problems is the use of green infrastructure, which manages storm water in a more natural way (see
e.g. Eckart et al., 2017; Fletcher et al., 2013). For effective and efficient design and operation it is
essential to be able to analyse and predict the performance of such green urban drainage systems.
This is often done using one of several simulation models available for urban drainage systems (see
e.g. Elliott and Trowsdale, 2007). Such models are always simplifications of reality, which results in
uncertainties associated with their use. Understanding the sources and describing the magnitudes of
these uncertainties is necessary if the models are to contribute to optimal management and design
of storm water systems (e.g. Deletic et al., 2012). A lack of understanding could lead to either overdimensioned, unnecessarily expensive drainage systems, or to under-dimensioned systems that lead
to increased frequency of flooding and cost of damage.
Uncertainties in urban drainage modelling arise from different sources that may be divided into three
groups: model input uncertainties, calibration uncertainties and model structure uncertainties
(Deletic et al., 2012). The uncertainties related to input data and the calibration process have been
studied to some extent, albeit more extensively for traditional pipe-based drainage systems than for
green infrastructure. Dotto et al. (2014) showed that calibration can to some extent compensate for
measurement errors. Following developments in natural hydrology, both informal and formal
mathematical methods for estimating parameter uncertainty have been applied in urban drainage
modelling (Dotto et al., 2012; Kleidorfer et al., 2009). Improvements to the calibration procedure
have been proposed based on higher-resolution input data (Krebs et al., 2014; Petrucci and
Bonhomme, 2014) or a more systematic way of distinguishing what parameter sets provide an
acceptable match between simulated and observed values in order to estimate parametric
uncertainty (Vezzaro et al., 2013).
Despite this growing body of research on urban drainage modelling, model structure uncertainty has
not received much attention. Although model results for green areas are sometimes compared (e.g.
infiltration models in Duan et al., 2011), most comparisons do not explicitly discuss the applied
model structures. A review by Elliott & Trowsdale (2007) describes mainly practical and technical
differences (in terms of model uses, temporal and spatial resolution, runoff generation, flow routing,
low-impact development facilities and user interface) between a number of common urban drainage
models, but does not consider the differences between their conceptual models (compare e.g. DHI,
2017a; Rossman and Huber, 2016). Understanding these differences and their implications is
valuable for two reasons. Firstly, they may be expected to give rise to differences in the results of
modelling studies, depending on which model is employed. It may be argued that models are usually
calibrated so that their output matches field measurements (typically storm water outflow from the
catchment), and that this will reduce or even eliminate the differences between their outcomes.
However, this argument fails to consider that different calibrated models may predict similar outflow
rates, while diverging in other aspects of the water balance (Kaleris and Langousis, 2016; Koch et al.,
2016). For urban drainage models specifically pipe leakage, infiltration and misconnections may also
affect the measured flow rates, and these issues cannot be identified from the outflow
2

measurements alone. Such divergence could lead to disagreeing outcomes if different models are
used to forecast the performance of urban drainage systems, for example to examine the differences
between different climate and/or development scenarios (see Karlsson et al. (2016) for an example
of this in a natural catchment). Secondly, model calibration is often performed by adjusting only a
subset of model parameters based on a sensitivity analysis. This analysis is traditionally performed
using one of the many experimental numerical techniques available, but it could also be informed
and be made less black box by an improved theoretical understanding of the ways in which different
parameters affect the model results.
The two reasons outlined above apply equally to models of traditional and green urban drainage
systems. One of the aims of the increasing use of green infrastructure is to locally retain and store
water for a longer time, so from a theoretical point of view models of such systems would also need
to include the slower, in-soil processes such as infiltration, groundwater recharge and
evapotranspiration (Fletcher et al., 2013; Salvadore et al., 2015). This was also demonstrated by
Davidsen et al. (2018), but they only modelled infiltration capacity using Horton’s equation and did
not consider the fate of the water after it had infiltrated. The effect of including a more complete
description of the in-soil processes (more similar to descriptions used in models of natural hydrologic
systems) on urban runoff processes at a fine temporal and spatial resolution has not been studied
extensively yet.
In addition to the theoretical considerations in the previous two paragraphs, there are also
experimental indications that model structure can play a significant role in urban drainage modelling
studies. For example, Fassman-Beck and Saleh (2018) found that the EPA Storm Water Management
Model (SWMM) has some counter-intuitive behaviour when modelling a bioretention system. For
green roof modelling in SWMM, e.g. Peng and Stovin (2017) found that the green roof module
requires further modifications., Leimgruber et al. (2018) found that water balance components were
insensitive to most parameters involved in the process (which could mean that the model structure is
unnecessarily complex), and Johannessen et al. (2019) raised concerns about large variability in
calibrated model parameters and their non-correspondence with material properties. Within runoff
quality modelling the validity of traditional build-up/wash-off models was shown to be limited to a
subset of cases (Bonhomme and Petrucci, 2017; Sandoval et al., 2018).
Considering the above, it is clear that model structure uncertainty has received relatively limited
attention in research on modelling green urban drainage, while there are indications that it could
have a considerable impact on modelling outcomes. Therefore this paper aims to further the
understanding of model structure uncertainties in urban drainage models that specifically address
green areas. The research questions in this paper are:
1. What impact does model structure have on the predicted runoff and evapotranspiration in
green plots with different soil textures and depths in the urban context?
2. How can the differences between conceptual model structures be linked to differences in
model results?
Answering these questions can ultimately contribute to better understanding and applicability of
urban drainage models for green infrastructure.
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2. Methods and data
2.1.Models
The three models used in this paper are the Storm Water Management Model (SWMM, version
5.1.011, U.S. Environmental Protection Agency), MOUSE RDII (hereafter simply ‘MOUSE’, release
2017, DHI - Danish Hydrologic Institute) and MIKE SHE (hereafter simply ‘SHE’, release 2017, DHI). A
brief description of the conceptual models is given below and in Figure 1, for full details see the
official documentation for each of the models. An overview of all model parameters may be found in
Table 1. SWMM and MOUSE are semi-distributed models, where the study area may be divided into
subcatchments of arbitrary shape and size. Parameter values are set for each subcatchment. SHE on
the other hand is a fully distributed model that uses a regular rectilinear grid to divide the study area
into a large number of cells, and parameter values may be different for each cell. All three models
contain three possible storages for each catchment: surface, unsaturated zone (UZ) and saturated
zone (SZ) storage. The ways in which water is moved between these three and out of the catchment
vary between the models.
SWMM (Rossman and Huber, 2016) conceptualizes each catchment as a single soil column that is
divided into an unsaturated and a saturated zone by a variable groundwater level. Overland flow is
described by Manning’s formula. For infiltration the Green-Ampt model (Green and Ampt, 1911) was
used (SWMM also supports the Horton and curve number methods). This model assumes that the
development of a saturated layer at the top of the soil is what limits infiltration after some time.
During dry periods the top layer restores some of its infiltration capacity, based on the saturated
hydraulic conductivity (Ksat). If rainfall occurs long enough after the previous rain (the exact time
depends on Ksat), the initial moisture deficit for the Green-Ampt calculation is set to the unsaturated
zone moisture content. Thus, the recovery of infiltration capacity is initially based only on Ksat, but
after enough time it is affected by evapotranspiration and percolation from the unsaturated to the
saturated zone as well. From the unsaturated zone water can percolate to the saturated zone (based
on soil moisture (θ) and the soil-specific parameters Ksat and hydraulic conductivity slope (HCO))
where it can become baseflow. For consistency with MOUSE a linear reservoir was used to describe
groundwater drainage. Evapotranspiration takes place first from water on the surface, and after this
is depleted from both the unsaturated and saturated zone simultaneously. The division between UZ
and SZ evapotranspiration is made according to a fixed factor. In this study, this factor was set based
on the root zone depth according to Shah et al. (2007). Their work provides values for the division of
evapotranspiration between the saturated and unsaturated zones based on groundwater depth.
Therefore, the average groundwater table from an initial SWMM run was used to obtain an estimate
of the upper zone evaporation factor (UEF). This was then iterated until no changes occurred
anymore in the average groundwater table.
In MOUSE each catchment consists of a root zone storage (with a fixed maximum capacity Lmax) and a
saturated zone which is described by the depth of the phreatic surface below the ground surface,
meaning that it is (theoretically) infinite in size. The surface storage is filled by rain and snowmelt
and emptied (slowly) by interflow. When surface water exceeds the maximum storage, the excess is
divided into overland flow, groundwater recharge and infiltration into the unsaturated zone. The size
of the first two of each of these three fluxes is determined by (i) a coefficient, (ii) the fraction of the
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root zone storage that is currently filled (L/Lmax) and (iii) a threshold value for the relative root zone
storage L/Lmax before each flow component starts. Overland flow is routed through two consecutive
identical linear reservoirs. Evapotranspiration is drawn from the surface first, and then from the
unsaturated zone. There is no percolation from the unsaturated to the saturated zone, but capillary
flux does take place the other way. The saturated zone acts as a linear reservoir generating
groundwater outflow. (DHI, 2017a)
Mike SHE combines a number of physically based methods to describe the hydrologic processes:
overland flow is described by the diffusive wave approximation of the Saint-Venant equations for 2D
shallow water flow, water movement in the unsaturated zone (including infiltration) by the 1D
Richards equation, and saturated zone flow by a 3D Darcy method. In this study we use the Van
Genuchten model for the hydraulic retention and conductivity curves and the groundwater level
was fixed at the bottom of the soil on the downhill boundary and excess groundwater allowed to
drain from the model there (DHI, 2017b).

Figure 1: Conceptual models and main governing equations for the three considered models. See Table 1 for source for
parameter values.
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2.2. Synthetic catchments
In order to examine how the different models react to changes in soil type and depth, the
simulations combined eleven different soil types (from the standard classification by the U.S.
Department of Agriculture) with six different depths (0.5, 1.0, … 3.0 m) for a total of 66 soil profiles.
The eleven soil types were numbered: 01sand, 02loamy_sand, 03sandy_loam, 04loam, 05silt_loam,
06sandy_clay_loam, 07clay_loam, 08silty_clay_loam, 09sandy_clay, 10silty_clay, 11clay. The soils are
numbered in order of decreasing hydraulic conductivity; however, it should be noted that not all
other soil hydrological properties follow the same pattern. The depth of the soil is appended when
referring to single soil profiles, e.g. 11clay_3.0 for the 3 m deep clay profile. Each soil profile is used
for one catchment that is 240 m x 240 m, covered with grass, and has a slope of 2% in one direction.
For each soil profile, parameters for all the models were set to typical values for the soils from
literature and based on the models’ official documentation (MOUSE: DHI, 2017a, SHE: 2017b;
SWMM: Rossman and Huber, 2016). The sources of the different parameter values are listed in Table
1, while the actual parameter values can be found in the supplementary information to this article.
Generic parameter values for the groundwater reservoirs were not available, so the parameter
values for SWMM and MOUSE were selected based on results from SHE. Starting with an empty
catchment, a SHE simulation for the saturated zone only was run with a constant rainfall rate and the
groundwater outflow rate was obtained for each soil type. The time constant of a linear reservoir
with the same rainfall input was then calibrated to this groundwater outflow data, and the resulting
reservoir constant was implemented in both SWMM and MOUSE. Although SWMM supports more
complex formulations of the groundwater reservoir, these were not used in order to maintain a
comparable setup in all three models.
In MOUSE, overland flow and groundwater recharge only take place if the relative root zone
moisture content L/Lmax is above a certain threshold value. The reference manual states that “the
threshold values should reflect the degree of spatial variability in the catchment characteristics, so
that a small homogeneous catchment is expected to have larger threshold values than a large
heterogeneous catchment” (DHI, 2017a). The catchments in this study are homogeneous, but setting
high values for the thresholds would result in soil moisture having no impact on infiltration capacity
until the soil is very wet, which we considered unrealistic. Instead, the threshold values were set at
0.2 for overland flow and 0.4 for groundwater recharge, so that (in a numerical experiment with
constant rainfall) the infiltration rate develops like in Horton’s infiltration model. In addition, MOUSE
contains two flow routing time constants (for overland flow and interflow respectively) that lack a
clear way of determining them except for by calibration. The overland flow constant was set so that
the end of runoff from MOUSE roughly matched that from SWMM for one rainfall event. The lack of
a clear physical basis in this approach means that the shape of the surface runoff hydrograph cannot
be compared directly. However, since only the runoff routing is affected (and not the runoff
generation), total runoff volumes can still be compared.
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Table 1: Sources for parameter values for all three models. The actual parameter values for all soil types and soil depths are
provided in the supporting information, since that table is impractically large for printed publication.

Group

Parameter(s)

Soil
properties

GreenAmpt
infiltration

Evapotranspiration
(evap)

Unsaturated zone

Used by
models

Source

Porosity (θsat) , wilting
point (θwp), field capacity
(θfc), saturated hydraulic
conductivity (Ksat),
suction head(Ψs)

All

Directly from Rawls et al (1983, 1982),

Conductivity slope (HCO)

SWMM

Directly from table 5-9 in Rossman and Huber (2016).

Van Genuchten’s α, n
and L

SHE

Fitted to data from Rawls et al. (1983); also using
Schaap et al. (2001)

Initial deficit (θdmax)

SWMM

Porosity - field capacity, i.e. the maximum empty
pore volume available when the soil cannot be
drained further by gravity.

Effective root depth (dr)

Indirectly:
SWMM,
MOUSE

Shah et al. (2007), grass land cover. Used for lower
evap depth (SWMM) and Lmax/Umax (MOUSE).

Lower evap depth (DEL
or DET)

SWMM

Smallest value of effective root depth and soil depth

Upper evap fraction (CET
or UEF)

SWMM

Fraction of subsurface evapotranspiration assigned
to unsaturated zone. Based on work on root depth
and extinction depth by Shah et al. (2007).

Root zone storage (Lmax)

MOUSE

Manning's coefficient

SWMM, SHE From table 3-5 in Rossman and Huber (2016)

Depression storage

SWMM,
SHE

Surface storage (Umax)

MOUSE

Lmax = (θfc - θwp) x dr (DHI, 2017a)

Surface storage in MOUSE is set to the same value as
depression storage in the other models; (Richards et
al., 2013; Rossman and Huber, 2016)

Surface

Flow
routing
time
constants
Thresholds

Overland coefficient
(CQOF)

MOUSE

TC overland flow (CKOF)

MOUSE

TC interflow (CKIF)

MOUSE

Threshold overland flow

MOUSE

Threshold groundwater
recharge

MOUSE

Based on recommendations from the model’s
developer (DHI, 2017a), extreme values were set for
shallowest and deepest sand and clay soils, then
other soil profiles were interpolated based on field
capacity and soil depth.

See explanation in text

See explanation in text
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2.3. Meteorological data
The precipitation input is a 26 year rain and snow record from Trondheim, Norway (5 minute
temporal resolution, 0.1mm tipping bucket, see Thorolfsson et al. (2003)). The potential
evapotranspiration (PET) was first calculated using the FAO Penman-Monteith (Allen et al., 1998)
formula with eleven years of radiation data from a different meteorological station located about 1
km away (MET Norway, 2018). A generalized formulation of Hargreaves’s equation (Almorox and
Grieser, 2015) was then calibrated to this PET using temperature data from the precipitation station.
The calibrated formula was then used to estimate PET for the entire simulation period based on
temperature from the precipitation station.

2.4. Simulation and analysis
The simulations were run as one continuous simulation from which the relevant results for different
time periods were extracted. The models are compared on both seasonal and event basis. Since the
focus of this article is on rain rather than snow it considers the typically snow-free period AprilOctober for seasonal comparisons. Rain events are defined with a minimum 3 hour antecedent dry
weather period (ADWP), as well as a total depth of at least 2mm and an average intensity of at least
0.01 mm/hr (Hernebring, 2006). The first three hours after the end of each rain event (i.e. up until
the earliest possible start of the next rainfall) are included in the analysis of the events. The first year
of the simulations was used as an initialization period and not included in the analysis.
In the event scale analysis, rainfall events that cause mass balance errors larger than 5% in at least
four soil profiles are excluded from the analysis. This is done since such errors would normally make
the simulation outcomes unacceptable, and typically the modeller would attempt to get rid of these
errors by changing computational settings such as the time step control. Given the length and the
number of the simulations carried out in this study, it was not feasible to reduce the size of the time
steps further. In order to not contaminate the results with known erroneous mass balances, these
needed to be excluded. It would be possible to exclude mass balances only for the soil profiles and
the events that have larger errors. However, this would mean that different soil profiles and models
employ different sets of events, making comparison between them inaccurate. Therefore the entire
rainfall event was excluded, if four or more soil profiles had a mass balance error of more than 5% in
any of the models. Events where only a limited number of soil profiles (maximum three) cause mass
balance error were included to avoid limiting the set of events too much.
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3. Results & discussion
3.1. Total available soil storage
A theoretical first result in this study was found by comparing the (theoretically) available soil storage
volumes in the different models, see Figure 2. For SWMM and SHE, the maximum storage is
calculated according to equation 1:
𝑆max = 𝑑(𝜃sat − 𝜃wp )
Where Smax is the maximum water storage capacity (mm), d the soil depth (mm), θsat (-) the saturated
soil water content (porosity) and θwp (-) the water content at wilting point. Here it is assumed that
soil water content will never drop below wilting point. For MOUSE, the maximum storage (mm) is
calculated according to equation 2:
𝑆max = max(𝑑, 𝑑𝑔 ) 𝑠𝑦 + 𝐿𝑚𝑎𝑥 = max(𝑑, 𝑑𝑔 ) 𝑠𝑦 + min(𝑑, 𝑑𝑟 ) (𝜃fc − 𝜃wp )
Where dg is the depth (mm) at which capillary flux from SZ to UZ equals 1 mm d-1, dr (mm) is the
effective root depth, sy (-) is the specific yield, and θfc (-) is the soil water content at field capacity,
and Lmax is the maximum root zone storage (mm) calculated according to the model’s reference
manual (DHI, 2017a). It should be noted that the root zone storage is not expected to empty
completely under moderate climate conditions, but since there is no clear minimum value of actual
root zone storage, the entire value of Lmax is included in the calculation of the total soil storage
capacity. Figure 2 shows that total storage capacity is usually larger in MOUSE for shallower soils, but
similar to SWMM/SHE for deeper soils. Silt loam has a larger storage capacity in MOUSE throughout,
which arises from the large difference between field capacity and wilting point for this soil. The
results in this section show that even at the model setup stage there may be significant differences
between the different models, although the magnitude of these is dependent on soil type and soil
depth.
There is of course uncertainty involved when estimating parameter values from the literature
without calibration. However, it should be noted that it is common practice to directly estimate
values for the parameters in the model and usually only a limited number of parameters is adjusted
in calibration. Even then, the calibration data may not provide enough information to infer the values
of all parameters. In that case, referring to literature values may be the only way to obtain an
estimate of the parameter value.
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Figure 2: Comparison of total available storage volume in the prepared models for MOUSE, SWMM and SHE for all
considered soil profiles. Different soil types have different colour lines. The bottom-left dot in each series is the 0.5m deep
soil, followed by the 1.0m deep soil and so on until the top-right dot representing the 3.0m deep profile.

3.2. Seasonal runoff
For all soil profiles, the average percentage surface runoff over the period April-October was largest
in MOUSE and smallest in SHE, except for some deeper soils where SWMM has the lowest runoff
(see Figure 3). The difference between models for the same soil profile reached up to 37 percent
points (11clay_3.0), which was larger than the range between different soil profiles in SHE (19 pp)
and SWMM (31 pp), with only MOUSE showing more variation between soil profiles (50 pp). The
sensitivity to changes in soil type (i.e. the change along the horizontal axis in Figure 3) was the
highest in MOUSE (although much of the change occurs in the first four soils) and the lowest in SHE.
The sensitivity to changes in soil depth (i.e. along the vertical axis in Figure 3) was largest in SWMM
and smallest in SHE. SWMM and SHE showed a larger change in annual percentage runoff when the
soil depth changed from 0.5m to 1.0 than MOUSE did. The pattern that is visible in the graph for
MOUSE is, as expected, similar to that of the Overland Coefficient (CQOF), see supplementary
material.
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Figure 3: Average seasonal (April-October) runoff as a percentage of rainfall (n = 25 seasons).

The cumulative distribution of seasonal (April-October) percentage runoff (25 seasons total) allows
for an examination of the inter-annual variation in runoff in the different models (see Figure 4).
MOUSE had the lowest variation between different years (i.e. the lines in the figure are close to
vertical), while the variation was similar for SWMM and SHE. For all models, the inter-annual
variation was larger in shallower soils than in deeper soils, but this effect was much weaker in
MOUSE than in the other two models. For all three models, soil types that generated little runoff had
less inter-annual variation as well. The inter-model variation between MOUSE and SWMM or SHE
was larger than the inter-annual variation in MOUSE. The large inter-model variation that exists could
have a significant impact on e.g. studies addressing the effects of climate change or the effects of
urbanization and green drainage infrastructure on urban water balances.
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Figure 4: Cumulative distribution plots of the seasonal percentage runoff (n = 25 seasons). Dotted vertical lines indicate the
average.

An explanation for the differences described above may be found in the approach to infiltration in
the different models. In MOUSE, whenever the root zone moisture content L/Lmax is above a certain
threshold and the surface storage is full, part of the precipitation becomes overland flow, based
upon the fixed coefficient CQOF and current moisture content L/Lmax. The surface storage has a
limited capacity (2.5 mm) and empties only slowly so it will be full relatively often. The emptying of
the root zone storage through evapotranspiration slows down as L/Lmax gets lower (see Figure 1),
and so it will only reach below the threshold in long, dry periods, which are rare in the climate of the
study site (see Figure 7). On the other hand, SWMM and SHE adjust the maximum infiltration rate
based on the moisture content of the top layer of the soil, and when this is exceeded surface runoff
is generated. In other words the different models predict different percentages surface runoff, since
they generate runoff in different circumstances: SWMM and SHE only generate runoff if rainfall
intensity is higher than infiltration capacity (which depends on the soil type and the wetness of the
top of the soil), whereas MOUSE will almost always generate at least some runoff in a rainfall event.
The higher inter-annual variation in SWMM and SHE can be linked to different explanations. Firstly,
as described earlier in this paragraph, the models are more sensitive to rainfall properties and initial
soil conditions, both of which may vary from year to year. Secondly, both SHE and SWMM divide the
fixed depth of the soil profile into UZ and SZ by the variable groundwater table, which reflects the
antecedent conditions on a relatively long time scale, and can therefore vary relatively strongly from
year to year. In MOUSE the UZ and SZ are less well connected, and the groundwater elevation will
only stop infiltration once it reaches the surface.

3.3. Seasonal evapotranspiration
Distribution plots of the annual percentage evapotranspiration are shown in Figure 5. SHE had higher
evapotranspiration than the other two models, even exceeding 100% of rainfall in some cases . This
may be attributed to water that is present in the soil after winter evaporating during the following
summer, i.e. the period analysed here. The absolute values for SHE were comparable to previously
reported modelled values for the same region (Engen-Skaugen et al., 2005). It should also be noted
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that the most important parameters influencing evapotranspiration in SHE have well-established
values (soil hydrological properties from Rawls et al. (1982); leaf-area index and root depth from the
model’s developer (DHI, 2017c)), and were therefore not considered a major source of uncertainty in
the model setup.
Of the other two models, SWMM had higher evapotranspiration than MOUSE, except for the deep
sandy soils. Both SHE and MOUSE were insensitive to changes in soil type (from left to right in Figure
5), but SWMM had higher evapotranspiration for clayey soils than for sandy soils. The same applied
for sensitivity to soil depth, with only SWMM showing increased evapotranspiration for shallower
soils. Although appearing counterintuitive, this may be explained by SWMM dividing
evapotranspiration by a fixed factor between the unsaturated and saturated zones.In this study this
factor was set based on root zone depth (sec. 2.1), which meant that a larger fraction of potential
evapotranspiration was assigned to the unsaturated zone in shallower soils. The actual
evapotranspiration from the unsaturated zone is equal to the apportioned part of the total, but
reduced (based on groundwater depth) for the saturated zone, thus increasing evapotranspiration
when the root zone covers a large part of the soil depth as is the case in shallow soils.

Figure 5: Cumulative distribution plots of the seasonal percentage evapotranspiration (n = 25 seasons). Dotted vertical lines
indicate the average.

A common goal of green infrastructure in urban drainage systems is to restore a more natural water
balance to the system, and hydrological models may be used to help assess this. The results in this
and the previous section show that, if models are used to help assess the water balance of a green
infrastructure system, different models may find different results. From a hydrological perspective it
is clear that this may influence the design of drainage systems. Beyond hydrology, evapotranspiration
also plays a role in urban microclimate, and increasing evapotranspiration through increased use of
green infrastructure may help reduce the urban heat island effect and its negative consequences (see
e.g. Arnfield, 2003; Gill et al., 2007). Information from hydrological models may help inform decisions
in urban planning processes, and the uncertainties in these models’ results should be well
understood to make optimal use of the information.
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3.4. Mass balance errors in rainfall events
Although not a primary objective of this study, avoiding mass balance errors is important in any
hydrological study and therefore a brief overview is included here. Figure 6 shows cumulative
distribution plots of the mass balance errors for all soil profiles and events. (Mass balance errors at
the seasonal scale were negligibly small and are therefore not presented here.) A mass balance errorfree model would show a vertical line at 0% event rainfall and mm, respectively, and it is clear from
the plots that this was not the case for any of the three models. SWMM had the smallest mass
balance errors and MOUSE the largest. In SWMM most errors were negative (i.e. outflows are larger
than inflows + changes in storage), while SHE and MOUSE had mostly positive errors (i.e. some of the
rainfall is unaccounted for in outflows and storage changes). As described in section 2.4, rainfall
events were excluded from the analysis if one of the models caused a mass balance error of more
than 5% for four or more soil profiles. In total, 1192 rainfall events (out of 2026 total) remained part
of the comparison. For the individual models, SHE would keep 1452 events, MOUSE 1623, and
SWMM 2005. This shows that the larger mass balance errors in MOUSE were concentrated in a more
limited number of rainfall events than in SHE. The differences in mass balance error behaviour mean
that the choice of one model rather than another can affect the computational aspects of modelling
studies in a significant way, and it cannot be assumed without checking that models are free of these
computational errors.

Figure 6: Cumulative distribution plots of mass balance errors for all simulated events and soil profiles.

3.5. Initial conditions for rainfall events
The distribution of UZ water content (relative to total soil pore volume for SHE and SWMM; relative
to maximum root zone storage for MOUSE) is shown in Figure 7. For SHE, it should be noted that soil
infiltration capacity depends on moisture content in the top layer of the soil, but average SWC in the
entire UZ is shown here in order to facilitate comparison with the other models. For SWMM, it is
possible that if the antecedent dry time of an event is relatively short, that the initial moisture used
in the Green-Ampt equation is not set equal to the value of UZ SWC, but comes from the GreenAmpt recovery calculation that followed the previous event. It is however not possible to obtain this
value from the SWMM output files. From the figure, it is clear that initial conditions were most
variable in SHE and least variable in SWMM. MOUSE was relatively insensitive to changes in both soil
type and depth, both SWMM and SHE were sensitive to soil type, and SHE was also somewhat
sensitive to soil depth. The higher variability and the presence of low values in SHE can be explained
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by the higher evapotranspiration (see section 3.3). The results in Figure 7 show that care needs to be
taken to determine appropriate initial conditions for simulations of green areas, especially when
using SHE or (to a lesser degree) MOUSE. Only for clayey soils in SWMM may it be considered
appropriate to use a standard value for different events.
These results support earlier findings that infiltration capacity for green areas may be reduced due to
initial soil wetness even for sandy soils (Davidsen et al., 2018). Using Horton’s equation for
infiltration, they found that initial infiltration capacity ranged from 45% to 100% of the maximum.
Although this number cannot be compared directly with the relative UZ SWC from our results, the
variations found here may be smaller or larger, depending on the model used.

Figure 7: Cumulative distribution plots of the relative unsaturated zone soil water content at the start of the historical
rainfall events (n = 1192 events). Dotted vertical lines indicate the average.

3.6. Number of rainfall events with runoff
Figure 8 shows the percentage of rainfall events that generate at least 1 mm of runoff for each soil
profile and model. This revealed the same patterns as with the seasonal percent runoff, i.e. MOUSE
had the largest number of runoff events and SWMM had the least. However, SWMM predicted more
runoff than SHE for shallow, clayey soils. SWMM was most sensitive to changes in soil type (ranging
from 1% of events for shallow sand to 56% for shallow clay), while MOUSE and SHE were sensitive to
changing soil type for the three sand soils, but only somewhat sensitive after. MOUSE was insensitive
to changes in soil depth (6-8% change between shallowest and deepest soil, except for sandy soils),
SHE was somewhat sensitive (up to 33%) but not for clay soils, and SWMM was most sensitive to
changes in soil depth (e.g. ca. 40% difference between deepest and shallowest soils). This last
observation was unexpected, since SWMM used the Green-Ampt model for infiltration where
infiltration capacity becomes limited as the very top layer of the soil gets wetter, and this would be
expected to give similar infiltration capacities (and therefore surface runoff) in shallow and deep
soils. Davidsen et al. (2018) found no runoff from sandy soils when simulating infiltration capacity,
but not the fate of infiltrated water (using Horton’s equation). Here we find that runoff does occur
for shallow, sandy soils, but less for deeper sandy soils, suggesting that the long-term storage of
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water in the saturated and unsaturated zones can lead to the generation of runoff as well. Our
findings in this section and in section 3.2 underline once more that green areas may contribute to
runoff in urban areas during many rainfall events, and cannot simply be ignored in studies of
catchment runoff. It should also be considered that actual runoff from urban green areas may be
even higher or more frequent if the soil is compacted (see e.g. Gregory et al., 2006; Muthanna et al.,
2018; Pitt et al., 2008).

Figure 8: Percentage of rainfall events (n = 1192 events) that generated at least 1 mm of runoff.

3.7. Runoff during rainfall events
Distribution plots for the event percentage runoff are shown in Figure 9. For most soil profiles
SWMM and SHE showed similar, bi-modal distributions, i.e. events tended to generate either less
than 10% or more than 60% runoff with relatively few events generating runoff between those
percentages. This effect was clearer for larger rainfall events (compare the upper and lower panel of
Figure 9). (Although the distributions for SHE and SWMM appeared similar, the standard two-sample
Kolmogorov-Smirnov test at the 95% significance level showed that they may not be considered
samples from the same distribution.) This behaviour was not present in MOUSE, where inter-event
variation was smaller except for sand soil. For rainfall events larger than 10 mm (lower panel in
Figure 9) there are no events where MOUSE does not predict any runoff (except for sandy soils),
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while SWMM and SHE predict some such events even for clay soils. The observations above may be
attributed to the mechanisms described in the section 3.2, i.e. the higher sensitivity of SWMM and
SHE to varying rainfall properties and initial conditions and the larger influence of the groundwater
table. In addition, the smaller inter-event variation in MOUSE can be explained by negative feedback
effects where water infiltrating into the root zone will increase the root zone storage L/Lmax, which
then lowers infiltration and groundwater recharge at the next time step.
In a design context, it is important to note that the differences in the distributions found here would
be expected to influence the return intervals of runoff events, and in that way lead to different
models resulting in different designs of urban drainage systems. In addition, this suggests that if the
distribution of observed event percentages runoff is similar to the unimodal distribution shown by
MOUSE it may be more difficult to match this in a multi-event calibration with SHE or SWMM and
vice versa.

Figure 9: Distribution plots of the percentage runoff for the simulated rainfall events (n = 1192 events).
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3.8. Sensitivity to rainfall intensity
The dependence of simulated surface runoff and rainfall intensity is visualized in Figure 10. For the
shallow sand soil SHE showed a group of events where surface runoff increased roughly linearly with
rainfall intensity, which did not exist for the other models. For clay soil two groups of events were
visible for SHE: one group with runoff of >75%, where runoff increases somewhat with increasing
rainfall intensity, and another group with less runoff, but also increasing for higher rainfall intensities.
For SWMM it was mainly the first group that was visible for the shallow clay soil and mainly the
second group that was visible for the deep clay soil. For MOUSE there was no clear dependence
between rainfall intensity and runoff, which may be attributed to the fact that MOUSE does not
feature a limited infiltration rate like SHE and SWMM do.

Figure 10: Relationship between rainfall intensity and surface runoff. Only events with at least 5mm of rain are
included. Deep sandy soil is not included in the plot since it showed no runoff for SWMM and SHE.
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4. Conclusions
The objective of this study was to examine the differences in model structure of three models
(SWMM, SHE and MOUSE) used for urban drainage and the impact that they have on simulation
outcomes. This comparison was made for 66 soil profiles, obtained by combining eleven different soil
types with six different soil depths. The differences found between the three different models are
described below.
On a seasonal scale, both the amount of runoff generated and the way this changes in response to
changing soil types and depths differs between the models. Differences between models are large
(e.g. up to 33 percent points for seasonal runoff for the same soil profile) compared to those
between different soil types. MOUSE generates much more runoff than the other two models.
Runoff in SHE and MOUSE is sensitive mainly to soil type, and not so much soil depth, while SWMM is
sensitive to both. Inter-annual variation is larger in SHE and SWMM than in MOUSE. Seasonal
evapotranspiration is much higher and shows more inter-annual variation in SHE than in the other
two models.
On an event basis, the same inter-model variation of runoff generation is seen as on the seasonal
scale, while inter-event variations are different. Both SWMM and SHE show bimodal distributions of
event percentage runoff, i.e. there is a large group of events with less than 10% runoff, a smaller
group with runoff of 60-100%, and very few events with intermediate percentages runoff. MOUSE on
the other hand has unimodal distributions, with fewer events generating no runoff, but also few
events generating more than 60% runoff and a considerable group of events with intermediate
runoff. There was considerable inter-event and inter-model variation in the initial conditions for
rainfall events. Especially SHE showed more inter-event variation than the other models. The
sensitivity to rainfall intensity for different soil types also varied between the three models.
The observed differences may be linked to differences in the model structures. In MOUSE, the
relative root zone moisture content L/Lmax influences most of the important processes (runoff
generation, infiltration, groundwater recharge). The effect of this is that negative feedback loops
exist, which reduce the sensitivity of the model output to variations in soil type, soil depth, and
meteorological conditions. In SWMM and SHE saturation of the top layer of the soil can limit the
maximum infiltration rate, making runoff generation more sensitive to rainfall characteristics and
increasing inter-event and inter-annual variation in the model outputs.
The main practical implications of these findings are that model structure should be considered as an
influential source of uncertainty in urban drainage modelling. The differences in the simulation
outcomes and the differences in the responses of the models to changes in soil type and depth are
large enough that they may have a significant impact on the outcome of various modelling studies.
In the special case of model forecasts (e.g. to study the impacts of climate change or changing land
use, where calibration is per definition impossible) the magnitude of the uncertainties arising from
model structure should be explicitly considered in the analysis. In addition, the results from this
paper underline once more that green areas may contribute significantly to runoff in urban areas
and should not simply be ignored.
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Even if models are first calibrated to observed data (e.g. runoff measurements), it cannot be
expected that their behaviour will be the same for the different components of the water balance or
in terms of inter-event or inter-annual variation. The differences that were observed in the
distribution of the event percentage runoff may also mean that different models may encounter
different challenges when calibrating them to multiple events, e.g. different trade-offs between the
different events might have to be made. Finally, the results from this paper show that different
models set up with the explicit goal of representing identical simple synthetic catchments may give
strongly differing results, and therefore it may not be meaningful to directly compare parameter
values between models.
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ABSTRACT
Fully distributed urban drainage models can be used to analyse and predict the behaviour of green
urban drainage infrastructure such as swales, but they need to be calibrated for specific study sites.
Using only drainage outflow measurements may not provide enough information to do this in an optimal
way, so additional types of measurements have to be considered. This study identifies different
approaches to including soil water content (SWC) observations in the calibration process and
investigates how they affect parameter identifiability and the predictive uncertainty of the calibrated
model. This is done using the Generalized Likelihood Uncertainty Estimation methodology applied to a
model of a large urban swale. It was found that setting initial conditions based on the SWC
measurements improved the fit between observed and simulated SWC, but also reduced the accuracy
of the simulated amount of infiltration. Including SWC observations allowed to identify one parameter
(saturated moisture content of the swale bottom) that was not identifiable from outflow measurements
alone. Including SWC observations in the derivation of predictive uncertainty bounds made those
bounds narrower (more precise), but where SWC had been used to set initial conditions the uncertainty
bound failed to capture the observations. It is concluded that SWC observations can provide useful
information for the calibration of distributed urban drainage models.

KEYWORDS
calibration, distributed models, parameter identifiability, predictive uncertainty, soil water content
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1

INTRODUCTION

Hydrologic models of urban drainage facilities such as swales may be used to analyse existing systems
or to predict their future performance, but using them usually requires calibrating them for a specific site.
Fully distributed (gridded) models can make use of high-resolution input data (e.g. elevation, land cover)
and can assign different values to parameters in each element (grid cell) of their domain. This allows
parameter values to represent actual physical properties in specific points, rather than averages over a
larger area. This physicality can be beneficial in predicting the effect of changes in the system. However,
it results in many parameters so that it may not be possible to calibrate them if only measurements of
drainage outflow are used. Using more measurements inside the study area may increase the available
information and ease the calibration process (Pokhrel and Gupta, 2011). One type of measurements
that can be made throughout the area are volumetric soil water content (SWC) observations. Such
observations have been used for calibrating natural catchment models (Christiaens and Feyen, 2002),
but it is unknown if this is also applicable to high-resolution models of urban drainage systems. There
are also different ways of using SWC observations in the calibration process. Therefore the goal of this
paper is to compare different ways of using SWC observations in the calibration process and the effects
that they may have on estimated parameter values and the uncertainty in the model predictions.

2
2.1

METHODS
Study site & hydrological model

The study site is a large swale that receives storm water runoff from an adjacent parking. Outflow from
the swale was measured using a flume and a pressure transducer. SWC was measured in 6 points
along the bottom of the swale and precipitation was measured with a tipping bucket rain gauge.
The hydrological model of the swale was made using the MIKE SHE (DHI, 2017) software package. The
complex nature of this model meant that runtime was ca. 40 minutes (for one specific rainfall event),
which is too long to be practical in calibration studies. Therefore the model was optimized for shorter
runtimes by lowering the spatial resolution and only simulating flow over the asphalt parking area once
and then using this as input for all further simulations. Additional improvements included removing local
single-cell depressions in the topography which accounted for a large part of the simulation runtime.
This reduced the runtime for the same event to ca. 10 seconds, making it suitable for systematic
calibration. These optimizations provide a clear practical advantage, and could also to some extent be
implemented automatically.

2.2

Approaches for using SWC observations

Different ways are available for using SWC observations alongside swale outflow measurements to infer
the values of model parameters. (It would also be possible to set the values of saturated and residual
moisture content directly from the SWC observations, but this was not considered in this initial study as
it would increase the number of model parameters used.) The alternatives considered in this paper are:


Within the MIKE SHE model used for this study it is possible to specify the initial SWC based on the
observations. The alternative to this is to let the model set the initial SWC based on an equilibrium
pressure profile where water content declines gradually from saturation at the groundwater table
with a minimum of either the field capacity or residual moisture content.



The development of simulated SWC throughout the event can be compared with the observed time
series for SWC, e.g. by using the Root Mean Squared Error (RMSE) summary statistic.



The difference between the SWC at the end and at the beginning of the event (ΔSWC) can be
determined for both observed and simulated values and can be seen as an indication of infiltration
into the soil.

To compare these options, simulations were first made using two different initial conditions (from
equilibrium and from observations). Then, the simulations were evaluated by comparing their time series
output for SWC, their predicted change in SWC and swale outflow with the corresponding observations.

2.3

Simulation approach

The calibration process in this paper used an extended GLUE methodology (Vezzaro et al., 2013) where
the model was run 11,550 times with randomly generated parameter sets (i.e. a Monte Carlo [MC]
approach). From the results of these runs, the interaction between different model parameters and
model performance (compared to field observations) was examined and predictions with uncertainty
2
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Figure 1: scatter plots showing the correlation between RMSE for SWC for sensor location 5 for a single rainfall
event. ‘Neutral peak’ means that the simulated peak flow rate was within ±2 l/s of the observed peak, with ‘high
peak’ and ‘low peak’ denoting simulated peaks more than 2 l/s higher respectively lower than observed. Note:
parameter sets resulting in zero outflow from the swale are not included in the figure.

estimates were made for swale outflow and SWC. To limit the number of calibration parameters in this
initial study, the model was divided into two zones: the bottom of the swale and the side slopes. Three
parameters (saturated moisture content θsat, saturated hydraulic conductivity Ksat and Manning’s M) were
calibrated for both zones, while detention storage was calibrated only for the swale bottom. For this
study, simulations were performed for individual rainfall-runoff events as a first step towards using longterm simulations in future work. Results shown below are for one event (selected because the low
groundwater level meant groundwater exfiltration into the swale did not affect the surface runoff), but
other events gave similar findings.

3

RESULTS

The general performance of the model is good, with the MC runs including parameter sets with NashSutcliffe Efficiency (NSE) > 0.7 for the swale outflow for the events where groundwater exfiltration into
the swale did not occur. Despite these good NSE values, visual comparison showed that (for the different
events and calibration setups) the simulated hydrographs were generally too ‘flashy’, i.e. with relatively
high, but narrow peaks compared to the observed data, which meant that flow volumes were
underestimated unless peak flow rates were overestimated. Setting the initial moisture content from the
observations lead to invalid starting conditions and failed model runs for 8% of the parameter sets
sampled. Three of the seven parameters (Ksat,slope and Mslope and Mbottom) showed a clear optimum value
for achieving the best match (in terms of NSE) between simulated and observed swale outflow, while
the other parameters were not identifiable from swale outflow alone.
The correlation between model parameters and goodness-of-fit for SWC depended on the initial
conditions used. Setting the initial SWC from the observations resulted in clear correlations (see figure
1 for an example) between RMSE of the SWC and the two model parameters Ksat,slope (which was also
identifiable by swale outflow) and θsat,bottom (not identifiable from swale outflow). For θsat,bottom two distinct
groups of parameter sets were visible where the sets predicting a too high peak outflow rate also gave
larger errors in SWC. Setting the initial SWC to an equilibrium condition showed no clear correlation
between SWC and Ksat,slope and did not show the two distinct groups in the scatter plot between SWC

Figure 2: histograms showing error statistics for all Monte Carlo runs using two different initial conditions for soil
moisture (different colour lines). SWC errors are shown for sensors furthest downstream and upstream.
3

SESSION

Figure 3: predictive uncertainty bounds (gray) along with observations and their estimated uncertainty (black) for
the swale outflow (l/s), using different initial conditions (columns) and ways of evaluating parameter sets (rows).

(lower RMSE) between observed and simulated SWC (as expected), but the errors in ΔSWC were larger
for three of the six SWC sensors (see figure 2), indicating larger errors in the amount of infiltration.
Concerning the predictive uncertainty, uncertainty bounds derived according to Vezzaro et al. (2013)
(considering only NSE of swale outflow) covered the observations well for both sets of initial conditions
(see top row in figure 3), although the uncertainty band was slightly narrower around the peak when
initial conditions were set to an equilibrium in the model. ΔSWC (calculated over the average SWC of
all six sensors) was included in the evaluation by weighing it equally to NSE of swale outflow after
rescaling both metrics so that they ranged from 0 to 1. For the case with fixed initial conditions the ΔSWC
inclusion made the uncertainty bound narrower, but less accurate, while for the equilibrium initial
conditions it made the uncertainty bound slightly narrower, but without losing accuracy.

4

CONCLUSIONS AND FUTURE WORK

For a high-resolution model of a swale, calibrations were performed for two different initial conditions
and two different ways of comparing simulated and observed soil water content (SWC). Fixing the initial
SWC based on the measurements gave better performance (than the model’s default initial SWC
equilibrium) when considering SWC observations as a time series, but weakened the identifiability
between SWC error and model parameters Ksat and θsat. It also resulted in larger errors in the change
of SWC (i.e. infiltration) during the event at three of the six sensor locations. The fixed initial conditions
resulted in a slightly more uncertain prediction for the peak flow. When including the change in SWC in
the evaluation of parameter sets to estimate predictive uncertainty, the fixed initial condition performed
clearly worse than the equilibrium initial condition.
The initial results presented here show that including SWC observations in the calibration procedure
can affect the inference of values for some parameters and that different ways of including SWC
observations have different effects on parameter identifiability and model predictive uncertainty. More
work is however needed to test these findings for longer term simulations.
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Abstract. Calibration of urban drainage models is typically performed based on a limited number of observed rainfall-runoff
events, which may be selected from a longer time-series of measurements in different ways. In this study, 14 single- and twostage strategies for selecting these events were tested for calibration of a SWMM model of a predominantly green urban area.
The event selection was considered in relation to other sources of uncertainty such as measurement uncertainties, objective
5

functions, and catchment discretization. Even though all 14 strategies resulted in successful model calibration, the difference
between the best and worst strategies reached 0.2 in Nash-Sutcliffe Efficiency (NSE) and the calibrated parameter values notably varied. Most, but not all, calibration strategies were robust to changes in objective function, perturbations in calibration
data and the use of a low spatial resolution model in the calibration phase. The various calibration strategies satisfactorily
predicted 7 to 13 out of 19 validation events. The two-stage strategies performed better than the single-stage strategies when

10

measuring performance using the Root Mean Square Error, flow volume error or peak flow error (but not using NSE); when
flow data in the calibration period had been perturbed by +-40%; and when using a lower model resolution. The two calibration
strategies that performed best in the validation period were two-stage strategies. The findings in this paper show that different
strategies for selecting calibration events may lead in some cases to different results for the validation period, and that calibrating impermeable and green area parameters in two separate steps may improve model performance in the validation period,

15

while also reducing the computational demand in the calibration phase.

Copyright statement. TEXT

1

Introduction

Calibration of generic urban drainage model codes is usually required to obtain a model representing an actual site with
sufficient accuracy. In the calibration process, the information contained in records of relevant variables, such as rainfall and
20

flow rates at the catchment outlet, is used for estimating model parameter values that produce results consistent with the data
(Mancipe-Munoz et al., 2014). It can be expected that the best parameter estimates will be obtained when they are inferred
from the largest amount of information, i.e. by using all data from a long series of measurements. However, the availability of
calibration data may be limited and the nature of the calibration process, by trial and error, requires model iterations for many
different parameter sets, which means that the runtime of the model has to be kept short and the length of the simulated periods
1

Hydrol. Earth Syst. Sci. Discuss., https://doi.org/10.5194/hess-2019-67
Manuscript under review for journal Hydrol. Earth Syst. Sci.
Discussion started: 8 March 2019
c Author(s) 2019. CC BY 4.0 License.

should be limited. Therefore, calibration may have to be performed on a limited number of rainfall events from a longer record.
As each of the available events will differ from the others, it can be expected that the choice of a specific event (or event set)
will influence the results of calibration (Tscheikner-Gratl et al., 2016).
Tscheikner-Gratl et al. (2016) studied such influence by calibrating water level in the outflow pipe of a catchment using ten
5

different rain events. They found that two of them could not be reproduced in calibration and the others, while successful in
calibration, could only predict up to six of the remaining events. When applying the calibrated models with design storms,
they found that the calibrated models predicted different flooding volumes. In calibration of combined sewer overflow (CSO)
volumes, Kleidorfer et al. (2009b) compared calibration results obtained for (i) the five longest duration events and (ii) the
five highest peak flow events, finding that using the longest duration events reduced the number of measurement sites required

10

for successful calibration. Schütze et al. (2002) demonstrated that calibration based on discrete events saved time compared
to calibrating for a complete time series, but also that this introduced additional uncertainty. Mourad et al. (2005) showed that
calibration of a stormwater quality model was sensitive to: (i) which randomly selected events were used, and (ii) how many
events were used.
While the above papers helped elucidate some aspects of the sensitivity of urban drainage model calibration to the calibration

15

events used, such findings possess some limitations: firstly, a limited number of generally available options for selecting
calibration events has been considered; secondly, the modelling focused on traditional urban drainage systems where generation
of runoff is dominated by impervious surfaces, but the current trend towards green urban drainage infrastructure creates the
need to pay more attention to runoff processes on green areas Fletcher et al. (2013).
The primary objective of the paper that follows is to advance the knowledge of calibration processes for green urban areas by

20

examining different strategies for calibration event selection and their effects on the performance of a calibrated hydrodynamic
model of a predominantly green urban catchment. Since uncertainties in urban drainage modelling arise from other sources as
well (Deletic et al., 2012), the calibration event selection is considered in relation to some of them.
2

Materials and methods

2.1
25

Study site and data

The study site is a 10.2 ha catchment in the city of Luleå, Sweden (see Figure 1). The catchment area comprises 63% of green
areas, 12% of impervious areas draining directly to the storm sewer system, and 25% of impervious areas draining to adjacent
green areas. The green areas include a number of vegetated swales that are connected to the storm sewer system at their lowest
point.
Precipitation was measured at 1-minute intervals with a Geonor T200B weighing-bucket precipitation gauge located outside

30

of the study catchment, about 500 and 1,000 metres from the nearest and furthest borders of the catchment, respectively (see
circles in Figure 1). The gauge was tested in the field and confirmed to work well twice a year in 2016 and 2017, and before
2016, such tests were also performed occasionally. Laboratory and field tests (by others) found this design of precipitation

2
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1 map catchment.png
Figure 1. Map of the studied catchment showing elements of the high-resolution rainfall-runoff model and the distance of the catchment to
the rain gauge (RG). The diameters of the pipes range from 400 mm for the main trunk where the flow sensor is located to 200 mm for the
smaller branches.

sensor to be a reliable instrument (Duchon, 2002; Lanza et al., 2010). Records were available for individual rain events in
2013-2015 and continuously for 2016 and 2017.
The flow rates in the storm sewer draining the catchment were performed, at 1-minute intervals, by means of an ISCO 2150
AV sensor (a combination of an acoustic Doppler velocimeter and a pressure transducer) installed in the catchment outlet
5

formed by a 400 mm diameter concrete sewer pipe. This type of sensor was assessed in the laboratory by Aguilar et al. (2016)
and found to have a combined uncertainty (consisting of bias, precision and benchmark uncertainty) of ±19.0 mm for the water
depth measurements (the test range was 10-150 mm) and ±0.0985 m/s for the velocity measurement (test range 0.1-0.6 m/s).
These tests were carried out in a 0.46 m wide square channel, so the stage-discharge relationship was different from the study
site described herein. It was also reported that the field performance of this type of sensors can suffer from the presence of too

10

few (Teledyne ISCO, 2010) or too many particles suspended in the water (Nord et al., 2014).
While the difficulties in estimating all the uncertainties at the actual field site prevented a precise determination of the
uncertainties’ magnitude, the general lab tests of the sensors used confirmed the acceptability of their records for the study
purpose. Finally, it was also confirmed by Dotto et al. (2014) that errors in the calibration data can be compensated for in the
calibration process.

15

The available precipitation record was divided into rainfall events with at least six hours without precipitation between them.
Events deemed suitable for use in calibration were selected using the following criteria:
1. A minimum total precipitation of 2 mm (Hernebring, 2006)
2. No or small gaps in rain and flow data , i.e. both have to be available for >90% of the event duration
3. Sufficient in-pipe water depths for the flow sensor to work reliably: >10 mm during at least 50% of the event and >25

20

mm at least once in the event, based on recommendations from the manufacturer (Teledyne ISCO, 2010).
3
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4. Peak flow >2 L s−1 , since relative measurement uncertainties are high below this point.
5. No snowfall or -melt, since these would introduce additional processes in the hydrological behaviour and model of the
catchment.
Calibration and validation periods were separated by using the 19 observed events from 2016 for the validation period,
5

and the 32 events from 2013-2015 and 2017 for the calibration period. In this way, all the calibration scenarios were tested
(validated) against the same dataset and no calibration scenarios could benefit from including calibration events that also
appeared in the validation set. The year 2016 was selected as the validation period for two reasons: it was the year with total
precipitation closest to the annual mean, and the measured data records were continuous.
2.2

10

Runoff model and calibration approach

The US EPA Storm Water Management Model (SWMM) was selected since it is a commonly used semi-distributed urban
drainage model and it allows to route runoff from one sub-catchment to another. This routing feature was needed since it allows
for a high-resolution model setup in which each subcatchment (146 were used in total) features a single land cover. The high
resolution input data needed for this approach was available in the form of GIS data, aerial photographs, and observations from
site visits. The advantage of these single land-use subcatchments is that their parameter values maintain their physical meaning

15

and can be calibrated (or appropriate values found in the literature) for each land use or cover. The traditional approach of
using larger subcatchments with multiple land uses/covers usually necessitates calibration to estimate the values of parameters
that then represent a weighted average value over multiple land uses/covers. Some spatial characteristics, such as the slope and
the width of subcatchments, can also be estimated more easily for smaller, uniform subcatchments. This approach has been
used successfully by e.g. Krebs et al. (2014, 2016), Petrucci and Bonhomme (2014) and Sun et al. (2014). Within SWMM the

20

Green-Ampt infiltration method was selected since it can be calibrated with just two parameters (Rossman, 2016).
Whenever feasible, parameters for the different subcatchments were set directly from the available GIS data and site visits,
i.e. the sizes and slopes of all subcatchments and sewer pipes, as well as the catchment widths of small and disconnected roofs.
For other subcatchments the catchment width was calibrated together with the other model parameters. To reduce the scope of
the calibration problem, parameters were grouped based on land cover, yielding a total of thirteen calibration parameters for

25

the hydrodynamic model. Parameter values were limited based on values reported in literature (see Table 1). The precipitation
gauge was situated a few hundred metres outside of the actual catchment, and may have provided a biased estimate of the
catchment rainfall. Therefore, a rainfall multiplier for each individual rainfall event was included in the calibration. This
approach has been used with satisfactory results e.g. by Datta and Bolisetti (2016), Fuentes-Andino et al. (2017, and Vrugt
et al. (2008), although it is limited by assuming a simple multiplicative difference between the gauge and catchment-average

30

rainfall, which is not necessarily the case (Del Giudice et al., 2016). The rainfall multipliers create a way of adjusting the
rainfall volume in the calibration so that the simulated runoff volume can better match the observed runoff volume. It is,
however, not possible to distinguish between deviations between rainfall at the gauge and the catchment-averaged rainfall,
errors in the rainfall measurement, and errors in the runoff measurement. A more traditional approach would be to calibrate
4
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Table 1. Calibration parameters and their ranges.
Parameter

Abbr.

Groups
Asphalt parking lots (AP)

20-200

Subcatchment width [m]

width

Grass areas (GR)

1-200

Swales (SW)

0-5

Subcatchment length [m]

Manning’s number [-]

Depression storage [mm]
Saturated hydraulic conductiv-

length

n

s

Range

Asphalt roadsa

0.5-5

Impervious surfaces (IMP)

0.005 – 0.015

Grass areas (GR)

0.1 – 0.5

Swales (SW)

0.1 – 0.5

Pipes

0.010 – 0.015

Impervious surfaces (IMP)

0 – 2.5

Grass areas (GR)b

0 – 20

Swales (SW)c

0 – 150
e

ksat

Grass areas (GR)

imd

Grass areas (GR)e

1 - 200

ity [mm hr-1]
Initial moisture deficit [-]
a

Reference

Physical dimensions of subcatchments

(Krebs et al., 2016; Rossman, 2016)

(Rujner et al., 2018)d
(Rawls et al., 1983)

0.10 – 0.35

In SWMM, the subcatchment width is an input, but in this group of subcatchments, the length (in the flow direction) showed more similarity among the subcatchments, so

it was calibrated instead of the width.
b

Includes vegetation and trees as well.

c

The maximum value was intentionally set high since the swales’ outlets are not always located exactly at the lowest points and the swales can be observed with larger

ponds after heavy rain events.
d

Field experiments on similar swales in the same city.

e

Used for both grass areas and swales.

the percentage of impervious areas, but in view of the availability of high-resolution land-cover information, it was preferred
to apply rainfall multipliers instead.
Green surfaces like those in the study area have a long hydrological memory for antecedent rainfall, and this had to be
accounted for in the simulations. Neglecting this memory would increase the risk of green areas allowing unrealistically high
5

infiltration in some rainfall events. Since SWMM does not allow for setting the initial values of state variables directly, such
adjustments can be done by choosing an appropriate warm-up period for modelling runs. When sufficiently long warm-up
periods are used, this approach offers an advantage consisting of treating the first rainfall/runoff peak of an event the same
as way as any following peaks, i.e., with initial conditions corresponding to a continuous simulation. The required length of
this warm-up period was estimated by finding the last time before each rainfall event when the study area was dry. This was

10

calculated for all rainfall events using the actual precipitation data and for various values for the maximum depression storage
and infiltration rate. The last antecedent time when the study area was dry was then used as the starting point of the warm-up
period. This lookup procedure was applied to every event for each iteration in the calibration process, so that all events were
treated the same way as in a continuous simulation.

5
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In the calibration process, the Shuffled Complex Evolution - University of Arizona algorithm (SCE-UA; Duan et al. (1994))
was used to estimate the optimal values of the parameters. The algorithm was selected because it is commonly used in hydrological studies and allows for parallel computing. The Python library SPOTPY (Houska et al., 2015), which includes this
algorithm, was used to carry out the entire calibration process.
5

2.3 Event selection
This paper investigates single- and two-stage calibration scenarios (CS), with each CS using six rainfall events. The single-stage
CSs used the six events with the highest values of a certain event characteristic, and calibrated all parameters simultaneously.
Two-stage calibration scenarios calibrated first the parameters related to impervious areas, using a set of three rainfall events,
followed by the pervious area parameters using another set of three rainfall events. Since only 12% of the total catchment

10

surface is impervious and connected directly to storm sewers, it was assumed that the events, for which runoff volume was less
than 12% of rainfall volume, produced runoff only from impervious areas. Therefore, these events were suitable for calibration
of impervious area parameters in the first stage of the calibration process. Following this step, events with more than 12%
runoff were assumed to also include runoff from green areas and were used to estimate pervious area parameters in the second
stage of the calibration. When calibrating the green area parameters, the parameters related to impervious areas were kept

15

fixed at their values from the first stage. This procedure splits the optimization problem into two smaller problems that have
fewer parameters and shorter run times. The smaller number of parameters (reduced dimensionality) can ease the search for
optimal parameter sets, while the shorter run time per iteration allows shortening the total time needed, increasing the number
of iterations used, or including more events in the calibration.
Characteristics related to the rainfall, flow depths and flow rates were calculated for each event. For the single-stage cali-

20

bration scenarios, the six highest ranking events for each characteristic were selected. For the two-stage calibration scenarios,
the three highest ranking events with less than 12% runoff were selected for the first stage and the three highest ranking events
with more than 12% runoff were selected for the second stage. To avoid making the comparison too large in scope, a limited
number of calibration scenarios (eight single-stage and six two-stage) was selected for use in this study. This selection was
made so that it included a range of different characteristics and avoided multiple CSs with the exact same set-up of events. The

25

names of the CSs consist of two or three elements:
– T6 (Top 6) for single-stage or T32S (Top 3 - 2 stages) for two-stage scenarios.
– The relevant event characteristic: precipitation (P), precipitation intensity (PI), runoff flow rate (Q), flow volume (QV),
or flow volume as percentage of rain QV_ppP, precipitation duration D_prec.
– The duration over which the characteristics were calculated: sum, mean and max refer to the whole event. 30 and 60 min

30

refer to the time interval used to calculate an average rainfall intensity or flow rate (i.e. the highest value found within the
event for a 30 or 60 minute moving average). Calculating rainfall intensities and average flow rates over these windows
rather than the entire event suppresses the effects of e.g. dry periods within events on such calculations.

6
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The calibration scenario N_T6 consists of the six events that were selected most often in other calibration scenarios with the
goal of obtaining a set of events that score highly on a variety of characteristics.
2.4 Other sources of uncertainty
Calibration data selection is not the only source of uncertainty in urban drainage modelling. Deletic et al. (2012) identify nine
5

sources: (1) input data, (2) model parameters, (3) calibration data measurements, (4) calibration data selection, (5) calibration
algorithm, (6) objective functions, (7) conceptualisation (e.g. discretization), (8) process equations and (9) numerical methods
and boundaries. As described above, calibration data selection is the focus of this paper, however, it should not be viewed in
isolation from the other sources listed above. Therefore, different strategies for selecting calibration events were considered in
relation to the other sources of uncertainty as discussed below.

10

Rainfall input uncertainty. Since the rain gauge is located outside of the catchment and the maintenance of the gauge was
carried out by different people, it is possible that there are structural errors in the rainfall measurements. This was investigated
by examining the rainfall multipliers that were included for each event in the calibration (see Sect. 2.2).
Parameter uncertainty. The uncertainty of urban drainage model parameter estimates has been investigated extensively
earlier, e.g., by Del Giudice et al. (2016), Dotto et al. (2009, 2011, 2012), Kleidorfer et al. (2009a) and Muleta et al. (2013).

15

Therefore, this issue is addressed herein just by comparing the parameter values obtained in different calibration scenarios.
Calibration data measurement uncertainties. Measurement uncertainties of flow rates in storm sewer pipes have been described by a number of researchers, e.g., Aguilar et al. (2016), Blake and Packman (2008), Bonakdari and Zinatizadeh (2011),
Heiner and Vermeyen (2012), Lepot et al. (2014), Maheepala et al. (2001). In this paper, structural flow measurement errors are
considered by testing calibration after reducing or increasing all flow observations by 40%. This value was chosen on the basis

20

of uncertainties reported by Aguilar et al. (2016) applied to the current outflow measurement location and is slightly higher
than the value of 30% used by Dotto et al. (2014) and Kleidorfer et al. (2009a). The flow data from the validation period was
not adjusted. Other researchers (e.g. ibid) also tested the effect of random errors; such effects and their thorough investigation
were deemed outside of the scope of this paper. However, it should be noted that the use of measured flow rates, implemented
in this study, involves the presence of random errors in the calibration data sets used.

25

Objective functions. The calibration process strives to find the optimal value of the specified objective function, so the choice
of such a function can be expected to affect the calibration results. This was addressed here by assessing all calibration scenarios
using both Nash-Sutcliffe model efficiency (NSE) and Root Mean Square Error (RMSE) as objective functions (see Sect. 2.5).
Conceptualisation / model discretization. The model code (SWMM) employed in this study has been widely used for many
years, with some improvements made to those parts of its conceptualisation that were deemed unsatisfactory. Therefore, it is

30

safe to assume that the SWMM conceptualization (Rossman, 2016) is appropriate for urban drainage modelling and there was
no need to consider this issue further. However, the choice of catchment discretization into the subcatchments in the model is
done, somewhat subjectively, by the modellers for individual studies: therefore, two levels of discretization were compared:
(i) the basic model set-up (the high-resolution model described in Sect. 2.2), and (ii) a simpler, more traditional set-up using
five subcatchments. In the latter case, each subcatchment was created by aggregating multiple smaller subcatchments from
7
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Table 2. Calibration parameters and their ranges for the low-resolution model.
Parameter

Abbr.

Groups

Range

Reference

Subcatchment width [m]

width

5 individual subcatchments

20 – 200

Physical dimensions of subcatchments

n

Impervious surfaces (IMP)

0.005 – 0.015

Pervious surfaces (GR)

0.1 – 0.5

Manning’s coefficient [-]

Pipes

0.010 – 0.015

Impervious surfaces (IMP)

0 – 2.5

Pervious surfaces (GR)

0 – 20

See footnote a

1-99

Saturated hydraulic conductivity [mm hr-1]ksat

Grass areas (GR)

1 - 200

Initial moisture deficit [-]

Grass areas (GR)

0.10 – 0.35

Depression storage

s

Percentage runoff routed from impervi-

(Krebs et al., 2016; Rossman, 2016)

ous to pervious (%)

a

imd

(Rawls et al., 1983)

For two subcatchments the percentage routed was estimated at 0% and 100% respectively. A single percentage was calibrated and shared by the three remaining subcatchments.

the high-resolution model. The area and percentage imperviousness of each aggregated subcatchment were calculated from
its constituent smaller catchments. The calibration parameters were modified accordingly, as shown in Table 2, with the total
number of calibration parameters (including rainfall multipliers) being the same.
Sources of uncertainty not considered. The calibration algorithm used in this study (SCE-UA) has been widely applied in
5

hydrological applications with great success, so there was no need to subject it to scrutiny in this paper. Similarly, since SWMM
is a well-established mature model, there was no need to examine the equations, numerical methods and boundaries used in
the model.
2.5

Objective functions

Each calibration scenario was run with two different objective functions, of which values were first calculated for individual
10

events and the average of those values for the whole scenario served as the target for optimization. The objective function used
for all except one calibrations was the Nash-Sutcliffe model efficiency:

NSE = 1 −

1
n
1
n

Pn
(Si − Oi )2
Pi=1
n
2
i=1 (Oi − Ō)

(1)

Where O denotes observed values and S simulated values. The NSE measures the variance of the model errors (the numerator) as a fraction of the variance of the observations (the denominator). This fraction is then scaled so that it extends from
15

–infinity (i.e., the worst possible fit) via 0 (the score that would be achieved by using the average of observations) to 1, for a
perfect fit. The NSE is dimensionless, so it allows comparing runoff events of different magnitudes. However, when the vari-

8
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ance of the observations is small (e.g. for small runoff events), it can become quite sensitive to small changes in the simulated
hydrograph. To examine the impact of different objective functions, one calibration used Root Mean Square Error (RMSE):
v
u n
u1 X
(Si − Oi )2
RMSE = t
n i=1

(2)

RMSE has the same units as the observations (in this case L s−1 for the flow rate). For further assessment of the modelled

5

hydrographs, two metrics related to the peak flow and the hydrograph volume were used. The peak flow ratio (PFR) was defined
as the ratio of the highest simulated to the highest observed flow rates, regardless of the times when they occurred:

PFR =

max Si
max Oi

(3)

Where values >1 indicate overestimated simulated peak flows and values <1 indicate underestimated simulated peak flows.
Finally, the relative volume error (VE) considers total flow volumes throughout the event:

10

VE =

Pn

i=1 (Si − Oi )
Pn
1
i=1 Si
n

(4)

It is positive when the simulated total flow volume exceeds the observed one and vice versa. Note that the above formula is
only valid if the observation interval is constant.
The quick response of the studied catchment means that low flow rates may cover a significant part of the event. Measurements in this range have relatively high uncertainties and may be considered less relevant than periods with higher flows.
15

Therefore, it should be avoided that low flows dominate the analysis, which was achieved by including only time steps with
observed flow rates >1 L s−1 in calculating these metrics.
3 Results and discussion
3.1 Calibration performance
3.1.1 Baseline calibration

20

The baseline calibration (i.e. with NSE as objective function, using the high resolution model without flow data perturbations)
was successful for all calibration scenarios, with average NSE for all events ranging from 0.68 to 0.85 (see Table 3). The
lowest NSE corresponded to the two CSs based on the percentage runoff (T6_QV_ppP and T32S_QV_ppP). This result can
be attributed to one event (see Figure 2), for which both CSs resulted in simulated hydrographs with low NSE, in spite of a
visually good fit of the observed data. In this case, low NSE resulted from a small timing error and from low flow rates in

25

the event, which lead to a low variance of the observations and, therefore, an NSE that is more sensitive to small simulation
9
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Table 3. Calibration results.
Baseline
(objective function: NSE)

RMSE as obj. func.

Structural flow errors
NSE, low
Ranka

Criterion

NSE*

RMSE

NSE

RMSE*

NSE; flow -40% *

NSE; flow +40% *

resolution

N_T6

0.80

3.24

0.80

3.27

0.77

0.76

0.84

3

model*

a

T6_D_prec

0.74

1.61

0.78

1.50

0.72

0.69

0.81

8

T6_P_sum

0.75

2.22

0.75

2.27

0.65

0.62

0.75

10

T6_PI_30m

0.74

4.23

0.73

4.22

0.72

0.72

0.74

13

T6_PI_mean

0.77

3.90

0.76

3.89

0.63

0.72

0.77

11

T6_Q_60m

0.79

4.12

0.78

4.12

0.77

0.77

0.81

7

T6_Q_max

0.85

3.55

0.85

3.54

0.82

0.84

0.86

1

T6_QV_ppP

0.68

2.78

0.65

2.52

-0.10

0.65

0.65

14

T32S_D_prec

0.76

1.54

0.77

1.62

0.82

0.72

0.84

2

T32S_P_sum

0.83

2.70

0.83

2.62

0.76

0.82

0.68

5

T32S_PI_mean

0.83

3.37

0.80

3.48

0.73

0.78

0.78

6

T32S_Q_60m

0.79

3.52

0.81

3.39

0.73

0.76

0.73

9

T32S_Q_max

0.82

3.68

0.82

3.40

0.78

0.83

0.80

3

T32S_QV_ppP

0.70

2.35

0.65

1.95

0.62

0.73

0.67

11

CSs were ranked by each column marked with an asterisk *. The overall ranking is based on the sum of these per-column rankings.

errors. For the two-stage calibration scenarios, the individual stages also produced successful calibrations (stage 1 NSE 0.70 –
0.87, stage 2 NSE 0.78-0.87), except for the second stage in T32S_QV_ppP for the reasons explained above. The NSE for the
individual calibration events in the different calibration scenarios is similar to that reported by Krebs et al. (2013).
5

Across the different calibration scenarios and events, the most common source of error was flow underestimation, with
respect to both the total flow volume (see Figure 3, left panel) and the peak flow (see Figure 3, right panel). Volume errors for
individual events were large in some cases (ranging from 35% underestimation to 30% overestimation), but the average VE for
each calibration scenario was limited to underestimation by 1-11%. The magnitudes of the peak flow and volume errors are
comparable to those found in previous studies on calibration of SWMM (Barco et al., 2008; Krebs et al., 2016).

10

3.1.2

Sensitivity to objective functions

The differences between calibrations using NSE and RMSE as objective functions were small (see Table 3), with the largest
differences being 0.05 (NSE) and 0.4 (RMSE) for T32S_QV_ppP. For three calibration scenarios the NSE calibration found a
better RMSE than the RMSE calibration and for four CSs the RMSE calibration found a better NSE than the NSE calibration.
10
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Figure 2. Examples of hydrographs for events with high (left) and low (right) objective function (NSE) values.
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Figure 3. Histograms of peak flow ratios (left) and volume errors (right) for all individual events in all calibration scenarios.

This indicates that the algorithm does in some cases find a local rather than a global optimum. However, the differences between
them are small.
3.1.3 Sensitivity to model discretization
Calibration runs with a model setup consisting of five instead of 140 subcatchments showed NSE similar to that of the baseline
5

run: the change in performance ranged from +0.08 (T32S_D_prec) to -0.06 (T32S_Q_60m), with only T32S_P_sum showing
a larger loss of 0.15. The peak flows predicted by the low-resolution models were most often lower than in the high-resolution
model and as a result, peak flow ratios were worse. Overall runoff volume was higher in the low-resolution models, which
resulted in a smaller volume error. The changes in peak flow performance were smaller than reported by Krebs et al. (2016),
but the changes in NSE and volume errors were comparable.

11
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Figure 4. Calibrated hydrographs for T6_QV_ppP in the baseline run (left) and after reducing all flow measurements by 40% (right).

3.1.4 Sensitivity to structural flow measurement errors
Calibration results (NSE) are shown in Table 3 3 for the cases of structural flow data errors of -40% and +40%. For most
calibration scenarios there was a small loss in NSE, except for T6_QV_ppP, which failed to calibrate with an NSE of -0.1
when the flow data was reduced by 40%. Three of the events in that scenario calibrated well (NSE 0.76 – 0.95), but the other
5

three produced negative NSE values. These latter three events all missed the first runoff peak; for two of these events the quality
of fit, judged visually, was the same as in the baseline run, but since the flow rates were low, the NSE values were unsatisfactory
(see Figure 4 for an example). T6_PI_mean included one event, for which the reduction of flow observations by 40% resulted
in a hydrograph where large parts fell below the 1 L s−1 threshold. Except for the events described above, the flow errors could
be compensated for in calibration. This issue is influenced by the use of rainfall multipliers as discussed in Sect. 3.2.2.

10

3.2
3.2.1

Calibrated parameter values
Hydrologic model parameters

Figure 5 shows the calibrated parameter values (for the baseline run), normalized with respect to their calibration ranges (see
Table 1). There is considerable variation among the calibrated values obtained in different calibration scenarios, demonstrating
that even for parameters with a clear physical interpretation, identification of the best (ideal) value is not straightforward.
15

Gupta et al. (1998) also found considerable variation in the parameter values obtained when using different years as calibration
periods for a natural catchment model. Nonetheless, the span of parameter values is considerably reduced compared to the
range imposed during calibration, showing that the boundaries were not set too tightly and that the calibration procedure does
offer benefits over estimating parameter values directly.
Calibrated parameter values are always uncertain estimates. This uncertainty has been investigated for urban drainage models

20

and shown to be dependent on parameter type, study catchments, model structures, catchment discretization and measurement
12
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Figure 5. Normalized calibrated parameter values for different calibration scenarios and the baseline run. The highest and lowest values
found for each parameter are indicated.

errors (Dotto et al., 2009, 2011, 2014; Kleidorfer et al., 2009a; Sun et al., 2014). The variation found here among the optimum
parameter values obtained in different calibration scenarios suggests that the selection of calibration events could also affect
the uncertainty of parameter estimates and this influence should be investigated further.
3.2.2 Rainfall multipliers
5

The values of rainfall multipliers found in the calibration process ranged from 0.48 to 2.92, showing that there could be
significant measurement errors (in precipitation and/or flow) and/or differences between the gauge rainfall and the catchment
average rainfall fitting best with the observed flow rates. For rainfall events that were included in multiple calibration scenarios,
the calibrated multipliers from different scenarios were close to each other (see Table 4). This variation is much smaller than that
for the hydrological model parameters (see Sect. 3.2.1). This indicates that the rainfall multipliers compensate for discrepancies

10

between the observed and best-fitting rainfall, rather than for other aspects of catchment runoff modelling. The average value
of the rainfall multipliers across all events is 1.2.
When all flow data was decreased by 40%, prior to calibration, the different CSs remained in agreement with each other,
except for T6_QV_ppP, which failed in this run. The average rainfall multiplier across all events was 0.76 (i.e., 37% lower than
in the run without any perturbation of flow data). When all flow data was scaled up by 40%, T32S_P_sum and T32S_Q_max

15

produced deviating multipliers (compared to the other calibration scenarios) for three events each, but the quality of fit was
the same across all CSs (according to both the NSE and visual comparison). The average value of the multipliers across all
events was 1.59 (i.e., 33% higher than in the baseline run). This finding suggests that the rainfall multipliers were responsible

13
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Table 4. Baseline run calibrated rainfall multipliers for events that were used in at least three CSs.
↓ Criterion

Event→

1

2

3

4

5

T6_P_sum

6

7

1.4

T6_PI_mean
T6_PI_30m

0.7

0.7

1.5

1.0

1.1

0.7

1.5

1.1

1.1

T6_Q_max

1.5

T6_Q_60m

1.5

8

9

1.1
1.1

1.3
1.5

T32S_PI_mean

0.8

T32S_P_sum

0.7

T32S_Q_max

0.7

T32S_Q_60m

0.7

T32S_QV_ppP
T32S_D_prec

0.7

1.5

1.3

1.1
1.0

1.6
1.3

2.0

1.7

1.3

1.2

2.1

1.6

1.9

1.6

1.5

1.1
1.0

1.3
0.7

1.2

1.3

1.5
1.5

1.6
2.0

1.1

1.6

1.2

1.2

1.7
1.7

1.2
1.3

1.5
0.7

1.4

1.1

1.5

12
1.4

1.4

1.3

N_T6

11
1.7

1.3

T6_QV_ppP
T6_D_prec

10

1.3

1.9
1.4

1.7

1.5

for much (if not all) of the model adjustment to the perturbed flow data. In this respect, the average multiplier of 1.2 in the
baseline run suggests that there was some structural disagreement between the observed rainfall and flows.
With the low-resolution model, in contrast to the high-resolution model, there was considerable variation in the values of
the rainfall multipliers for each event found by the different calibration scenarios, see Figure 6. The values obtained were 25%
5

lower to 50% higher (for the same event in the same calibration scenario) than in the baseline calibration. Three of the lowresolution two-stage calibrations (T32S_D_prec, T32S_Q_60m, T32S_Q_max) found lower multipliers than in the baseline,
T32S_QV_ppP had three higher and three lower multipliers and other CSs had all higher multipliers. This behaviour indicates
that (despite similar resulting performance) the rainfall multipliers in the LR-model were used to compensate (within a single
event) for the effects of the specific parameter set found in calibration, rather than to compensate for a structural discrepancy

10

between the observed rainfall and flow data as in the baseline calibration.
3.3
3.3.1

Validation performance
Individual events

The successful calibrations predicted 7-13 out of the 19 validation events satisfactorily (NSE >0.5), see Table 5. The two-stage
calibration scenarios were less sensitive to perturbations of the flow data in the calibration period and to switching from the high
15

resolution to the low-resolution model. T32S_P_sum, T32S_Q_max, and T32S_QV_ppP actually predicted a higher number
of events satisfactorily with the low-resolution model than with the calibrated high resolution model.
14
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6 rainfall multis.png
Figure 6. Rainfall multipliers in baseline calibration (horizontal axis) compared to the LR-model calibration (vertical axis). Each dot is a
rainfall multiplier calibrated by one calibration scenario for one event. Identical events appearing in multiple calibration scenarios share the
same colour.
Table 5. Number of validation events with NSE >0.5 out of 19 total events.
Baseline

a

RMSE as obj. func.

Cal. flow -40%

Cal. flow +40%

Low-res. model

Total

N_T6

12

12

10

8

7

49

T6_D_prec

11

12

9

9

6

47

T6_P_sum

11

11

9

9

8

48

T6_PI_30m

9

9

9

9

9

45

T6_PI_mean

10

10

6

12

6

44

T6_Q_60m

8

8

9

9

6

40

T6_Q_max

12

11

9

11

10

53

T6_QV_ppP

12

11

7a

9

10

42

T32S_D_prec

12

12

12

12

10

58

T32S_P_sum

10

12

9

10

13

54

T32S_PI_mean

13

12

12

12

13

62

T32S_Q_60m

10

10

9

9

10

48

T32S_Q_max

11

12

8

10

12

53

T32S_QV_ppP

11

11

12

10

12

56

Run was unsuccessful in calibration

The events that most often caused failure in validation were four events with peak flow rates of 10 L s−1 or less, and
therefore, such failures may be attributed to: (i) relatively high measurement uncertainties, and (ii) high sensitivity of the NSE
to even small changes in the hydrographs. However, it should be noted that the two smallest events (both with a peak flow rate
15
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of 4.6 L s−1 ) were predicted with NSE>0.5 by some calibration scenarios. For the other CSs, examination of the hydrographs
showed that they predict well the magnitude of events, but produce wrong timing.
Another event that failed in validation for all CSs was that with the highest peak flow rate (53 L s−1 ), which was overestimated by a factor of up to three. This event was dominated by an intense, single-peak burst of rainfall, so it could have suffered
5

from high spatial variation of the rainfall.
The volume errors were similar for all high-resolution calibrated models and showed a general tendency to underestimate
flow volumes by 25%. When using the low-resolution model, the single-stage CSs underestimated runoff volume by around
40%, while two-stage scenarios underestimated it by a maximum of 27%. Across all CSs, two-stage versions had similar or
better performance in terms of total runoff volume. Peak flow ratios were <1 for most events, but for the events that generally

10

did poorly in validation (see above) peak flows (as well as flow volumes) were over predicted instead. The results for both total
volumes and peak flows indicate that for most events flows were underestimated, which may be (at least partially) attributed to
the discrepancies between observed rainfall and flow found in the calibration phase (see Sect. 3.2.2).
The peak flow ratios obtained for the 19 validation events using the calibrated models from the baseline are shown in the
upper panel of Figure 7. Underestimation of peak flows was most frequent, but the largest errors occured when the flow was

15

overestimated. The variation among CSs was generally larger when the prediction error was larger. The corresponding figure
for volume errors is shown in the middle panel of Figure 7. Again, underestimation was more common, but overestimation did
occur for a limited number of events. For both peak flows and total volumes, the variation among events was generally larger
than the variation among different calibration scenarios, showing that selecting a limited number of validation events may also
influence the results of the model evaluation.

20

When examining the NSE of the validation events (see the bottom panel of Figure 7), more variation among the different
CSs became visible, although the amount of variation was still event-dependent: inter-CS variation for the same events varies
from 0.15 to 1.25. This shows that some events can have a much larger impact on the overall validation results than others. Out
of the 19 events, 6 were predicted satisfactorily (NSE>0.5) by some CSs but not by others; 5 events failed for all CSs, and 8
were predicted satisfactorily by all CSs.

25

3.3.2

Overall performance

To assess the overall performance of different calibration scenarios for the validation period, several ways of combining the
individual events were considered (see Table 6). The simplest metric is obtained by using the NSE means, which ranged from
0.13 (T6_PI_30m) to 0.42 (T32S_QV_ppP). There are two problems with this metric: First, since NSE ranges from negative
infinity to plus one, one poorly fitting event can offset multiple well-fitting events. Second, two simulated hydrographs of
30

equally poor fit can have rather different (negative) NSE values, producing different impacts on the overall results, which is not
justified by a visual comparison. Therefore, this mean metric is not considered a reliable metric for comparisons, when poorly
fitting events are present.
The exclusion of low flow (<10 L s−1 peak) events avoids this issue, but does not reward calibration scenarios that do
manage to predict these events satisfactorily. Another option is to set all NSE values <-1 to -1 before calculating the mean,
16

Volume…error

Peak…flow…ratio

Hydrol. Earth Syst. Sci. Discuss., https://doi.org/10.5194/hess-2019-67
Manuscript under review for journal Hydrol. Earth Syst. Sci.
Discussion started: 8 March 2019
c Author(s) 2019. CC BY 4.0 License.

2.0
1.5
1.0
0.5
1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

1

2

3

4

5
6
7
8
9 10 11 12 13 14 15 16 17 18
Validation…events,…in…order…of…increasing…peak…flow

19

0.50
0.25
0.00
0.25
0.50

NSE

1.0

0.5

0.0

7 error stats validation events b.pdf

T6_P_sum
T6_PI_mean
T6_PI_30m

T6_Q_max
T6_Q_60m
T6_QV_ppP

T6_D_prec
N_T6
T32S_PI_mean

T32S_P_sum
T32S_Q_max
T32S_Q_60m

T32S_QV_ppP
T32S_D_prec

Figure 7. Error statistics for individual validation events for all calibration scenarios in the baseline runs.

which results in NSE ranging from 0.29 to 0.47. Adoption of the median NSEs (insensitive to outliers) lead to a higher range
of 0.43 to 0.61, showing that the average or overall validation performance depends more on the outlier events than on typical
events.
A more commonly used approach is to combine all the events into a single time series prior to calculating the NSE on the
5

joint time series. This procedure indicated satisfactory performance for all CSs (NSE 0.57 – 0.70). The discussion of various
metrics shows that caution is needed when averaging performance over multiple events, as metrics may not reflect the fact that
a significant number of events is poorly predicted in all CSs (see Table 5).
The considerations in the previous paragraph concern the NSE and are not necessarily applicable to other statistics in the
same way. The RMSE is calculated in flow units (L s−1 ) and tends towards larger values for larger events, even if the fit is

10

visually better. Because of this taking the mean across events is somewhat conceptually unsatisfactory, but the resulting values
differ from the RMSE calculated on a joint time series only by an offset that is almost the same for all CSs. Therefore, all
CSs show the same relative performance. The volume error (VE) was included in this study to yield some indication of the
overall difference between the modelled and observed runoff volumes over longer time periods. Therefore, this statistic was
summarized over all events using the joint time-series approach.

15

To obtain an overall ranking of the different CSs in the baseline run, they were ranked by five characteristics (see Table 6)
and then the sum of the individual ranks was taken. This shows that the two-stage CSs performed better in the validation period
than the single-stage CSs.
17
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Table 6. Summarized performance for all 19 validation events for the baseline run (no flow data errors, NSE used as the objective function

PFR mean

VE joint

RMSE joint

# NSE >0.5

# NSE <0

NSE joint

NSE median

NSE mean1

Criterion

NSE mean

in calibration, high resolution model).

N_T6

0.33

0.45

0.58

0.65

2

12

3.54

-0.24

0.91

T6_D_prec

0.34

0.43

0.56

0.64

2

11

3.58

-0.25

0.91

T6_P_sum

0.39

0.45

0.60

0.66

2

12

3.50

-0.23

0.91

T6_PI_30m

0.13

0.29

0.49

0.57

5

9

3.90

-0.24

0.98

T6_PI_mean

0.18

0.33

0.51

0.59

4

10

3.81

-0.24

0.96

T6_Q_60m

0.37

0.37

0.43

0.60

3

8

3.76

-0.29

0.81
0.92

T6_Q_max

0.34

0.44

0.58

0.65

2

12

3.53

-0.24

T6_QV_ppP

0.36

0.47

0.58

0.67

2

12

3.46

-0.24

0.90

T32S_D_prec

0.22

0.34

0.61

0.70

4

12

3.27

-0.02

1.00

T32S_P_sum

0.19

0.34

0.56

0.68

5

10

3.36

-0.15

0.99

T32S_PI_mean

0.26

0.44

0.59

0.70

2

13

3.27

-0.16

1.00

T32S_Q_60m

0.26

0.33

0.53

0.68

4

10

3.41

-0.13

0.99

T32S_Q_max

0.31

0.34

0.53

0.67

4

11

3.41

-0.13

0.96

T32S_QV_ppP

0.42

0.46

0.58

0.65

2

11

3.52

-0.26

0.87

3.3.3 Sensitivity to the objective function
For most calibration scenarios, the models that were calibrated with different objective functions (NSE in the baseline run,
RMSE in the alternative) retained a similar performance in the validation phase. However, there are differences for some of the
two-stage CSs, see Table 7 for a description and Figure 8 for an example.
5

3.3.4 Low-resolution model
The effect of the low-resolution model depended on the calibration scenario considered, see Table 8. Some scenarios scored
better in terms of NSE (gains of up to 0.17 and 3 events predicted with NSE >0.5), while others lost performance by the same
metrics (up to 0.24 and 5 events). This is a more mixed result than that found by Krebs et al. (2016), who tested high- and lowresolution models of three catchments and found the high-resolution models to perform better in validation for all three. All but

10

one of the two-stage scenarios predicted more events satisfactorily with the low-resolution model than with the high-resolution
model.
The volume errors were twelve to nineteen percent points higher for the single-stage calibration scenarios. The two-stage
scenarios showed both worsened performance (T32S_P_sum, T32S_PI_mean) and improved performance (T32S_Q_60m and
18
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Table 7. Effects of calibration with RMSE as the objective function instead of NSE.
Objective function
Criterion

NSE
NSE Mean

a

# NSE >0.5

RMSE
b

NSE Meana

# NSE >0.5 b

Visual hydrograph
comparison

N_T6

0.45

12

0.45

12

About the same for both objective functions

T6_D_prec

0.43

11

0.47

12

The same

T6_P_sum

0.45

12

0.45

11

The same

T6_PI_30m

0.29

9

0.31

9

The same

T6_PI_mean

0.33

10

0.34

10

The same

T6_Q_60m

0.37

8

0.35

8

The same

T6_Q_max

0.44

12

0.43

11

The same

T6_QV_ppP

0.47

12

0.40

11

The same

T32S_D_prec

0.34

12

0.44

12

RMSE leads to lower flow rates.

T32S_P_sum

0.34

10

0.36

12

The same

T32S_PI_mean

0.44

13

0.40

12

The same

T32S_Q_60m

0.33

10

0.37

10

RMSE leads to higher flow rates initially, but

T32S_Q_max

0.34

11

0.40

12

RMSE leads to flow rates that are higher ini-

T32S_QV_ppP

0.46

11

0.35

11

The same

then the same
tially, but the same or lower later in the event.

a

calculated after setting individual event values <-1 to -1.

b

number of validation events (19 total) with NSE >0.5

T32S_Q_max, T32S_QV_ppP). When comparing the hydrographs from the two different model discretizations per event, the
high-resolution model usually performed better. However, for the last three CSs mentioned, the low-resolution performed better
compared to the other CSs. For T32S_Q_60m and T32S_Q_max, the low-resolution model predicted the observed hydrographs
better for most validation events. These three calibration scenarios were also the only ones where the low-resolution model
5

resulted in lower values for the calibrated rainfall multipliers.
3.3.5 Sensitivity to structural flow errors
The introduction of structural flow measurement errors in the calibration data had little effect on performance in the validation
phase. Although there were some changes in the overall NSE values, volume errors and peak flow ratios were almost the
same for the baseline and disturbed flow data runs. For T6_D_prec, T6_P_sum, T6_Q_60m, and T6_QV_ppP, runoff started

10

later in the validation event when calibration flow data was increased by 40%, but this had a limited influence on the overall
performance metrics (NSE, VE and PFR). Only T6_PI_mean was more sensitive to reducing calibration flow data by 40%.
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Figure 8. Examples of hydrographs showing typical (left panel, N_T6) and differing (right panel, T32S_D_prec) behaviour when calibrated
for different objective functions.
Table 8. Comparison of the high resolution (HR) and low resolution (LR) models during the validation period. Bold font indicates the best
value.

a

NSE mean a

# events NSE >0.5

Volume error

Visual comparison per event

Criterion

HR

LR

HR

HR

LR

HR better

LR

LR
better

N_T6

0.45

0.21

12

7

-0.24

-0.43

17

2

T6_D_prec

0.43

0.34

11

6

-0.25

-0.44

15

4

T6_P_sum

0.45

0.22

12

8

-0.23

-0.38

16

3

T6_PI_30m

0.29

0.43

9

9

-0.24

-0.34

14

5

T6_PI_mean

0.33

0.38

10

6

-0.24

-0.43

15

4

T6_Q_60m

0.37

0.29

8

6

-0.29

-0.46

16

3

T6_Q_max

0.44

0.49

12

10

-0.24

-0.36

14

5

T6_QV_ppP

0.47

0.37

12

10

-0.24

-0.40

15

4

T32S_D_prec

0.34

0.38

12

10

-0.02

-0.05

15

4

T32S_P_sum

0.34

0.51

10

13

-0.15

-0.27

15

4

T32S_PI_mean

0.44

0.46

13

13

-0.16

-0.22

14

5

T32S_Q_60m

0.33

0.28

10

10

-0.13

-0.04

8

11

T32S_Q_max

0.34

0.33

11

12

-0.13

-0.07

7

12

T32S_QV_ppP

0.46

0.46

11

12

-0.26

-0.18

12

7

calculated after setting individual event values <-1 to -1.
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9 loss of val performance.png
Figure 9. Loss of performance (NSE) when switching from calibration to validation

This resulted in lower flows (and therefore better fits) in validation events for the five events that caused problems for most
other CSs (i.e. the four lowest and the single highest peak flow rate(s), see Sect. 3.3.1).
3.3.6 Overall ranking for validation
For an overall ranking of the different calibration scenarios in the validation period the baseline runs were ranked by each of
5

the following statistics: mean NSE (limited to -1), number of events with NSE >0.5, RMSE (calculated over the joint time
series of all events), volume error (see RMSE), and mean peak flow ratio. The ranks for each characteristic were then summed
to obtain an overall ranking, see Table 9. T32S_PI_mean and T32S_D_prec performed best, with T6_PI_30m and T6_Q_60m
bringing up the rear.
3.4 Degradation of performance from calibration to validation

10

In calibration, the NSE for the different calibration scenarios ranged from 0.68 to 0.85, while in validation it ranged from
0.29 to 0.47 Table 9. The CSs that did better in calibration lost more performance when switching to the validation period,
see figure 9. Considering the change in overall rank from calibration to validation, the two-stage scenarios showed smaller
changes then the single-stage scenarios. Several scenarios showed large gains (+10 for T6_QV_ppP, +7 for T6_P_sum, +5
for T32S_PI_mean) while the largest losses were smaller (-7 for T6_Q_60m, -6 for T6_Q_max). The findings in this Sect.

15

demonstrate that good calibration performance is not necessarily indicative of good validation performance and vice versa, and
therefore validation should be performed, if at all possible.
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Table 9. degradation of performance when switching from the calibration to the validation period
Criterion

Calibration NSE

Validation NSE mean

Change

Rank in calibration

Rank in validation

Change

N_T6

0.80

0.45

-0.35

3

7

-4
-3

T6_D_prec

0.74

0.43

-0.31

8

11

T6_P_sum

0.75

0.45

-0.30

10

3

+7

T6_PI_30m

0.74

0.29

-0.45

13

13

0

T6_PI_mean

0.77

0.33

-0.44

11

12

-1

T6_Q_60m

0.79

0.37

-0.42

7

14

-7
-6

T6_Q_max

0.85

0.44

-0.41

1

7

T6_QV_ppP

0.68

0.47

-0.21

14

4

+10

T32S_D_prec

0.76

0.34

-0.42

2

2

0

T32S_P_sum

0.83

0.34

-0.49

5

6

-1

T32S_PI_mean

0.83

0.44

-0.39

6

1

+5
+2

T32S_Q_60m

0.79

0.33

-0.46

9

7

T32S_Q_max

0.82

0.34

-0.48

3

4

-1

T32S_QV_ppP

0.70

0.46

-0.24

11

10

+1

3.5 Single-stage vs. two-stage calibrations
For those selection criteria, for which both single and two-stage calibrations were performed, the results of the two options
were compared directly (see Table 10). In terms of NSE and volume error, the two-stage calibrations performed better than the
single-stage calibrations, except for Q_max. In terms of peak flow ratio the results were mixed. For D_prec and PI_mean the
5

two-stage variant outperformed the single-stage across all metrics, for Q_max the single-stage variant performed better and for
other CSs the results depended on the metric used. In validation the differences between single and two-stage calibration were
less pronounced, see Table 11. In terms of NSE, the single-stage calibrations performed better, but they had the same number
of satisfactorily predicted events as the two-stage calibrations. In terms of RMSE, VE and PFR the two-stage calibrations
performed better, except for QV_ppP. This is also the only criterion where all metrics indicated the same, i.e. that the single-

10

stage calibration had better results in the validation period.
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Table 10. Comparison of single and two-stage calibration strategies in the calibration phase. The highest score for each selection criterion is
highlighted.
NSE

NSE

VE

VE

PFR

single-stage

two-stage

single-stage

two-stage

single-stage

two-stage

D_prec

0.74

0.76

-0.09

-0.02

0.95

0.97

P_sum

0.75

0.83

-0.07

-0.03

1.07

0.90

PI_mean

0.77

0.83

-0.04

-0.03

0.90

0.96

Q_60m

0.79

0.79

-0.09

-0.04

0.91

0.98

Q_max

0.85

0.82

-0.03

-0.06

0.89

0.86

QV_ppP

0.68

0.70

-0.11

-0.06

0.89

0.85

Criterion
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Table 11. Comparison of single and two-stage strategies in the validation phase. The highest score for each selection criterion is highlighted.
Criterion

a

NSEa

NSEa

# NSE

# NSE

RMSE

RMSE

VE

VE

PFR

PFR

single-

two

>0.5

>0.5

joint

joint

joint

joint

mean

mean

stage

stage

single-

two-

single-

two

single-

two

single-

two

stage

stage

stage

stage

stage

stage

stage

stage
1.00

D_prec

0.41

0.34

11

12

3.62

3.27

-0.25

-0.02

0.92

P_sum

0.44

0.34

12

10

3.54

3.36

-0.23

-0.15

0.92

0.99

PI_mean

0.33

0.44

10

13

3.81

3.27

-0.24

-0.16

0.96

1.00

Q_60m

0.37

0.33

8

10

3.76

3.41

-0.29

-0.13

0.81

0.99

Q_max

0.44

0.34

12

11

3.53

3.41

-0.24

-0.13

0.92

0.96

QV_ppP

0.47

0.46

12

11

3.46

4.52

-0.24

-0.26

0.90

0.87

calculated after setting individual event values <-1 to -1.

4 Conclusions
The objective of this study was to compare different strategies for the selection of calibration events for a hydrodynamic model
of a predominantly green urban area. Calibration strategies consisted of single- and two stage calibrations and considered a
number of different metrics by which calibration events can be selected from a larger group of candidate events. Calibration
5

strategies were tested with two different objective functions, on data sets with structural flow data errors, and with high and
low spatial resolution models.
In the baseline run (high resolution model, Nash-Sutcliffe as objective function, no structural flow data errors), all calibration
scenarios produced successful calibrations, albeit with varying performance: NSE values ranged from 0.68 to 0.85. For the twostage calibrations, both stages gave satisfactory results (NSE 0.70-0.87). The two-stage calibrations performed better than their

10

single-stage counterparts in terms of NSE and runoff volume error. The choice of NSE or RMSE as the objective function had
only a small impact on the results.
The robustness of the calibration scenarios to structural flow errors was tested by calibrating them after uniformly reducing
or increasing all flow observations by 40%. Most calibration scenarios were able to adjust to this with only small effects on the
calibration performance, except for T6_QV_ppP (six events with highest percentage runoff), which failed in calibration (NSE

15

-0.1) when flow data was reduced by 40%. This can be attributed to two low-flow events, which produced negative NSE values,
even though they visually indicated a good fit.
Switching from a high-resolution to a low-resolution model discretization has only a small impact on calibration performance
metrics. However, the values of the rainfall multipliers for each event show much more variation than with the high-resolution
models. Most high-resolution calibration models find higher values for the multipliers, but three two-stage CSs find lower

20

values instead.
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The calibrated scenarios were validated against an independent set of 19 validation events. All calibrated scenarios predicted
7 to 13 of these events satisfactorily (NSE >0.5). A group of four events with peak flow rates of less than 10 L s−1 caused
problems in most calibration scenarios, as did the event with the highest observed peak flow rate. Although most calibration
scenarios yielded similar results for the validation events with respect to the overall volume error and the ratio between the
5

modelled and observed peak flow rates, there were considerable differences between the CSs when performance for the validation events was measured by NSE. In terms of NSE the single-stage CSs proved more successful in the validation phase, but
for RMSE, volume error and peak flow error the two-stage CSs performed better.
In the validation phase, there were again (as in the calibration) only small differences between the two considered objective functions. Concerning model discretization, the low-resolution single-stage calibration scenarios show significantly larger

10

volume errors than their high-resolution counterparts, while most two-stage calibration scenarios show either the same or even
improved volume errors. Two two-stage CSs (that also deviated from the others in terms of the calibrated rainfall multipliers)
were also the only ones to obtain visually better fitting hydrographs with the low-resolution model setup than with the highresolution model setup. Two-stage calibrations also predicted more validation events satisfactorily when the calibration flow
data was perturbed.

15

An overall ranking of the different scenarios across the different influential factors (objective function, flow data errors,
model discretization) showed that T6_Q_max, T32S_D_prec and N_T6 performed the best in calibration. However, in the
validation phase this order was changed considerably with T32S_PI_mean, T32S_D_prec and T6_P_sum forming the top
three. The ranking of the two-stage scenarios was more consistent between calibration and validation than that of the singlestage scenarios.
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