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Abstract  

Rainfall estimates of high accuracy and resolution are required for urban drainage 

modelling, given the high imperviousness, small size and fast response of urban 

catchments. Despite significant progress in rainfall measurement in recent decades, the 

resolution and accuracy of the rainfall estimates typically available from national 

meteorological services are still insufficient for urban drainage modelling. Moreover, 

the actual rainfall resolution requirements for these applications are not sufficiently 

understood. 

The first aim of this thesis is to identify critical rainfall input resolution requirements 

for urban drainage modelling. To this end, a multi-storm, multi-catchment analysis is 

conducted on the impact of rainfall input resolution on urban stormwater modelling 

results. Minimum temporal resolutions of 5 min and of cumulative nature, and spatial 

resolutions of 1 km are found to be required for urban drainage modelling applications. 

The second aim of this thesis is to provide guidance on the application of radar-rain 

gauge merging techniques at urban scales, so that merged rainfall products which meet 

urban drainage modelling accuracy and resolution requirements can be obtained. Three 

merging techniques, namely Mean Field Bias (MFB) adjustment, kriging with external 

(KED) and Bayesian (BAY) combination, are selected for testing on grounds of 

performance and common use. They are tested as they were originally formulated and 

in combination with two novel treatments identified as having the potential to improve 

merging applicability for urban hydrology. These are reduction of temporal sampling 

errors in radar estimates through temporal interpolation, and singularity 

decomposition of radar estimates prior to merging. All merging methods improve the 

applicability of radar estimates to urban drainage modelling. Overall, KED displays the 

best performance, with BAY a close second and MFB providing the smallest benefits. 

The two special treatments under consideration further improve the overall merging 

performance at the spatial-temporal resolutions required for urban drainage modelling. 
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1. Introduction 

The aim of this thesis is to advance our understanding and improve the quality of 

rainfall estimates for urban drainage modelling applications. This will ultimately 

improve the representation of urban runoff processes which is essential for the 

implementation of effective and efficient urban stormwater management strategies.  

In this first chapter the need for good quality rainfall estimates for urban drainage 

modelling is highlighted and the challenges associated to obtaining these are discussed. 

A brief overview is then provided of the work done in this direction until now and of the 

outstanding challenges and research questions. Based upon it, the specific objectives of 

this research are identified. This chapter finishes with an overview of the structure and 

contents of the dissertation.  

1.1. Background to this research and motivation 

Adequate management of stormwater in cities is essential to protect people and 

infrastructure from flooding, preserve the quality of receiving water bodies, and make 

best use of available water resources. Unceasingly increasing urbanisation and the 

observed and foreseen effects of climate change make efficient urban stormwater 

management more imperative and challenging than ever (Yazdanfar & Sharma, 2015). 

More than half of the world’s population currently resides in cities and urbanisation is 

projected to continue increasing (UN, 2014). This poses extraordinary pressure on 

urban water resources and systems, and exacerbates the occurrence and impacts of 

water-related disasters such as floods and droughts (Konrad, 2003; Parliament Office of 

Science and Technology, 2007; Smith & Petley, 2009; OECD, 2014). The situation is 

worsened by climate change, which has caused an increase in the frequency and 

magnitude of extreme climate events; a trend that is expected to continue (IPPC, 2001, 

2012). In the specific case of intense storms, observational evidence indicates that their 
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frequency and severity have increased over the last decades in the UK (Lloyd's 

Emerging Risk Team, 2010) as well as in many other places around the world, especially 

in mid- and high latitudes of the Northern Hemisphere (IPPC, 2001). Moreover, climate 

projections predict a further increase in this direction (Meehl et al., 2000; IPPC, 2001; 

Defra, 2012; HR Wallingford Ltd., 2012; IPPC, 2012). This is likely to increase the 

frequency and magnitude of rainfall-induced floods in cities (Kundzewicz et al., 2013), 

which already have the potential to affect ~2 million people in UK urban areas (Houston 

et al., 2011) and are estimated to cost over £270 million a year in England and Wales 

(Parliament Office of Science and Technology, 2007).  

In response to these challenges, legislation and plans for efficient management of 

stormwater in cities have been put into place (e.g. European Parliament (2000, 2007); 

UK Parliament (2010)). A central part of the implementation of these plans are reliable 

urban stormwater drainage models, which can accurately represent urban runoff 

processes and allow analysing the performance of the urban drainage system under 

different conditions, thus enabling better informed decision making.  

Rainfall estimates are the main input for urban stormwater drainage models and the 

uncertainty associated to them often dominates the overall uncertainty in urban runoff 

estimates (Smith et al., 2007; Willems, 2008; Golding, 2009; Schellart et al., 2012; Del 

Giudice et al., 2013). Urban catchments are characterised by being relatively small (as 

compared to river basins), highly spatially-variable and impervious. Thus, they react 

quickly to rainfall (i.e. runoff thresholds are low and concentration times are short) and 

are very sensitive to the spatial and temporal variability of precipitation (Aronica & 

Cannarozzo, 2000; Syed et al., 2003; Segond et al., 2007; Villarini et al., 2010). As a 

result, urban hydrological applications generally require high-quality rainfall estimates, 

both in terms of resolution and accuracy. Amongst urban hydrological applications, the 

one with the most stringent rainfall data requirements is urban drainage modelling, 

which entails detailed simulation of runoff flows in urban drainage systems, including in 

the underground sewer system and/or in the overland drainage system (Schilling, 

1991; Fabry et al., 1994; Berne et al., 2004; Einfalt et al., 2004; Einfalt, 2005; Schellart et 

al., 2012) (see Figure 1-1). The focus of this thesis is on rainfall estimates for urban 

drainage applications; more specifically, for sewer system modelling. 
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Figure 1-1: Rainfall data resolution requirements for different urban hydrological applications 

(Einfalt, 2005). 

Urban drainage modelling applications have traditionally relied upon rain gauge data as 

input. While rain gauges generally provide accurate point rainfall estimates near the 

ground surface, they cannot properly capture the spatial variability of rainfall, which 

has a significant impact on the urban hydrological system and thus on the modelling of 

urban runoff (Gires et al., 2012; Schellart et al., 2012; Del Giudice et al., 2013). Due to 

their ability to well capture the spatial characteristics of rainfall fields and their 

evolution in time, radar quantitative precipitation estimates (QPEs) are playing an 

increasingly important role in urban drainage applications (Krajewski & Smith, 2002; 

Einfalt et al., 2004; Krämer et al., 2005; Vieux et al., 2005; Vieux & Vieux, 2006; Smith et 

al., 2007; Krämer & Verworn, 2009; Villarini et al., 2010; Schellart et al., 2012). 

However, the operational radar rainfall products provided by national weather services 

(typically at ~ 1 km / 5-10 min resolution) may still fail to meet the stringent 

requirements of urban drainage applications, both in terms of resolution and accuracy.  

The issue of rainfall inputs’ resolution requirements for urban drainage modelling 

applications has been an active topic of research in recent years. What is more, the 

discussion around this topic and the need for high resolution rainfall estimates has been 

further fuelled by recent developments in, and increasing use of, higher-resolution 
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urban hydrological/hydraulic models, which allow incorporation of detailed rainfall 

information (Bailey & Margetts, 2008; Hunter et al., 2008; Fewtrell et al., 2011; 

Giangola-Murzyn et al., 2012b; Salvadore et al., 2015; Pina et al., 2016). Several studies 

suggest that the resolution of radar QPEs typically available at present (i.e. 1 km / 

5-10 min) may be insufficient for urban drainage modelling, particularly in the case of 

very small drainage areas (of the order of ~ 1 ha) (Schilling, 1991; Fabry et al., 1994; 

Einfalt & Maul-Kötter, 2001; Gires et al., 2012). In contrast, other studies suggest that 1 

km spatial resolution may be sufficient, but that temporal resolutions below 5 min are 

required for urban drainage applications (Berne et al., 2004; Notaro et al., 2013). As can 

be seen, a consensus on rainfall spatial-temporal resolution requirements for urban 

drainage applications has not yet been achieved and, from the author’s point of view, 

existing studies have several shortcomings which hinder drawing general conclusions 

in this regard. To begin with, some of the studies on this topic are theoretical ones 

(Schilling, 1991; Einfalt & Maul-Kötter, 2001). Others are based on the analysis of 

rainfall and runoff data, but do not involve urban drainage models, the resolution of 

which dictates to what degree the spatial-temporal resolution of rainfall estimates is 

actually utilised (Berne et al., 2004). More recent studies have involved urban drainage 

models, but are limited to a single test catchment (Gires et al., 2012; Wang et al., 2012b; 

Notaro et al., 2013; Gires et al., 2014a; Bruni et al., 2015) and often use stochastic 

disaggregation methods to obtain rainfall estimates at resolutions finer than 1 km / 5-

10 min, as opposed to using actual high resolution measurements (Gires et al., 2012; 

Wang et al., 2012b; Gires et al., 2014a). Radar technologies and post-processing 

techniques exist which enable the obtention of higher resolution radar QPEs (below 1 

km / 5-10 min). Among these, the following are particularly promising: deployment of 

local X-band radars (Ochoa-Rodríguez et al., 2014), changes in radar scanning strategies 

(Ochoa-Rodriguez et al., 2015a), temporal-interpolation of radar images (Thorndahl et 

al., 2014; Wang et al., 2015d), spatial-temporal disaggregation (Segond et al., 2007; 

Gires et al., 2012; Wang, 2012). However, the implementation of these technologies and 

post-processing methods comes at a cost and any investments in this direction should 

be supported by more robust evidence than is currently available. A first key motivation 

of this thesis is to provide robust evidence in this regard, in particular by identifying 

critical rainfall resolutions for urban drainage modelling applications.  
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As regards accuracy, that of radar QPEs has been found to be insufficient, particularly in 

the case of extreme rainfall magnitudes (Einfalt et al., 2004; Einfalt et al., 2005). This can 

lead to large errors in the estimation of runoff at the small scale of urban catchments 

(Vieux & Bedient, 2004b; Collier, 2009; Schellart et al., 2012). The generally poor 

accuracy of radar QPEs is due to the fact that, instead of being a direct measurement, 

radar rainfall intensities are derived indirectly from measured radar reflectivity. As a 

result, both radar reflectivity measurements and the reflectivity-intensity conversion 

process are subject to multiple sources of error (Harrison et al., 2009; Krajewski et al., 

2010; Villarini & Krajewski, 2010). A number of corrections can be applied in order to 

reduce these errors and great progress has been made in this direction in the last few 

decades (see up review of progress to date in Krajewski et al. (2010)), including more 

recent advances based upon dual-polarisation radar measurements (Bringi & 

Chandrasekar, 2001; Sugier & Tabary, 2006; Rico-Ramirez & Cluckie, 2008; Bringi et al., 

2011; Chandrasekar et al., 2013; Hall et al., 2015). However, it is virtually impossible to 

have error-free radar QPEs and the new radar technologies and processing techniques 

will not change the existence of inherent limitations to radar as a rainfall measurement 

tool, such as the fact that rainfall is measured indirectly, often well above the ground 

and often far away from the radar, which results in beam broadening and range 

degradation. In order to improve the accuracy of radar QPEs while preserving their 

spatial description of rainfall fields, it is possible to dynamically adjust them using rain 

gauge measurements (this is also known as radar-rain gauge combination or merging). 

Many studies on this subject have been carried out over the last few years; however, 

most of them focus on large scale hydrological (often country-wide) applications 

(Brandes, 1975; Krajewski, 1987; Anagnostou et al., 1998; Fulton et al., 1998; Harrison 

et al., 2000; Seo & Breidenbach, 2002; Cole & Moore, 2008; Goudenhoofdt & Delobbe, 

2009; Harrison et al., 2009; Sideris et al., 2014; Thorndahl et al., 2014; Jewell & Gaussiat, 

2015; Nanding et al., 2015; Rabiei & Haberlandt, 2015). Only a few studies have 

examined the applicability of these adjustment techniques at urban scales (and at the 

spatial-temporal resolutions required for urban drainage applications) and their extent 

is limited to the examination of only a small number of techniques (often a single 

technique) and of storm events (e.g. Vieux & Bedient (2004a); Smith et al. (2007); 

Villarini et al. (2010); Looper & Vieux (2012); Wang et al. (2013)). While they provide 
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some insights regarding the applicability of gauge-based adjustment techniques at 

urban scales, they fail to provide sufficient evidence to support an informed choice of 

techniques to be used in urban drainage modelling applications. The adjustment of 

radar QPEs based upon rain gauge records is an effective way of reducing uncertainties 

in rainfall estimates, which in turn has the potential to significantly improve runoff 

estimates. A second key motivation of this thesis is to provide robust guidance on the 

application of these techniques at urban scales, including guidance on the handling of 

rain gauge and radar data sources so that merged rainfall products which meet urban 

drainage modelling accuracy and resolution requirements can be obtained.  

To sum up, good quality rainfall estimates are crucial in order to obtain reliably 

simulate flows in urban drainage systems. While significant progress has been made 

over the last few decades in the measurement and improvement of rainfall at urban 

scales, a number of challenges still remain. This research will tackle some of these 

challenges.  

1.2. Aim and objectives of this research 

The overall aim of this research is to identify the rainfall resolution requirements and 

improve the quality of the rainfall estimates used as input to urban sewer drainage 

models. This will ultimately help improve urban runoff simulation and urban 

stormwater management.  

The specific research questions that will be addressed throughout this research are the 

following: 

1) What are the actual rainfall input resolution requirements for urban drainage 

modelling? Are operational urban sewer drainage models able to take full 

advantage of higher resolution rainfall estimates? 

2) What are the most suitable techniques for combining currently available radar 

and rain gauge rainfall products in order to generate higher accuracy rainfall 

estimates at the spatial-temporal resolutions required for urban drainage 

modelling?  

3) Which are the main factors affecting the performance of radar-rain gauge 

merging methods at the spatial-temporal resolutions required for urban 
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drainage modelling? How can these factors be handled so that merging 

performance at the spatial-temporal resolutions of interest can be improved?  

To achieve these aims and answer the research questions posed above, the following 

objectives will be pursued: 

1) To identify critical rainfall input resolution requirements for urban drainage 

modelling applications based upon a thorough evaluation of the impact of rainfall 

input resolution on the output of operational urban sewer drainage models.   

2) To assess the applicability of existing radar-rain gauge merging techniques at the 

spatial-temporal resolutions required for urban drainage modelling and identify 

the most suitable technique(s) for such applications. 

3) To identify critical factors affecting the performance of existing gauge-based 

radar rainfall adjustment techniques at the spatial-temporal resolutions required 

for urban drainage modelling and to examine how to improve the handling of 

these factors so as to provide practical guidance on this issue.  

Different case studies will be setup in order to enable the pursuit of these objectives. It 

is important to mention that while the focus of this thesis is on rainfall estimates, urban 

sewer drainage models will be constantly employed as ‘testing tools’, given that the 

ultimate end is to improve urban runoff estimates.  

1.3.  Thesis outline 

In the present chapter, the background and motivation of this research have been 

described, and the associated research problems and objectives have been identified. 

Chapter 2 contains an overview of the inputs and components of urban stormwater 

drainage models, including a review of the underpinning theories and their use in 

current urban hydrological practice. This is not a literature review as such, but is 

instead intended to provide a conceptual basis for the work that will be carried out in 

this thesis.  

In Chapter 3 the issue of rainfall input resolution requirements for urban drainage 

modelling applications is tackled. A review of recent research around this topic is first 

given. This is followed by a multi-storm, multi-catchment analysis of the impact of 

rainfall input resolution on urban stormwater modelling results. This analysis employs 
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high resolution rainfall measurements obtained from an X-band radar, along with the 

operational urban sewer drainage models of 4 pilot urban catchments located in UK and 

Belgium. At the end of the chapter, critical rainfall resolutions for urban drainage 

modelling are identified and the feasibility of obtaining these is discussed.  

Chapter 4 focuses on assessing the suitability of radar-rain gauge merging techniques 

for urban drainage modelling applications. Firstly, existing merging techniques are 

reviewed and the best performing and/or most commonly used techniques are selected 

for testing in the present research. A thorough test of the selected techniques is then 

conducted under different climatological conditions and rain gauge density scenarios, 

using a large and dense radar-rain gauge dataset from two urban areas of the UK 

(namely Edinburgh and Birmingham), along with the urban sewer drainage models of 

and sewer flow records available for both areas. The chapter finishes up with 

recommendations on the most suitable merging techniques for urban drainage 

applications and with an identification of critical factors that may affect their 

performance. Ways of handling these factors to ultimately improve the applicability of 

merging techniques to urban drainage applications are analysed and thoroughly tested 

in Chapter 5.  

Lastly, in Chapter 6 a summary of the main results and conclusions of this work is 

presented and their implications are discussed. Future work in the field of urban rainfall 

is also discussed in the light of this dissertation. 
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2. Inputs and components of urban 
stormwater drainage models: 
overview and current practice 

The purpose of this chapter is to provide a conceptual basis for the work that will be 

carried out in this thesis. Firstly, the inputs and components (or sub-models) of urban 

stormwater drainage models are identified based upon a descriptive analysis of 

stormwater flows across urban catchments. Afterwards, an overview is provided of 

each of these components, including their underpinning theories and current practice of 

this subject. A brief overview is then provided of the uncertainties in urban stormwater 

drainage models and of model calibration and verification approaches, including a 

description of commonly used predictive performance indicators and ‘acceptable’ 

performance criteria. This chapter finishes up with a summary and justification of the 

rainfall products and urban stormwater drainage models employed in this thesis.  

2.1. Stormwater flow across urban catchments 

The driving force behind urban hydrological processes is rainfall. Rainfall falling over an 

urban catchment may either fall on a pervious area (e.g. urban parks, gardens), or, more 

likely, on an impervious one (e.g. roofs, streets, parking areas). On a pervious area, some 

rainfall may be intercepted by vegetation cover, some may infiltrate the sub-surface, 

some may be stored in depressions and later evaporate, and the remainder becomes 

surface runoff. In impervious areas, in contrast, nearly all the rainfall becomes runoff, 

except for small losses which may occur due, for example, to interception of rainfall by 

building facades, storage in surface depressions and infiltration through cracks. Surface 

runoff initially flows along urban surface pathways (e.g. streets, gutters, alleys) until 

reaching either a water body (e.g. an urban watercourse, a lake) or, more likely, a gully 
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through which it may enter the underground pipe system (which ultimately discharges 

or is pumped into a water body or a treatment plant). The processes described up to 

here are illustrated in Figure 2-1. 

 
Figure 2-1: Runoff generation process in urban catchments (adapted from Maksimović (2007)). 

The amount of water entering the sewer system will depend on the intake capacity of 

the gully or manhole and of the sewer system itself. When intense rainfall occurs, it may 

happen that not all the runoff can enter the sewer system, even if the pipes have 

sufficient capacity (Mark et al., 2004); this is due to the limited hydraulic capacity of the 

gullies and manholes, which may behave as orifices or weirs, depending on the water 

depth around them (Djordjević et al., 2005; Saul, 2012) (the behaviour of gullies and 

manholes under different flow conditions is illustrated in Figure 2-2). As the storm 

progresses, part of the runoff continues to pond on the urban surface and the other part 

continues to enter the sewer system until its maximum capacity is eventually reached 

and the system surcharges (i.e. sewers become full and act as conduits under pressure – 

see Figure 2-2 (c)). If there is sufficient pressure in the sewer system so that the water 

rises above the ground level, then overflow (or sewer flooding) occurs through 

manholes and gullies and the excess volume of flow becomes again surface runoff 
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(Zoppou, 2001) (this situation is illustrated in Figure 2-2 (d)). After the storm finishes, 

sewers continue to drain water and they may again have enough capacity to receive 

runoff from the surface. The duration of runoff or floodwater on the urban surface 

depends on the intake capacity of the gullies, the drainage capacity of the pipe system, 

the topography, infiltration and evaporation in the catchment area (Mark et al., 2004).  

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 2-2: Cases of flow exchange between the surface and the sewer system through gullies 
and manholes. (a) Free inflow and free flow in pipes: inlet behaves as a weir and both inlet and 
sewers have enough capacity to accommodate more water; (b) Submerged inflow and free flow 

in pipes: the inlet capacity has been exceeded and it works as an orifice, only a fraction of the 
water can flow into the pipe, although the capacity of pipes has not yet been exceeded; (c) 

Submerged inflow and pressurised pipe flow: pipes have become full, but pressure is still not 
enough to cause overflow; (d) Overflow: the piezometric head in the sewer system is higher 

than that of surface water, thus causing overflow. Adapted from Mark et al. (2004), Schmitt et al. 
(2004) and Djordjević et al. (2005). 

Based upon this description of stormwater flows across urban catchments, the main 

inputs and components of urban stormwater drainage models can be identified. As is 

evident, the main input for urban stormwater drainage models is rainfall. The processes 

that take place once rainfall falls over an urban area can be classified into three main 
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components or sub-models; these are: (1) runoff generation (i.e. conversion of rainfall 

into runoff, including rainfall interception, retention, evaporation and infiltration), (2) 

surface or overland flow, and (3) sewer flow. The interactions between these 

components are schematised in Figure 2-3. Each of these components has been the 

object of a number of studies in the past and several different approaches for modelling 

them have been developed, including physically-based, conceptual, empirical and, more 

recently, data-driven approaches (for a definition of these modelling approaches see 

Maskey (2004)). In addition, the way in which these components -especially 

components 2 and 3- are integrated has also been the object of a number of recent 

studies (Djordjević et al., 1991; Djordjević et al., 1999; Djordjević et al., 2005; Leandro, 

2008; Giangola-Murzyn et al., 2012a).  

 
Figure 2-3: Overview of processes associated to urban pluvial flood models (h stands for 

piezometric head). 

In what follows an overview is provided of the above-mentioned inputs and 

components of urban stormwater drainage models and the way in which they are 

integrated. This includes an overview of the theories behind them and a compendium of 

the main modelling developments. It is worth mentioning that the present work focuses 

mainly on stormwater quantity modelling; although wastewater and water quality are 
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very important aspects of urban drainage systems, the detailed modelling of these falls 

outside the scope of this thesis.  

2.2. Rainfall inputs for urban stormwater drainage models 

Depending on the purpose of the modelling exercise, rainfall inputs for urban 

stormwater drainage models may come from synthetically generated storms (e.g. 

design storms), measurements/estimates or forecasts. Since this thesis focuses on 

simulating the performance of drainage systems under observed rainfall, this section 

only covers the rainfall measurement/estimation aspect.  

As described in Chapter 1, rainfall estimates of the highest possible accuracy and 

resolution are required for urban drainage modelling applications, given the small size 

and fast response which characterise urban catchments. The two sensors that are 

commonly used for rainfall estimation at urban scales are rain gauge and radar (Cole & 

Moore, 2008). The functioning mechanism of each of these sensors and the main 

characteristics of the rainfall measurements/estimates obtained from them are 

described next.  

2.2.1. Rain gauge measurements 

Rain gauges1 are the most widely used rainfall sensors, providing low-cost, direct and 

generally accurate point rainfall estimates near the ground surface. In fact, rain gauge 

records are often used as ground truth in the calibration and verification of remote 

rainfall sensors such as weather radars (Habib et al., 2001; Upton & Rahimi, 2003).  

However, as mentioned in Chapter 1, the main drawback of rain gauges lies in that they 

provide point rainfall measurements and cannot capture the spatial variability of 

rainfall, which has proven to have a significant impact on urban hydrological processes 

and thus on the modelling of urban runoff (Aronica & Cannarozzo, 2000; Syed et al., 

2003; Villarini et al., 2010). To overcome this drawback, many studies have been 

                                                        

1 ‘Rain gauge’ is a broad term which can be used to refer to any instrument employed to measure the 
amount of liquid precipitation over a set period. As such, this term may even be used to refer to sensors 
such as weather radars and disdrometers. In the context of this thesis, the term ‘rain gauge’ will be used 
to refer to instruments used to measure the amount of liquid precipitation at a point location, over a set 
period of time, mainly by means of direct rainfall collection (i.e. catching rain gauges (Lanza et al., 2005)).  
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conducted aiming to synthesise the spatial structures of rainfall based upon point 

rainfall information in synergy with interpolation techniques (Tabios & Salas, 1985; 

Syed et al., 2003; Biggs & Atkinson, 2011; Vischel et al., 2011). The results showed that 

this combination is very sensitive to the number of raingauges in the network  (Looper 

& Vieux, 2012) and the interpolation techniques used, with geostatistical methods, such 

as kriging, displaying a better performance as compared to techniques which fail to 

properly account for the spatial correlation between neighbouring gauges (e.g. Thiessen 

polygons, inverse-distance weighting (IDW), multiple regression) (Biggs & Atkinson, 

2011).  

As regards types, (catching1) rain gauges can be broadly classified into two main 

categories: non-recording and recording gauges. The former simply collect rainfall 

volumes over a given period; these volumes are then measured manually by means of a 

graduated cylinder and converted to equivalent rainfall depths and intensities (e.g. 

Derakhshan & Talebbeydokhti (2011)). Recording gauges, on the other hand, provide 

automatic records of rainfall by means of mechanical and/or electronic mechanisms. 

Examples of recording catching gauges are the tipping bucket, weighting and level 

gauges. Results of an experimental inter-comparison of recording gauges can be found 

in Lanza et al. (2005). Tipping bucket rain gauges (TBR) are the most common type of 

automatic recording gauge and are in fact the ones used in this research. The TBR 

consists of a funnel that collects and channels rainfall into one of two buckets supported 

on a tipping (pivotal) balance. The balance tips whenever a fixed mass of water, 

corresponding to a fixed rainfall depth (e.g. 0.1 or 0.2 mm), has been filled into one of 

the buckets. Upon tipping, the full bucket moves away from the filling funnel and is 

emptied, while the empty bucket is moved underneath the filling funnel. Each tip 

produces an electrical impulse which is recorded by the data acquisition system. TBRs 

are equipped with data loggers or data transmission systems which can record the time 

of each tip. The tip data can then be converted into rainfall intensity at a given time 

resolution. In fact, such conversion is often done automatically and urban drainage 

modellers usually receive TBR-derived rain rates at a fixed temporal resolution. When 

using TBR records, it is important to keep in mind the nature of their measurement: the 

recorded times of tip define the rainfall accumulations at a point location during the 

time interval in between consecutive tips.  
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While rain gauge records are usually regarded as reliable, they may contain significant 

errors arising from a variety of sources. In order of general importance, systematic 

errors common to all rain gauges include errors due to wind field deformation above 

the gauge orifice, errors due to wetting loss in the internal walls of the collector, errors 

due to evaporation from the container, and errors due to in and out-splashing of water 

(Lanza et al., 2005). In addition, TBRs are known to systematically underestimate 

rainfall at higher intensities because of the rainwater amount that is lost during the 

tipping movement of the bucket (La Barbera et al., 2002). This is a systematic error 

unique to the TBR and is of the same order of importance as wind-induced losses. The 

order of magnitude of the two main systematic error sources associated with TBRs is 

2-10 % for wind-induced losses (depending on wind speed, weight of precipitation, 

gauge construction parameters and location) (Sevruk & Nespor, 1998) and up to 10 % 

for rainfall intensities of 100 mm/h and 20 % for intensities of 200 mm/h, for water 

losses during the tipping action (Luyckx & Berlamont, 2001; Molini et al., 2005). Errors 

due to water loss during the tipping action can be largely corrected based upon results 

of dynamic calibration (Luyckx & Berlamont, 2001; Sene, 2010). Besides systematic 

errors, TBR records are also subject to local random errors, mainly related to their 

discrete sampling mechanism (Habib et al., 2001; Ciach, 2003; Habib et al., 2008); such 

errors can be of the order of 6 % for rain rates of around 10 mm/h at the 5 min time 

scale (Ciach, 2003). Additional errors may arise from operational conditions such as 

discalibration, double-tipping and blockages. Operational errors can usually be detected 

(and therefore removed or corrected) through time-series analysis or through 

comparison against neighbouring gauges and even co-located radar estimates 

(Anagnostou et al., 1998; Upton & Rahimi, 2003). Given that rain gauge records are 

often used as ground truth, it is important to ensure that they have been 

quality-controlled before they are used in any analysis or hydrological simulation; doing 

so can largely improve subsequent results (Looper & Vieux, 2012). 

2.2.2. Radar rainfall estimates 

Weather radars measure rainfall indirectly by sending pulses of electromagnetic 

radiation into the atmosphere and listening for return signals backscattered by rain 

droplets or other precipitation particles. The received reflectivity can then be used to 
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estimate rainfall rates at a given distance from the radar. Unlike rain gauges, radars 

provide instantaneous (‘snapshot-like’) volumetric measurements of rainfall 

(Figure 2-4). Moreover, as mentioned in Chapter 1, the great advantage of radars in 

relation to rain gauges is that they can survey large areas and can therefore provide a 

better description of the spatial and temporal variability of rainfall. However, radar 

QPEs are subject to multiple errors due to the indirect character of their measurement, 

to the distance of the measurement from the ground and the sampling volume (Einfalt 

et al., 2004). In the context of this thesis, it is of utmost importance to understand the 

factors that determine the spatial-temporal resolution, as well as the quality of and 

errors associated to radar QPEs. An overview of these aspects is provided in the 

following subsections.  

2.2.2.1. Attributes and types of weather radars  

For a typical weather radar, a parabolic antenna focuses pulsed, polarised 

electromagnetic radiation of a given frequency and wavelength into a narrow pencil 

beam of angular width 𝜽. Each radiation pulse, which is very short in time, is 

backscattered by the precipitation it interacts with. Radars listen for backscattered 

radiation for a set period of time (much longer than the pulse duration) before emitting 

a new pulse. A radar completes a scan at regular time intervals and, depending on the 

scanning strategy and hardware, scans may be carried out at different elevations.   

Based upon this description, the following critical ‘attributes’ of weather radars, which 

also define their type, can be identified (Met Office, 2009; WMO, 2009; Hong & Gourley, 

2015): 

• Operational frequency (𝒇) and wavelength (𝝀): according to the frequency band –

and hence the wavelength– at which they operate, weather radars can be of three 

main types (from higher to lower frequency): X-band, C-band and S-band. The 

higher the frequency, the shorter the wavelength (𝜆 = 𝐶 𝑓⁄ , where C is the speed of 

light), which means that the radar can detect smaller particles, such as light drizzle. 

However, high frequency signals are also associated to lower power, which results in 

shorter radar range and higher susceptibility to attenuation by strong rainfall 

intensities. Moreover, higher frequency signals require smaller antenna dishes in 

order to focus the radiation into a narrow pencil beam. Therefore, high frequency 
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radars are smaller and cheaper, but also less powerful, than low frequency ones. 

Low frequency S-band radars are often used to monitor severe weather phenomena 

in long ranges, such as tropical storms. These radars are widely used in the US. 

Intermediate frequency C-band radars provide a good compromise between cost 

and power and are the most widely used in Europe. High frequency X-band radars 

are the smallest (often portable) and cheapest of all and are often used to study 

cloud development (as they are sensitive to small rain particles) and to monitor 

rainfall over small areas of interest (e.g. in local urban areas not covered or well 

served by other (bigger) radars, in between narrow valleys). A summary of the main 

characteristics of these three types of radars is provided in Table 2-1. 

• Beam width (𝜽): this is the angular width of the radiation beam emitted by the 

radar (see Figure 2-4). Beam width is a function of the radar operational wavelength 

and of the diameter of the parabolic dish (d) that is used to focus the radiation:  

𝜃 = 73𝜆 𝑑⁄ . As will be explained in the following section, the beam width determines 

the azimuthal resolution of radar QPEs.  

• Pulse duration ( 𝝉 ) and length (H): radars transmit discrete pulses of 

electromagnetic energy using a modulator and then “listen” by discretising the 

received data into range bins. Given that electromagnetic radiation travels at the 

speed of light (𝐶 ≈ 3 ∙ 108 𝑚/𝑠), pulse duration and length are related as 𝐻 = 𝐶 ∙ 𝜏. 

Pulse length is chosen by radar operators and must represent a balance between 

resolution, sensitivity and desired range coverage. Shorter pulses yield higher 

resolution data in the range (radial) coordinate (see Figure 2-4), but the power 

returned once they hit a target is also lower and it may be fully extinct over long 

ranges (thus limiting effective radar coverage). Pulse lengths typically range 

between ~ 10 m and 1 km. UK radars usually operate at pulse durations of 2 μs, 

which is equivalent to ~600 m, although a shorter pulse (0.5 μs – 150 m) scanning 

strategy is currently being tested with the aim of providing higher spatial resolution 

radar QPEs (Ochoa-Rodriguez et al., 2015a). US radars usually operate at larger 

pulses (between 1.75-4.7 μs - 470-1410 m), so as to ensure larger coverage.     

• Polarisation: electromagnetic waves consist of electric and magnetic force fields 

which are perpendicular to each other. By specifying the orientation of one of these 

fields, it is possible to determine the orientation of the electromagnetic radiation. At 
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present, most weather radars transmit and receive radio waves with a single 

horizontal polarization (i.e. the direction of the electric field wave crest is aligned 

along the horizontal axis). Such radars are referred to as single-polarisation radars. 

In these radars, a horizontal polarisation is preferred as it is considered to better 

detect the main weather targets. In contrast, dual-polarisation or polarimetric 

radars, which are becoming increasingly popular, can transmit and receive both 

horizontal and vertical polarised signals. By emitting signals with two polarisations, 

polarimetric radars can obtain additional information about the shape of the target 

(including better characterisation of drops), which in turn can improve the accuracy 

of the radar rainfall estimates.  

• Scanning cycle: in order to estimate the spatial-temporal characteristics of 

precipitation fields, radars must transmit and receive signals at several azimuths 

and, if possible, at several elevation angles. This can be done by means of a rotating 

antenna. The typical operation mode of weather radars used for rainfall estimation 

is called plan position indicator (PPI). In the PPI mode a full 360° scan at a fixed 

elevation is first completed before scans are conducted at other elevations. Not all 

radars can conduct scans at different elevations (particularly not low-cost X-band 

radars (e.g. Ochoa-Rodríguez et al. (2014))). Radars operated by national 

meteorological services usually conduct scans at multiple elevations, which has two 

main advantages: (1) in case the lowest elevation angle is blocked by terrain, 

buildings or other obstacles in some sectors, data from higher elevation scans can be 

used for estimating rainfall; (2) data from higher elevations can be useful for 

estimating additional cloud characteristics which in turn can improve radar QPEs. 

In addition to the above parameters, some radars are equipped with Doppler 

functionality which enables them to not only detect the distance of the ‘target’, but also 

its velocity towards or against the radar. Doppler velocities can be used to better 

differentiate targets and to detect severe weather, such as rotation within supercell 

thunderstorms. According to whether or not radars are equipped with this 

functionality, they are referred to as Doppler or non-Doppler radars. Polarimetric 

Doppler radars are the most sophisticated type of radars; while their use is not so 

common at present, it is quickly expanding.  



46 

 

 Table 2-1: Comparison of radar types according to their operational frequency (WMO, 2009) 

 S-Band Radars C-Band Radars X-Band Radars 

Frequency 2-4 GHz 4-8 GHz 8-12 GHz 

Wave Length 7.5-15 cm 3.8-7.5 cm 2.5-3.8 cm 

Typical Range 300-500 km 120-240 km 50-100 km 

Peak Power 500 kW- 1 MW 250-500 kW 50-200 kW 

Measuring 
Sensitivity 

Rain, snow, hail  (bigger 
particles than for 

C-Band) 

Rain, snow, hail, drizzle 
(bigger particles than 

for X-Band) 

Rain, snow, hail, light 
drizzle (smaller 

particles than for 
S-Band and C-Band) 

Atmospheric 
Attenuation 

Low attenuation 

Less attenuation than 
for X-Band while much 
more attenuation than 

for S-Band 

Much more attenuation 
than for C-Band and 

S-Band 

Antenna Size 
for 1° beam 

width 
7.5 m 4.2 m 2.5 m 

Cost 
1.5x C-Band 

2x X-Band 

0.7x S-Band 

1.3x  X-Band 

0.5x S-Band 

0.8x  C-Band 

 

2.2.2.2. Spatial-temporal resolution of radar QPEs 

In terms of space, radars carry out volumetric scans of the atmosphere (Figure 2-4).  

The effective resolution of the scanned volume (V) is determined by the range and 

angular resolutions. The range resolution (∆𝑟) is the resolution in the radial or range 

direction from the radar. Given that radars can effectively distinguish targets separated 

by at least one-half the pulse length, the range resolution corresponds to half the pulse 

length: ∆𝑟 = 𝐻 2⁄ . The angular resolution corresponds to the arc lengths in the vertical 

(i.e. elevation) (ℓ𝐸𝑙) and azimuthal (ℓ𝐴𝑧) directions at a given distance from the radar; 

assuming that the radar beam is circular (which is usually the case), these two arc 

lengths are the same. The angular resolution is therefore determined by the beam width 

(𝜃) (which is a function of antenna size and frequency, as described in the previous 

section) and by the distance from the radar (𝑟), and can be estimated as: ℓ =  𝜃 ∙ 𝑟 (for 𝜃 

in radians). Based upon this description, the effective radar scanning volume can be 

defined as:  
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V = ∆𝑟 ∙ ℓ𝐸𝑙 ∙ ℓ𝐴𝑧 =
𝐻

2
∙ (𝜃 ∙ 𝑟)2 (2-1) 

The backscattered radiation from a given scanning volume is converted to rain rate (as 

will be explained in the following section). The resulting rain rate maps are originally in 

polar coordinates and their ‘native’ spatial resolution (on a 2-dimensional plan) is given 

by ‘range resolution × azimuthal angular resolution’; this is: 

∆𝑟 ∙ ℓ𝐴𝑧 =
𝐻

2
∙ 𝜃 ∙ 𝑟 

(2-2) 

Note that the range resolution (∆𝑟 = 𝐻/2; i.e. half a pulse length) remains fixed at 

varying distances from the radar, but the azimuthal angular resolution (ℓ𝐴𝑧 =  𝜃 ∙ 𝑟) 

increases linearly as the distance from the radar (𝑟) increases. For a beam width of 1°, 

azimuthal angular resolutions at different distances from the radar are as follows: 

~175 m at 10 km; ~349 m at 20 km; ~524 m at 30 km; ~698 m at 40 km; ~873 m at 

50 km. Rain rate maps in polar coordinates are generally interpolated into a Cartesian 

grid of a given spatial resolution (1 x 1 km2 in the case of the radar QPEs provided by 

the UK Met Office). When using radar QPEs in Cartesian coordinates it is important to 

keep in mind the native resolution at which the estimates were derived (given by 

Equation (2-2)).  It is often the case that the Cartesian spatial resolution at which radar 

QPEs are provided (i.e. interpolated) is finer than the fundamental cell resolution at 

which estimates were derived over the area of interest; one must not be tricked by this.  

In summary, the spatial resolution of radar QPEs is fundamentally determined by the 

pulse length (which is chosen by radar operators as a compromise between resolution 

vs. radar coverage), beam width (which is a function of antenna size and signal 

frequency) and distance from the radar. By substituting beam width 𝜃 = 73𝜆 𝑑⁄  in 

Equation (2-2), the native spatial resolution of radar QPEs can be expressed as follows: 

𝐻

2
∙
73𝜆

𝑑
∙ 𝑟 =

36.5 ∙ 𝐻 ∙ 𝜆 ∙ 𝑟

𝑑
=
36.5 ∙ 𝐻 ∙ 𝐶 ∙ 𝑟

𝑓 ∙ 𝑑
  (2-3) 

As can be seen, the spatial resolution of radar QPEs will indeed be smaller for higher 

frequency (𝑓) and constant dish size (𝑑). However, since larger dishes are required for 

lower frequency radars, the resulting role of the frequency is small. As long as the radar 
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has a narrow beam (𝜃), it is possible to obtain high spatial resolution estimates from it 

regardless of its frequency of operation (i.e. regardless of whether it is an S-band, 

C-band or X-band radar). The spatial resolution of radar QPEs is, therefore, mostly a 

matter of operational strategy, including distance from the radar.  

The temporal resolution of radar QPEs, on the other hand, is dictated by the rotational 

frequency of the radar and the duration of the scanning cycle (described in Section 

2.2.2.1). Smaller radars, such as local X-band radars, usually have higher rotational 

frequencies and shorter scanning cycles, therefore yielding higher temporal resolution 

radar QPEs. Radar QPEs from local X-band radars are usually available at 1 min 

temporal resolution, whereas QPEs provided by national meteorological services (based 

upon networks of C-and and S-band radars) are usually available at temporal 

resolutions ranging from 5 to 15 min. 

 
Figure 2-4: Radar scanning volume.   

2.2.2.3. Derivation of radar QPEs and errors associated to these 

Based upon the received radiation backscattered by the rainfall droplets contained 

within a scanning volume, a reflectivity value (Z), theoretically linked to raindrop size 

distribution within the scan volume, can be estimated. A detailed description of how Z is 

estimated can be found in many radar textbooks (e.g. Hong & Gourley (2015)). 

Reflectivity (Z) is then converted to rainfall rate (R), usually by means of the Z-R 

relationship (Marshall & Palmer, 1948): 

 𝑍 = 𝑎 ∙ 𝑅𝑏 (2-4) 
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where a and b are parameters which can also be theoretically linked to rain drop size 

distribution and are generally deduced by physical approximation or empirical 

calibration based upon long-term comparisons (Collier, 1996; Krajewski & Smith, 2002). 

As regards accuracy, since radar quantitative precipitation estimates (QPEs) are an 

indirect measurement of rainfall, they are subject to multiple sources of error. Firstly, 

radar reflectivity measurements (Z), from which QPEs are subsequently derived, may be 

affected by factors such as radar beam blockage, attenuation, ground clutter and 

anomalous propagation of the signal (Collier, 1996; Harrison et al., 2000; Einfalt et al., 

2004); let alone the fact that measurements are conducted well above the ground. A 

number of corrections are usually applied in order to reduce errors arising from these 

sources (a summary of these corrections can be found in Table 1 of Harrison et al. 

(2009)); however, it is virtually impossible to have error-free reflectivity measurements. 

Additional errors arise in the conversion of reflectivity measurements (Z) to rainfall 

rates (R), which, as mentioned above, is usually done using the Z-R relationship. The 

highly dynamic nature of rain drop size distribution, even within a single storm event 

(Ulbrich, 1993; Smith et al., 2009), renders the use of a static Z-R relationship –as used 

for single-polarisation radars– imperfect, especially when extreme rainfall rates are 

observed (Einfalt, 2005; Goudenhoofdt & Delobbe, 2013). In the case of polarimetric 

Doppler radars, additional information is collected which enables significant reduction 

of some of the sources of error mentioned above (especially detection of non-weather 

echoes and improved attenuation correction), as well as a dynamic adjustment of the 

Z-R relationship according to drop-size distribution; this results in much more accurate 

rainfall rate estimates (Bringi & Chandrasekar, 2001). Polarimetric Doppler radars are 

being deployed in a number of countries around the world (e.g. Sugier & Tabary (2006); 

Chandrasekar et al. (2009); (Bringi et al., 2011); Wang et al. (2011); Kim et al. (2012); 

Vasiloff (2012); Berkowitz et al. (2013), and it is likely that in the near future most 

existing single-pol radars will be upgraded to dual-polarisation and Doppler 

functionalities. However, these advanced technologies will not change the existence of 

inherent limitations to radar as a rainfall measurement tool, such as the fact that rainfall 

is measured indirectly, often well above the ground and often far away from the radar, 

which results in beam broadening and range degradation. 
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2.3. Runoff generation modelling 

Runoff generation modelling, also known as rainfall-runoff modelling, entails estimating 

which part of the total rainfall (ℎ𝑡𝑜𝑡𝑎𝑙) becomes effective rainfall or runoff (ℎ𝑒𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒), 

which will flow over the urban surface and may eventually find its way into the sewer 

system. There are many reasons for rainwater not to become runoff. For example, 

rainwater may soak into the ground (even on an impervious surface, via cracks), it may 

be retained in depressions and later evaporate, or may be caught in the leaves of a tree 

(Butler & Davies, 2011). Part of the rainwater is lost immediately after the storm begins 

(i.e. initial losses - ℎ𝑖𝑛𝑖𝑛𝑖𝑡𝑖𝑎𝑙); whereas other part is lost as it runs overland (i.e. 

continuing losses - ℎ𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑜𝑢𝑠). A number of approaches have been developed to 

estimate each of these losses as a function of the catchment land use, soil type, 

topography and wetness; some of these methods are described next. Depending on 

whether the model is semi-distributed or fully-distributed2, losses are estimated, 

respectively, at each sub-catchment or grid element. Once losses are estimated, effective 

rainfall can be obtained by subtracting the losses from the total rainfall hyetograph 

(initial losses are subtracted from the initial values of the rainfall hyetograph, whereas 

continuing losses are subtracted continuously at each time step of the hyetograph). This 

is illustrated in Figure 2-5. 

                                                        

2 Depending on how urban drainage models treat spatial variability, they can be classified as semi-
distributed or fully-distributed. In semi-distributed models, the whole catchment is split into a number of 
sub-catchments, each of which is treated as a lumped model (i.e. within each sub-catchment rainfall input 
and hydrologic responses are assumed to be uniform; their spatial variability is not accounted for). Each 
sub-catchment contains a mix of pervious and impervious surfaces whose runoff drains to a common 
outlet point, which could be either a node of the drainage network or another sub-catchment (Rossman, 
2010). Each sub-catchment is characterised by a number of parameters, including total area, length, slope, 
proportion of each land use, amongst others. Rainfall is inputted uniformly within each sub-catchment 
and based on the sub-catchment’s characteristics, the total runoff is estimated and routed to the outlet 
point (as will be explained in Section 2.4.1). In fully-distributed models, the whole catchment is 
discretised as a 2-dimensional grid or mesh of regular or irregular elements. In this case, a different 
rainfall input can be assigned to each grid element and runoff is also estimated at each element. In fully-
distributed models, overland flow is necessarily modelled or routed in 2-dimensions (as will be explained 
in Section  2.4.5). 
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Figure 2-5: Estimation of runoff or effective rainfall from total rainfall. 

2.3.1. Initial Losses (𝒉𝒊𝒏𝒊𝒕𝒊𝒂𝒍) 

Initial losses correspond to the first few millimetres of rainfall which are lost prior to 

any runoff (Innovyze, 2012a). The initial part of a rainstorm is assumed to cause no 

runoff because it is lost in two main processes:  

• Interception by vegetation (𝒉𝒊): interception is the collection and retention of 

rainwater by vegetation cover. After an initial retention period, the interception rate 

rapidly approaches zero and excess rain falls through the foliage or flows to the soil 

over the stems. This type of loss can represent up to 20 % of total rainfall (a couple 

of millimetres) in highly vegetated areas (Mansell, 2003). However, it is usually 

small for impervious areas (< 1 mm) and is normally neglected or combined with 

depression storage in urban drainage models (Butler & Davies, 2011).  

• Depression storage and surface wetting (𝒉𝒅): depression storage is the initial 

storage within depressions on the ground surface (puddle forming) and also within 

the surface layers of nominally impervious materials (surface wetting) (Mansell, 

2003). The water stored in puddles is eventually removed by infiltration, 

evaporation or leakage. The magnitude of depression storage depends on factors 

such as surface type, topography, slope and antecedent rainfall conditions.  

In semi-distributed urban drainage models (i.e. sub-catchment-based models), the 

maximum possible depression storage at a given sub-catchment is calculated using a 

regression equation or is specified as an absolute value. A regression equation 
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commonly used in the UK to estimate the maximum depression storage (ℎ𝑑  in mm) 

is that incorporated in the Wallingford Procedure (HR Wallingford, 1983):  

 
ℎ𝑑 =

𝑘

√𝑠
 (2-5) 

where 𝑘 (mm) is a coefficient depending on surface type and 𝑠 (dimensionless) is 

the ground slope. Recommended values for 𝑘 are 0.071 mm for impervious surfaces 

and 0.28 mm for pervious surfaces. Pitched roof surfaces have the same coefficient 

as impervious surfaces but use a slope of 0.05 (Butler & Davies, 2011; Innovyze, 

2011). Typical values for ℎ𝑑  are 0.5-2 mm for impervious areas, 2.5-7.5 mm for flat 

roofs and up to 10 mm for gardens (Mansell, 2003; Butler & Davies, 2011).  

In the case of fully-distributed models (i.e. in which rainfall is applied directly on a 

2-dimensional (2D) model of the surface), it is usually assumed that depression 

storage is ‘automatically’ accounted for in the 2D surface model, as it represents 

topographic features of the surface, including depressions. However, the ability of a 

fully-distributed 2D model to well represent losses due to depression storage and 

surface wetting will depend on the resolution of the model in relation to the size of 

surface porosity and other surface features. When the resolution of the model is 

coarser than that of surface features responsible for initial losses, this assumption 

will not hold  (Bailey & Margetts, 2008) and initial losses should be accounted for 

separately (e.g. adopting approaches similar to those used in semi-distributed 

models).  

In order to account for the effect of antecedent catchment wetness on the initial losses, 

an additional parameter is normally used in urban hydrological models: the antecedent 

rainfall depth (ℎ𝑎). ℎ𝑎  is usually taken as the rainfall depth that has fallen in the hour 

immediately prior to the storm. If individual storms are being simulated, an ℎ𝑎  can be 

specified by the modeller for each storm event. If the model is run for continuous 

simulation then ℎ𝑎  is dried out during dry periods (based on evaporation or recovery 

rates) and is filled up again with new storms (Osborne, 2001; Rossman, 2010). The 

effective initial losses are therefore estimated as:    
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ℎ𝑖𝑛𝑖𝑡𝑖𝑎𝑙 = {
ℎ𝑖𝑛𝑖𝑡𝑖𝑎𝑙
𝑚𝑎𝑥 − ℎ𝑎,  if      ℎ𝑖𝑛𝑖𝑡𝑖𝑎𝑙

𝑚𝑎𝑥 ≥ ℎ𝑎
   
0,  if      ℎ𝑖𝑛𝑖𝑡𝑖𝑎𝑙

𝑚𝑎𝑥 < ℎ𝑎

 
(2-6) 

The estimated initial losses are subtracted progressively from the initial values of the 

rainfall hyetograph, resulting in net rainfall which is available for evaporation, 

infiltration and runoff.   

It must be noted that initial losses are usually small in urban areas and are not so 

important in the simulation of severe storms. However, for less severe storms and less 

urbanised catchments, these losses may be significant and should not be neglected 

(Butler & Davies, 2011). 

2.3.2. Continuing losses (𝒉𝒄) 

Continuing losses include evaporation and infiltration. In order to estimate effective 

rainfall or runoff, the equivalent depth of the continuing losses is subtracted at each 

time step from the rainfall hyetograph, after initial losses have been deducted. 

• Evaporation: depending on the modelling software that is used, evaporation rate 

(normally expressed in mm/day) can be set as a constant value or can vary with 

time, in which case evaporation time series must be inputted. In the main software 

package that will be used in this thesis (namely InfoWorks CS/ICM), both options 

are available. It must be noted that the effect of evaporation in short duration and 

intense rainfall events is negligible; this is especially true in the case of countries 

where potential evaporation is not very high, such as the UK (average evaporation 

rates in the UK are approximately 3 mm/day during the summer and 1 mm/day 

during the winter (Osborne, 2001)).  

• Infiltration:  infiltration is the passage of rainwater into the soil. The infiltration 

capacity of a given surface (i.e. the rate at which water infiltrates into it) depends on 

factors including the properties of the soil (e.g. soil type, porosity and hydraulic 

conductivity), ground slope, surface cover and depth of water on the soil. The 

amount of infiltration also depends on the wetness of the ground and infiltration 

rates normally decrease during the period of a storm (Chow et al., 1988; Mansell, 

2003; Butler & Davies, 2011). Rainwater initially infiltrates the upper layer of the 

soil (i.e. the unsaturated zone) and part of it may eventually flow deeper until 
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reaching the groundwater or saturated zone. Moreover, part of the water in the 

unsaturated zone moves laterally through it and may become surface water later on 

(this is known as interflow). In general, urban stormwater models only consider 

infiltration in the upper soil layer (i.e. unsaturated zone); sub-surface and ground 

water flows are, at present, seldom modelled. The reason for this is that in highly 

impervious areas sub-surface flows are generally little (Zoppou, 2001). Nonetheless, 

there are some urban areas in which groundwater infiltration is significant and the 

exchange of groundwater with the drainage system or with adjacent water courses 

needs to be accounted for explicitly (see for example MacDonald et al. (2007)). In 

the case studies considered in this thesis, groundwater interactions are not 

significant; therefore, only infiltration in the upper soil layer will be modelled. 

Consequently, in this section only methods for modelling infiltration of rainfall into 

the unsaturated upper soil zone are described. For details on the modelling of 

groundwater and its interactions with urban drainage systems, the reader may refer 

to  Todd & Mays (2005), Rossman (2010) and Innovyze (2011). 

During the last century, a number of methods for estimating infiltration from the 

ground to the top soil zone have been developed, including physically-based as well 

as empirical ones. The most widely used physically-based approaches are the Green 

and Ampt’s (1911) and Richards’ (1931) equations (for details of these approaches 

see Chow et al. (1988)). With regard to empirical approaches, amongst the most 

commonly used are Horton’s (1940) model, fixed percentage runoff models, and the 

US Soil Conservation Service (SCS) (1986) Curve Number model. Horton’s model 

assumes an exponential decay in the infiltration rate, until a constant rate is reached 

when the upper soil zone becomes saturated (more information about this model 

can be found in Chow et al. (1988)). In fixed percentage runoff models, a 

dimensionless runoff coefficient 𝐶 (taking values from 0 to 1), which represents the 

proportion of net rainfall which becomes runoff, is established for the different land 

uses present in the catchment. The amount of runoff at each time step and for each 

land use is estimated by multiplying the net rainfall (i.e. after initial losses have been 

deducted) by the runoff coefficient 𝐶 (for recommended values of C see Butler & 

Davies (2011)). The SCS Curve Number model was developed from empirical 

analysis of runoff from small catchments in the US and estimates runoff based on the 
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catchment’s hydrologic soil group, land use, treatment and hydrologic conditions 

(more information about this model can be found in  Mishra & Singh (2003)). While 

the SCS Curve Number model was developed based upon data from US catchments, 

it is widely used around the world. Similar, yet not as world-widely-used, empirical 

runoff volume models have been developed for other countries. This is the case of 

the UK, where regression equations have been derived –based upon data from 

multiple UK catchments– in order to estimate a dimensionless runoff coefficient 

which can be applied to estimate the proportion of rainfall that will become runoff 

(in the same way as described for fixed percentage runoff models).  The first of such 

UK empirical equations was the so-called percentage runoff (PR) equation (HR 

Wallingford, 1983), which enables estimating a dimensionless runoff coefficient as a 

function of the percentage of imperviousness within the catchment area under 

consideration, the soil type and the antecedent wetness of the catchment before the 

start of a storm event. While this equation was useful and was widely used to model 

runoff volumes in multiple catchments across the UK, it was found to have several 

limitations, including underperformance in the case of catchments with a large 

proportion of pervious surfaces and during long-duration storms, when catchment 

wetness was very high. Moreover, given that the equation did not allow dynamic 

update of catchment wetness conditions, it was unsuitable for extended (long 

period) simulations (Butler & Davies, 2011; Innovyze, 2011). In order to address 

these limitations, a new empirical equation, so-called New UK PR model, was 

developed in 1990 based on data from 11 catchments and 112 storm events 

(Packman, 1990). In this new equation runoff is calculated separately for impervious 

and pervious areas (not combined, as in the PR equation) and catchment wetness is 

allowed to vary dynamically throughout a storm event; this is achieved by 

estimating a PR coefficient at each time step as follows: 

 𝑃𝑅 = 𝐼𝐹 ∗ 𝑃𝐼𝑀𝑃 + (100 − 𝐼𝐹 ∗ 𝑃𝐼𝑀𝑃) ∗ 𝑁𝐴𝑃𝐼/𝑃𝐹 (2-7) 

where: 

𝐼𝐹: effective impervious area factor (i.e. proportion of impervious surface which is 

assumed to be directly connected to the drainage network).  

𝑃𝐼𝑀𝑃: percentage of impervious area 
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𝑁𝐴𝑃𝐼: new antecedent precipitation index corresponding to a 30-day antecedent 

precipitation index. The NAPI is estimated as ∑ 𝑃𝑛 ∗ 𝐶𝑠𝑜𝑖𝑙
𝑛−0.5

𝑛=1,30 , where 𝑃𝑛 

corresponds to the precipitation on day 𝑛 and 𝐶𝑠𝑜𝑖𝑙 is a factor reflecting soil moisture 

reduction rate (the value of 𝐶𝑠𝑜𝑖𝑙  depends on the type of soil).  

𝑃𝐹: porosity factor representing the soil moisture storage depth (mm); it is, the soil 

depth that is wetting and drying. 𝑃𝐹 was calibrated using the data from the 11 

catchments mentioned above and a value of 200 mm was obtained. This value is 

therefore recommended as default when calculating 𝑃𝑅. 

The resulting PR can then be applied to estimate the proportion of rainfall that will 

become runoff. More details on the New UK PR equation, including recommended 

values for parameter 𝐶𝑠𝑜𝑖𝑙,  can be found in Osborne (Osborne, 2001). 

The New UK PR equation was used for a long time and is still widely used nowadays; 

however, it has been found to be unable to properly represent runoff fluxes across 

different urban surfaces, as well as variations in infiltration resulting from 

(rainfall-induced) catchment wetness. This has even resulted in modellers having to 

implement two different models: one for summer and one for winter (UKWIR, 

2013). Moreover, the New UK PR equation was found to over-predict runoff flows 

when high return period storms are simulated, which could have significant impacts 

in the sizing of major capital schemes (Terry & Margetts, 2004). In view of this, a UK 

Water Industry Research (UKWIR) project was commissioned in 2012 to develop an 

improved, yet still empirical, urban infiltration model. The developed runoff model, 

so-called UKWIR equation, was released in 2014 (Kellagher, 2014). It is based on an 

extension of the New UK PR equation and includes additional terms to better 

account for runoff generation at different surface types and under varying 

catchment wetness conditions and seasons. A full description of this model can be 

found in Kellagher (2014). It is worth mentioning that, although practical, empirical 

infiltration models such as the ones described above are intrinsically limited by the 

extent and diversity of its original calibrating datasets, both in terms of catchment 

characteristics and storm patterns. As such, they must be applied with caution, 

paying due attention to the characteristics of the catchment and storm events under 

consideration, in relation to those for which the given method was developed. 
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2.4. Overland flow modelling 

Overland flow refers to the movement of runoff water across the urban surface after 

rainfall, either before it enters the sewer system, or after it leaves the sewer as 

floodwater. The first stage of the flow (i.e. from the point at which runoff is generated 

until it enters the sewer system) is commonly referred to as runoff concentration or 

conveyance. The second stage (i.e. flow of flood water from surcharged sewers) is 

known as exceedance flow or sewer flooding. In reality the two stages of overland 

flow are closely related and may occur simultaneously. Nonetheless, for modelling 

purposes they have been commonly treated separately; although this is starting to 

change, as a result of the increasing use of fully-distributed models.  

Since the appearance of stormwater models in the 1970’s (Zoppou, 2001), a number of 

methods have been developed to simulate overland flow. Initially, only methods for 

simulating runoff concentration (i.e. first stage of overland flow) in semi-distributed 

models were used (see Section 2.4.1) and sewer flooding (i.e. second stage of overland 

flow) was accounted for in a simplistic way (see Section 2.4.2). However, the increasing 

threat posed by urban pluvial flooding and the current trend towards more sustainable 

urban drainage systems have triggered efforts to better represent overland flows. As a 

result and thanks to developments in computer power and Geographic Information 

Systems (GIS), increasingly sophisticated approaches for modelling overland flows, 

including runoff concentration and sewer flooding, have emerged over the last few 

years and its practical application is quickly spreading (e.g. 1-dimensional (1D) and 

2-dimensional (2D) models of the urban surface tightly coupled to models of the sewer 

system in what is known as the dual-drainage concept (Djordjević et al., 2005) – see 

Sections 2.4.4 and 2.4.5).   

Some of the existing approaches to overland flow modelling are suitable for simulating 

both stages of it (i.e. runoff concentration and exceedance flow), but some are limited to 

the modelling of only one of the stages. In fact, it is possible that in a single stormwater 

model one approach is used to simulate runoff concentration and a different one is used 

to represent sewer flooding or exceedance flow.  

Table 2-2 summarises the existing modelling approaches for the two stages of overland 

flow. The black arrows indicate the possible combinations of runoff concentration and 
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sewer flooding modelling approaches that can be used within a given stormwater 

model. A description of each of these approaches is provided afterwards, including a 

review of their development and current practice.  

 Table 2-2: Modelling approaches for the two stages of overland flow. 

 

2.4.1. Runoff concentration modelling at sub-catchments (in semi-distributed 

models) 

As was previously explained, in semi-distributed models rainfall is inputted through 

sub-catchments. Within each sub-catchment rainfall is assumed to be spatially uniform 

and effective rainfall or runoff (ℎ𝑒𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒) is estimated for the sub-catchment as a whole. 

In these models, runoff concentration modelling consists in transforming the estimated 

runoff volume for each sub-catchment into a runoff hydrograph at the outlet point of the 

sub-catchment, which is normally an entry point to the sewer system, but may also be 

another sub-catchment or a node of a 1D model of the surface (1D surface models are 

described in Section 2.4.4). This transformation is based on an estimation of the time it 

takes for the runoff to reach the outlet of the sub-catchment, considering the storage 

provided by the sub-catchment and the delay it induces. Two general approaches are 

currently used for modelling runoff concentration in sub-catchments in 

semi-distributed models: unit hydrograph and kinematic wave. The unit hydrograph is a 

conceptual approach based on the idea that a unique and time-invariant hydrograph 

results from effective rain falling over a particular catchment. A characteristic unit 

hydrograph can be estimated for each sub-catchment which represents its response to a 

unit depth of effective rain of a given duration. Once derived, the unit hydrograph can be 
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used to construct the hydrograph response to any rainfall event based on the principles 

of constancy, proportionality and superposition (Butler & Davies, 2011). Routing 

models based on the concept of the unit hydrograph include synthetic unit hydrographs, 

time-area diagrams, reservoir models and the Muskingum method. The kinematic wave 

approach is a simplification of the physically-based shallow water or de Saint-Venant 

Equations, which are described in Section 2.5. For information about these routing 

models the reader may refer to (Chow et al., 1988; Zoppou, 2001; Butler & Davies, 

2011). Figure 2-6 illustrates the concept of runoff concentration modelling at sub-

catchments in semi-distributed models. It is important to note that this modelling 

approach is only used to represent the first stage of overland flow (i.e. runoff 

concentration).  

 
Figure 2-6: Runoff concentration modelling in semi-distributed models. 

2.4.2. Simplified modelling of exceedance flow 

Until recently, and even now –depending on the purpose of the model–, exceedance flow 

has been represented in a simplistic manner. The simplistic approaches traditionally 

used for representing the flood water coming from surcharged pipes are the following 

(Innovyze, 2011): 
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• Virtual reservoir: a virtual reservoir with user-defined geometry is assumed on top 

of each manhole. When sewers surcharge and pressure is enough to cause overflow, 

flood water is temporarily stored in the virtual reservoir. The stored volume is 

normally allowed to flow back to the underground pipe system once the system 

resumes free-surface flow. 

• Virtual water column: this approach is similar to the virtual reservoir, with the 

difference that the cross-sectional area of the storage column on top of each 

manhole is assumed to be the same as that of the plan area of the manhole.  

• Lost volume: any flood water coming from the underground pipe system is 

removed from the model. 

 
(a) 

 
(b) 

 
(c) 

Figure 2-7: Traditional simplified approaches for modelling exceedance flow: (a) virtual 
reservoir; (b) virtual water column; (c) lost volume (Innovyze, 2011).  

These approaches may be functional and give an indication of the order of magnitude of 

sewer flood volume (Butler & Davies, 2011). As such, they may be sufficient in cases in 

which the focus is on the estimation of sewer flows (e.g. for implementation of real-time 

control strategies, simulation of the occurrence of combined sewer overflows). 

However, in cases in which accurate representation of flooding is required, these 

simplified approaches are, without a doubt, unrealistic and insufficient, often leading to 

overestimation of flood depths and providing limited information regarding flood 

extent and flooding mechanisms  (Mark et al., 2004). 
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2.4.3. Transition towards explicit representation of exceedance flows  

With the purpose of improving the modelling of urban pluvial flooding and, more 

generally, of overland flows, a number of studies were conducted during the 1990’s and 

early 2000’s (Djordjević et al., 1991; Maksimović & Prodanovic, 2001; Schmitt et al., 

2004) which highlighted the limitations of the simplistic approaches mentioned above 

and concluded by emphasising the need for a better representation of exceedance flows 

over the urban surface and of the interactions between the surface and the sewer 

system.  

This, together with advances in simulation techniques, GIS and remote sensing during 

the 1990’s led to the incorporation of the dual-drainage concept into the modelling of 

urban drainage systems. This concept was introduced in North America in the eighties 

(Ellis et al., 1982) and refers to the integrated use of the two sub-systems which make 

up urban drainage systems: the minor system (i.e. underground pipes) and the major 

system (overland flow paths, including streets, interconnected swales, watercourses 

and other surface features). The incorporation of this concept into urban drainage 

models entails explicit and more consistent treatment of the minor and major systems 

and of their interactions, which leads to better design of both sub-systems and also to 

more reliable simulation of urban pluvial flooding and analysis of the consequences 

(Djordjević et al., 2005).  

When the dual-drainage concept started to be incorporated in urban drainage models, 

the modelling of the minor system (i.e. underground sewer system) was pretty much a 

solved problem (see Section 2.5). The main challenges were therefore the modelling of 

exceedance flows over the urban surface (i.e. modelling of the major system) and of the 

interactions between the major and minor systems. The first step in this process was 

the development of 1D models of the urban surface, which were coupled to a model of 

the sewer system. This was followed by more sophisticated, but also more 

computationally demanding, 2D models of the surface, again coupled to sewer models. 

More recently, hybrid models of the surface, which combine 1D and 2D approaches, 

have been developed with the aim of achieving a balance between accuracy and 

computational demands (Simões et al., 2011). In what follows a description is provided 

of the 1D and 2D surface modelling approaches.  
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2.4.4. 1-dimensional (1D) modelling of overland flows 

In 1D overland models the urban surface is discretised as a set of nodes connected by 

links. Nodes represent ponds or channel junctions, whereas links represent overland 

pathways through which runoff is likely to flow (e.g. streets, alleys). Nodes and links are 

characterised, respectively, by a storage capacity and geometry, which can be manually 

defined by the modeller or can be computed from the Digital Terrain Model (DTM) of 

the catchment. The flow in 1D models of the urban surface is simulated in the same way 

as the flow in sewer systems; it is, through the solution of the complete or simplified de 

Saint-Venant equations, which describe one dimensional unsteady open channel flow 

(these equations are described in Section 2.5).  

The first 1D models of the urban surface were not coupled with models of the sewer 

system, therefore the interactions between the major and minor systems were not 

considered (e.g. Heywood et al. (1997), Guo (2000)). Subsequent advances led to the 

coupling of 1D models of the surface with models of the sewer system in such a way that 

water exchange between the two systems can take place at manholes and gullies, 

depending on the flow regime at each sub-system. The resulting dual-drainage models 

are normally referred to as 1D-1D models, given that the flow in both the surface and 

the sewer system is modelled in 1D. Examples of 1D-1D urban dual-drainage models 

can be found in Lhomme et al. (2004), Djordjević et al. (2005), Nasello & Tucciarelli 

(2005), Spry & Zhang (2006). 

Nowadays, several commercial software packages allow coupling of 1D models of the 

surface with 1D models of the sewer system (e.g. SWMM (Rossman, 2010), Mike Urban 

(DHI, 2011), InfoWorks CS/ICM (Innovyze, 2012b, 2014b)). However, their 

methodology to estimate overland flow usually assumes manual (hence subjective) 

definition of the surface flow paths and ponds, which is laborious and might lead to 

unreliable representations of surface flow processes. To overcome this problem, 

research has been conducted aiming at automatically creating 1D models of the urban 

surface based on the catchment DTM. Examples of this can be found in Lhomme et al. 

(2004) and Balmforth & Dibben (2006). In fact, a simple, hence not so accurate, 

approach for automatically generating 1D overland flow paths is available in the 

software package Infoworks CS/ICM (Innovyze, 2011, 2014a). A more sophisticated tool 
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was introduced by Maksimović et al. (2009), known as the Automatic Overland Flow 

Delineation (AOFD) tool. Based on an accurate DTM of the catchment and using a rolling 

ball algorithm, the AOFD tool generates a 1D model of the surface which can realistically 

represent the overland flow, taking into account processes such as pond forming, flow 

through preferential pathways and surface drainage capacity. Furthermore, the models 

generated with the AOFD tool also take into account the interactions with the sewer 

system, which take place at the manholes, inlets and gullies. The output of the AOFD tool 

is a set of shapefiles which contain the information about the elements (i.e. ponds and 

pathways) that constitute the 1D model of the overland network. These files can be 

imported into several hydraulic simulation software (e.g. InfoWorks CS and SIPSON, 

SWMM) and can be easily coupled with 1D models of the sewer system, thus allowing 

for the creation of 1D-1D dual drainage models. Details of the algorithm and 

instructions for running the AOFD tool can be found in Boonya-Aroonnet et al. (2007), 

Maksimović et al. (2009) and Leitao & Ochoa-Rodriguez (2012). An example of a 1D 

model of the urban surface generated with the AOFD and implemented in InfoWorks CS 

is shown in Figure 2-8. 

 
(a) 

 
(b) 

Figure 2-8: 1D model of the overland network of the Cranbrook catchment (UK) generated with 
the AOFD tool: (a) entire catchment; (b) detail. 

Recent advances in simulation techniques, increased computer power and availability of 

high-resolution terrain data have made possible the implementation and widespread 
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use of 2D models of the urban surface (described in Section 2.4.5). This has raised 

questions about how 1D models of the surface compare to 2D models. A number of 

studies have been conducted on this matter and the following conclusions have been 

achieved (Mark et al., 2004; Lhomme et al., 2006; Spry & Zhang, 2006; Allitt et al., 2009; 

Leandro et al., 2009):  

• 1D models’ runtimes are, at present, significantly shorter than those of 2D models. 

This constitutes one of the main advantages of 1D models over 2D models and 

makes 1D models more suitable for real time applications. 

• 1D models provide a good approximation of the surface flow in areas where the flow 

is well channelled. For example, in streets, as long as the water remains within the 

street or channel profile. However, their accuracy is insufficient in areas with 

multidirectional flow paths, as is the case of flat areas and when the flow overtops 

the curbs in the streets. 

• The visualisation of 1D models’ results is poor, making it hard to communicate to 

non-technical audiences. This could be improved through post-processing of 1D 

surface simulation results.   

• The setup of 1D models of the surface is more complex and time consuming than for 

2D models. 

Moreover, some authors have suggested that the two approaches (i.e. 1D and 2D models 

of the urban surface) should be combined within a single model in order to take 

advantage of their abilities and overcome their shortcomings (Blanksby et al., 2007; 

Allitt et al., 2009). Initial work in this direction was made by Simões et al. (2011), who 

presented a hybrid model which uses 1D surface models in areas where flooding is less 

critical and 2D surface models in areas at highest risk of flooding, where flood depths 

may be higher. More work is still required to facilitate the construction of hybrid models 

(which is currently done manually and is very laborious) and to optimise their 

performance.  

2.4.5. 2-dimensional (2D) modelling of overland flows 

In 2D models of the urban surface, the whole catchment is discretised as a continuous 

grid or mesh of regular or irregular elements. Such discretisation is based on the DTM of 

the catchment, in addition to land use and soil type maps from which the parameters of 
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each grid element can be obtained (e.g. roughness, land cover, soil properties). 

Mathematically, each grid element is represented as a point with spatial coordinates 

(X, Y, Z), and model parameters as well as rainfall inputs are assumed to be spatially 

homogeneous within each element. Element size affects the resolution of the 

representation of the physical properties of the study area as well as the size of the 

computer model and its resulting run times. It is up to the modeller to select an 

appropriate grid element size, such that an acceptable compromise between accuracy 

and run time is achieved. An example of a 2D model of the urban surface implemented 

in InfoWorks CS is shown in Figure 2-9. 

 

  
(a) (b) 

Figure 2-9: 2D model of the surface implemented in InfoWorks CS 10.5 based on 1 m resolution 
LiDAR data and using the Shewchuk Triangle meshing functionality of this software packag: (a) 

entire catchment; (b) detail. 

When this type of model is used, overland flow must necessarily be modelled in 2D; it is, 

by considering two orthogonal components of the flow (X, Y), whereas in 1D models 

only one component is considered. The 2D flow routing can be done using 

physically-based or conceptual models. In physically-based models the complete or 

simplified 2D continuity and momentum shallow water equations are resolved (these 

equations are briefly explained in Section 2.5). Physically-based 2D models of the 

surface were first coupled with 1D models of the sewer system in research applications 

(e.g. Hsu et al. (2000); Chen et al. (2005); Chen et al. (2007)), thus originating the first 
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1D-2D dual drainage models. The operational use of such models has increased 

significantly over the last few years and nowadays several commercial software 

packages allow physically-based 1D-2D dual drainage modelling (e.g. InfoWorks CS and 

ICM (Innovyze, 2012b, 2013), Sobek (Bolle et al., 2006; Deltares, 2013), TUFLOW 

(Phillips et al., 2005), MIKE Urban (Carr & Smith, 2006; DHI, 2011), XPSWMM (XP 

Solutions, 2012). Physically-based 2D overland flow models involve a lower degree of 

averaging of fundamental hydraulic equations than 1D models and therefore can be 

considered as a more realistic description of flow conditions. This is particularly the 

case when surface flows are not limited to well-defined routes along roads or surface 

channels, when flooding is mainly a “ponding” process with relatively slow water 

movement and when extreme events occurs, in which case most of the urban surface is 

covered with flood water. An obvious advantage of 2D models over 1D models is the fact 

that flow routes are not pre-defined and water spreading over the surface is driven by 

topography, urban features and physical laws. Moreover, the setup of 2D models is 

simpler than that of 1D models and the visualisation of 2D modelling results is also 

better (Allitt et al., 2009). In spite of the advantages of 2D models of the surface, the 

solution of the 2D shallow water equations turns out to be highly computationally 

demanding and time consuming. Despite recent advances in modelling and increasing 

computer power, physically-based 2D models of the urban surface remain too 

computationally intensive and the associated runtimes are still too long; this is 

especially critical when the area of application is large, when probabilistic approaches 

involving multiple simulations are required, and for real-time applications such as 

urban pluvial flood forecasting and warning (Neal et al., 2010; Neelz & Pender, 2010). A 

number of approaches have been developed with the aim of decreasing the 

computational requirements and associated runtimes of 2D overland flow models. Some 

of these approaches remain physically-based, for example (Chen et al., 2012; Neal et al., 

2012): 

• Grid coarsening together with porosity-based methods for representing sub-grid 

features in coarse resolution models (Yu & Lane, 2006a, 2006b; McMillan & 

Brasington, 2007) 

• Adaptive grid-based methods (Wang & Liang, 2011) 

• Multi-layered coarse grid methods (Chen et al., 2012) 
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• Simplification of the shallow water equations and development of different 

numerical schemes for solving them (Bradbrook et al., 2004; Lamb et al., 2009; Bates 

et al., 2010; Fewtrell et al., 2011; Neal et al., 2012; Seyoum et al., 2012) 

• Parallelisation (Neal et al., 2010; Yu, 2010) 

• Use of graphics processing units - GPUs (Lamb et al., 2009; Kalyanapu et al., 2011; 

Syme et al., 2012; Walker, 2012; Smith et al., 2013)3 

Other approaches, however, fall within the realm of conceptual models. In conceptual 

models the floodplain is treated as a series of discrete basins or storage cells and 

conceptual relationships (which only satisfy the continuity equation) are used to 

model the flow between them (Hunter et al., 2006). In general, conceptual models keep 

many of the advantages of physically-based 2D models of the surface, while significantly 

reducing computational requirements. However, conceptual models do not allow 

prediction of water velocity (Liu & Pender, 2010) and may give wrong results in the 

case of complex topographies (Neelz & Pender, 2010). Examples of conceptual models 

include Cellular Automata (CA) approaches (Guo et al., 2007; Dottori & Todini, 2010; 

Ghimire et al., 2011; Liu & Pender, 2013), Flood Risk Mapper (Mouchel, 2010), 

Flowroute (Ambiental, 2012), Rapid Flood Spreading Model (RFSM) (Gouldby et al., 

2008; Lhomme et al., 2009), and the Rapid Flood Inundation Model (RFIM) (Krupka et 

al., 2007) which was later on improved to account for the rate of flow inflow and the 

frictional resistance of the flood plain (Liu & Pender, 2010).  

The comparison of the different approaches to 2D overland flow modelling has been the 

subject of a number of recent studies. Comparisons of the conceptual RFSM and RFIM 

models against fully hydrodynamic models indicate that, in general, these conceptual 

models are capable of producing comparable predictions (in terms of flood depth and 

extent) with significantly less computer effort and shorter runtimes (Lhomme et al., 

2009; Liu & Pender, 2010; Neelz & Pender, 2010); however, as was mentioned above, 

bad quality results may be obtained in the case of complex topographies, thus limiting 

the application of these models to relatively large scale applications where dynamic 

                                                        

3 Some of these works cited above correspond to developments in commonly used commercial software 
packages: JFLOW (Bradbrook et al., 2004), JFLOW-GPU (Lamb et al., 2009), LISFLOOD-ACC (Bates et al., 
2010), TUFLOW-GPU (Syme et al., 2012), InfoWorks ICM-GPU (Walker, 2012). 
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effects are less significant in determining the direction of water movement (Neelz & 

Pender, 2010). Moreover, these studies suggest that the incorporation of multiple 

spilling, frictional effects and rate of inflow in rapid flood simulation models 

significantly improves their performance (Lhomme et al., 2009; Liu & Pender, 2010). 

Neelz & Pender (2010) also compared the conceptual Flood Risk Mapper (Mouchel, 

2010) against fully hydrodynamic models and reported significant difference in the 

results, thus suggesting that further work on these packages is required. Other studies 

have focused on the comparison of full and simplified physically-based models (Hunter 

et al., 2008; Neelz & Pender, 2010; Fewtrell et al., 2011; Neal et al., 2012); it is, models 

based on the solution of the full or simplified shallow water equations (the common 

simplifications of these equations are referred to as diffusion and kinematic or inertial 

models, these are described in Section 2.5). In general, flood depths predicted by models 

based on simplified equations are comparable to those predicted by full shallow water 

equation models (Hunter et al., 2008; Neelz & Pender, 2010; Fewtrell et al., 2011; Neal 

et al., 2012); however, their performance is less comparable in the prediction of 

velocities and in areas where supercritical flow is observed and where momentum 

conservation is important (e.g. prediction of water levels and velocities in complex flow 

fields)  (Neelz & Pender, 2010; Neal et al., 2012). Moreover, these studies indicate that 

there is no consistent saving in computational effort when applying simplified equation 

models instead of complete ones; in fact, the diffusive model may eventually require 

longer simulation times than the full shallow water equations one (Neelz & Pender, 

2010; Neal et al., 2012). Recent studies have also analysed the relative impact of the 

numerical approximation that is used as compared to the impact of grid resolution, 

errors in topography data and model parameters. According to Fewtrell et al. (2011), 

errors in coarse scale topographic datasets are significantly larger than differences 

between numerical approximations. Moreover, Hunter et al. (2008) concluded that 

terrain data available from modern LiDAR systems (with 1-5 m horizontal resolution) 

are sufficiently accurate and resolved for simulating urban flows; when these 

high-resolution data are available, uncertainty in friction and model parameters become 

more dominant factors than topographic errors. The best way to reduce uncertainty in 

model predictions is to better estimate model parameters through robust calibration; 
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however, to date few records of urban flooding are available and no mechanisms for 

routine monitoring of these events or post-event reconstruction are in place. 

In addition to the above mentioned approaches to reduce computational requirements 

and runtimes of 2D models of the surface, Simões et al. (2011) proposed a ‘hybrid 

modelling’ approach (already described in Section 2.4.4) which consists in combining 

1D and 2D models of the surface within a single flood model, so that the advantages of 

each of these approaches can be exploited and their shortcomings can be overcome.  

As indicated in Table 2-2, when 1D-2D (i.e. 1D sewer model – 2D surface model) 

dual-drainage models are used, it is possible to apply the rainfall through 

sub-catchments or directly to the 2D model of the surface. Using sub-catchments has the 

advantage of being significantly faster; however, in this case flood water will only reach 

the surface when the sewer system surcharges.  

As can be seen, there are numerous approaches for modelling overland flow, each of 

which has advantages and disadvantages. The selection of an appropriate approach will 

depend on the specific characteristics of the area of interest, on the data and software 

tools that are available, and on the purpose of the modelling exercise. 

2.5. Sewer flow modelling 

Surface runoff enters the sewer system through gully inlets and manholes at a rate 

determined by the conveyance capacity of these connection elements and of the sewer 

system. In combined systems, sewers permanently carry wastewater and their flow is 

further increased by runoff during storm events. Wastewater flows alone (i.e. without 

stormwater) are referred to as ‘dry weather flows’ (DWF) and generally exhibit 

repetitive-like diurnal patterns. DWF patterns can be determined through the analysis 

of flow records during dry weather periods and constitute an additional input to sewer 

models of combined systems. For details about the estimation of DWFs the reader may 

refer to Butler & Davies (2011), Rodríguez-Sánchez et al. (2012) and Schilperoort et al. 

(2012). 

In general, sewer systems are modelled as a set of links and nodes. Links normally 

represent conduits, but may also be used to represent ancillary structures such as weirs, 

orifices, valves and pumps. Nodes generally represent manholes or gullies, where 
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additional energy losses take place and bi-directional exchange of flow volume between 

the sewer system and the surface may occur. Nodes are also used to represent storage 

structures such as lakes, ponds and tanks.   

The flow in sewer systems is unsteady (i.e. both flow-rate and depth change with time) 

and can be considered one-dimensional 4  (1D). Under normal conditions, it is 

free-surface flow, but when urban pluvial flooding occurs the sewers become full and 

may act as conduits under pressure (this is known as surcharge). There are two general 

approaches for modelling unsteady flow in sewers: physically-based hydrodynamic 

models and conceptual models. The former are based on the solution of a complete or a 

simplified version of the continuity and momentum equations for one-dimensional flow, 

i.e. the de Saint-Venant equations. The solution of these equations (whether it is the full 

version or an approximation) is in general complex and computationally demanding. 

With the purpose of reducing complexity and run times, a number of simpler conceptual 

models have been developed to represent flow in sewers. These conceptual models 

(often referred to as hydrologic models) only satisfy the continuity equation and use 

conceptual cause-effect relations instead of momentum equations (Vaes et al., 1998; 

Zoppou, 2001; Vaes et al., 2002; Achleitner et al., 2007; Wolfs et al., 2013). Although 

conceptual models are faster and less computationally demanding, they are unable of 

representing phenomena such as pressurised flow and back water effects. In cases in 

which these phenomena are common and relevant for the modelling exercise (e.g. when 

urban pluvial flooding may occur and the modeller wishes to represent it accurately), 

physically-based approaches should therefore be adopted to simulate sewer flow. The 

de Saint-Venant equations upon which these approaches are based are described in the 

next section. These equations were originally developed for free-surface, so a special 

‘strategy’ had to be implemented to allow its application under surcharge conditions; 

such strategy or concept is the ‘Priessman slot’, which is also described in what follows. 

  

                                                        

4 Flow is assumed to be one-dimensional when depth and velocity vary only in the longitudinal direction 
of the channel, which implies that the velocity is constant and the water surface is horizontal across any 
section perpendicular to the longitudinal access. In general, this is true for flow in sewers. 
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The de Saint-Venant equations 

The de Saint-Venant equations, first published by A.J.C. Barré de Saint-Venant in 1871, 

describe one-dimensional unsteady open channel flow, which is applicable to the flow in 

sewers (except when surcharge occurs). These equations are the one-dimensional form 

of the “shallow water flow equations”, which in turn are a simplification of the general 

Navier-Stokes equations for surface flow (where the vertical dimension is much smaller 

than the horizontal one, thus allowing for a simplification) (Schmitt et al., 2004). A 

complete derivation of the de Saint-Venant equations and details regarding the 

assumptions under which they were derived (and therefore under which they are valid) 

can be found in Chow et al. (1988).  

The de Saint-Venant equations are two equations: a mass conservation or continuity 

equation (Eq. (2-8)) and a momentum conservation or dynamic equation (Eq. (2-9)). In 

their conservative form, these equations are written in terms of flow rate as follows:  

 𝜕𝐴

𝜕𝑡
+
𝜕𝑄

𝜕𝑥
− 𝑞 = 0 
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(2-9) 

where: 

𝐴: cross-sectional area 

𝑡: time 

𝑥: direction parallel to the channel bed 

𝑦: flow depth 

𝑞: lateral inflow rate 

𝛽: momentum coefficient or Bousinesq coefficient, which accounts for the non-uniform 

distribution of velocity at a channel cross section in computing the momentum (its 

value ranges from 1.01 for straight prismatic channels, such as sewers, to 1.33 for river 

valleys with flood plains)  
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𝑆0: bed slope 

𝑆𝑓: friction slope. This may be estimated approximately using one of the friction 

equations for uniform flow (e.g. Gauckler-Manning or Darcy-Weisbach in combination 

with Colebrook-White) with actual flow velocities and depths 

𝑆𝑒: eddy loss slope 

v𝑥: flow velocity in the 𝑥 direction 

𝑊𝑓: wind shear factor 

𝐵: surface width (i.e. width of the channel section at the free surface) 

The terms indicated in Equation (2-9) represent the different physical processes which 

govern the flow momentum. These are:  

T1: local acceleration, representing the change in momentum due to the change in 

velocity over time  

T2 and T7: convective acceleration, representing the change in momentum due to 

change in velocity along the channel caused by inflow entering from the upstream end 

of the channel (T2) and by lateral inflow (T7). Lateral inflow is seldom present in 

sewers and T7 is generally neglected, even in models in which the most complete form 

of the de Saint-Venant equations is adopted (i.e. dynamic wave models, which are next 

described) 

T3: acceleration due to unbalanced pressure force 

T4: acceleration due to gravity force  

T5: acceleration due to frictional forces created by the shear stress along the bottom 

and sides of the slice of channel 

T6: acceleration due to minor energy losses resulting from eddy motion caused by 

abrupt contraction or expansion of the channel. Such losses are seldom present in 

sewers, as their cross sections are usually constant 

T8: acceleration due to wind shear force. This term is commonly neglected in sewer 

flow modelling 
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For very special and simple problems, the de Saint-Venant equations can be solved 

using analytical solutions. However, for more complex problems (which is usually the 

case), numerical schemes such as finite differences, finite elements or the method of 

characteristics are used (Zoppou, 2001; Beven, 2012). The most common method of 

solution of these equations is the finite differences, which entails splitting distance and 

time into small steps (Butler & Davies, 2011). The finite difference method can be 

formulated as an implicit or explicit scheme. In explicit schemes (e.g. Rossman (2010)) 

the equations are rearranged such that a single unknown value is written in terms of 

known values. This results in a number of simpler linear equations which can be solved 

directly. Although simple, explicit schemes are conditionally stable under the Courant 

condition, which establishes a limit on the maximum allowable time step. In implicit 

schemes (e.g. Jin et al. (2002), Mark et al. (2004), Innovyze (2011), DHI (2011)) the 

unknown value is not isolated and the resulting set of finite difference equations is 

therefore more difficult to solve. However, implicit schemes have the advantage of not 

having any restriction on the time step. Allowing longer time steps may therefore 

compensate for the additional computational effort required to solve the system of 

implicit equations. Although implicit schemes are more stable than explicit ones, it is 

virtually impossible to ensure the complete stability of any of them. Particular 

instability problems may arise in both schemes when the input data contains rapid 

changes and in the transition between pressurised and free-surface flow. Such problems 

may be partially overcome with numerical methods (e.g. automatic adjustment of the 

time step in order to reach convergence); however, complete stability, especially when a 

phenomenon such as urban pluvial flood modelling is being simulated, cannot be 

ensured. 

The solution of the de Saint-Venant equations is computationally demanding. Given the 

relative importance of the terms of the momentum equation, some of them may be 

neglected under specific circumstances, thus resulting in simplified models, the solution 

of which requires less computational effort. The simplest model is the ‘kinematic wave’ 

approximation, which neglects local acceleration (T1), convective acceleration (T2 and 

T7), and pressure terms (T3), in addition to wind shear force, which is generally 

neglected in all models. This approximation therefore neglects variations with time and 

distance. A less drastic simplification is the ‘diffusion wave’ approach, which neglects 
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local acceleration and convective acceleration (T1, T2 and T7), but not pressure terms 

(T3); this implies neglecting changes with time, but not with distance. The ‘dynamic 

wave’ approach considers all the terms of the momentum equation, taking into account 

variations with time and distance. Table 2-3 summarises the hydraulic conditions 

accounted for in each of these three approaches. 

Table 2-3: Conditions accounted for in the complete and simplified versions of the de 
Saint-Venant equations (Butler & Davies, 2011)  

Hydraulic condition 
accounted for 

Kinematic wave Diffusion wave Dynamic wave 

Wave translation Yes Yes Yes 

Backwater effects and 
flow reversal 

No Yes Yes 

Wave attenuation No Yes Yes 

Flow acceleration No No Yes 

 

As has been mentioned, the de Saint-Venant equations were developed for free-surface 

flow, which is normally the case in sewer systems. However, extreme rainfall may cause 

the sewers to surcharge; it is, sewers may become full and run as full pipes under 

pressure, instead of as open channels. In order to allow the application of the de 

Saint-Venant equations in pressurised flow, the concept of the Preissmann slot was 

introduced (Preissmann, 1961). The Preissmann slot is a conceptual vertical and 

narrow slot into the pipe soffit, which allows conceptual free surface condition for the 

flow when the water level is above the top of a closed conduit (Figure 2-10). The width 

of the slot is estimated such that it does not have a significant effect on continuity; the 

resulting slot width is around 2 % of the conduit width (Butler & Davies, 2011; 

Innovyze, 2011). In order to avoid abrupt changes in surface width and wave celerity, a 

transition between the pipe geometry and the width of the slot is frequently included 

within models.  
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Figure 2-10: Preissmann slot (Innovyze, 2011). 

2.6. Uncertainty, calibration and predictive performance of urban 

stormwater drainage models 

A model is, by definition, an approximation of a real system. No matter how complex 

and well founded in theory an environmental model is, it is virtually impossible for it to 

‘perfectly’ represent the real system. The differences between the model and the real 

system may arise from a number of sources, which are referred to as ‘sources of 

uncertainty’. Before an environmental model can be used operationally, it is necessary 

to reduce as much as possible the different sources of uncertainty  and to understand 

the predictive performance and limitations of the model (McIntyre et al., 2002; Gupta et 

al., 2006; Dotto et al., 2011). A key step to achieving this is model calibration and 

verification.  

An overview is next given of the sources of uncertainty in urban stormwater drainage 

modelling.  This is followed by an overview of methods and current practice on urban 

drainage model calibration and verification, including a description of commonly used 

predictive performance indicators and ‘acceptable’ performance criteria.  

2.6.1. Sources of uncertainty in urban stormwater drainage modelling  

In the context of environmental modelling, including urban drainage modelling, the 

following sources of uncertainty can be identified (Beck, 1991; Zoppou, 2001; McIntyre 

et al., 2002; Butts et al., 2004; Maskey et al., 2004; Willems, 2008; Deletic et al., 2011): 
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a) Input uncertainty: as previously discussed, the main input to urban stormwater 

drainage models is rainfall data and the uncertainty associated to it has been shown 

to be one of the dominant uncertainty sources in urban drainage modelling results 

(Smith et al., 2007; Willems, 2008; Golding, 2009; Gires et al., 2012; Schellart et al., 

2012; Del Giudice et al., 2013). In addition to rainfall, boundary and initial conditions 

(e.g. catchment wetness, water levels at catchment boundaries which may limit 

discharge), as well as evaporation time series, can also be considered inputs to 

urban drainage models. Uncertainties in input data may come from inaccuracy of 

gauges, human reliability and sampling errors (including errors derived from 

insufficient spatial and/or temporal sampling). As indicated in Chapter 1, the main 

motivation of this thesis is to improve the rainfall estimates used as input to urban 

drainage models; this will effectively reduce input uncertainty. 

b) Model structure uncertainty: this refers to uncertainty due to assumptions in model 

equations, model building, and other “inexactnesses” derived from the 

conceptualisation of the real system into a model. In the context of urban drainage 

models, model structure uncertainties may arise from simplification or errors in the 

representation of any of the urban runoff ‘stages’ described in this chapter (that is, 

runoff generation, overland routing and sewer routing). For example, in urban 

drainage models, model structure uncertainties may arise from the use of empirical 

runoff volume estimation equations which are limited to the extent of the dataset 

based on which they were derived, from simplification of runoff routing processes in 

the case of semi-distributed models, from use of conceptual models for sewer flow 

routing, from use of empirical roughness equations, from over-simplified modelling 

or even neglection of sewer inlet capacity, from simplifications in the modelling of 

complex ancillary structures, and from errors in model building derived from 

erroneous or insufficiently detailed datasets (e.g. coarse resolution or erroneous 

DTMs, erroneous land use and soil data which may lead to incorrect parametrisation 

of runoff volume and routing models, lack of information about gully and/or private 

connections, amongst others). For further details on the modelling of each of these 

runoff phases (including existing modelling approaches and their assumptions and 

simplifications), please refer to the previous sub-sections of this chapter.  
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It is up to the modeller to select suitable modelling approaches (i.e. model structure) 

based upon consideration of available datasets both for model build and calibration, 

available resources (including software tools, computational power, human, 

monetary and time resources) and the purpose of the modelling exercise. While 

more complex and physically-based model structures often lead to better model 

predictive performance (Del Giudice et al., 2015), this is not always the case. For 

example, Pina et al. (2016) recently compared the fully-distributed and semi-

distributed urban drainage of two pilot catchments respectively located in London 

(UK) and Coimbra (Portugal). The models were setup based on typically available 

terrain, land use and sewer records datasets, including 1 m resolution LiDAR-based 

DTM, OpenStreetMap land use data and sewer records provided by the respective 

water utilities. In general, the fully-distributed models led to gross 

misrepresentation of flows in sewers, while semi-distributed models provided a 

reasonable match of observed flows. The authors concluded that currently available 

datasets are insufficient for adequately building and calibrating fully-distributed 

urban drainage models, thus highlighting the importance of considering available 

data when selecting a modelling approach.    

c) Model solution/numerical uncertainty: in urban drainage models, the main model 

solution/numerical uncertainties arise from the approximate solutions and 

numerical schemes used for solving the differential de Saint Venant equations (see 

Section 2.5) involved in sewer and -depending on the chosen overland modelling 

approach- overland flow modelling. Uncertainties may include truncation errors, 

rounding errors and errors due to numerical instability. With regards to numerical 

stability, it is recommended to use as far as possible implicit numerical schemes for 

the solution of the de Saint Venant equations, as these are more stable than explicit 

schemes. Several authors have concluded that the errors due to model solution may 

be significantly smaller than those derived from other sources, such as errors in 

topographic datasets, rainfall inputs and model parameters (Hunter et al., 2008; 

Fewtrell et al., 2011). Nonetheless, under critical circumstances, especially when 

sewer surcharge occurs, numerical instability may arise and urban drainage models 

may even crash. In these cases, the numerical schemes, time and length steps used 
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for resolving the shallow water equations become very important (Lockie, 2007; 

Kleidorfer, 2009).  

d) Parameter uncertainty: this arises due to imperfect assessment of model parameters 

derived from lack of field observations, errors in field observations, or from the 

calibration procedure, amongst other factors. Model parameters correspond to 

model ‘variables’ which either cannot be measured (e.g. runoff coefficients in the 

case of empirical runoff volume equations, runoff routing parameters in the case of 

conceptual runoff routing models) or which cannot be measured with certainty (e.g. 

fraction of impermeable area, initial losses, surface roughness). Model parameters 

are usually under the direct control of the modeller and constitute the main handling 

variables which can be tuned through the calibration process, until an acceptable 

match between the model and the real system is obtained. The selection of 

appropriate model parameters through calibration may therefore compensate for 

other sources of uncertainty. Given the interaction and inseparability of the different 

sources of uncertainty, there is always some ambiguity in the optimum effective 

parameter values (Beven & Binley, 1992; McIntyre et al., 2002). This ambiguity can 

be represented by parametric uncertainty, which can be estimated through 

uncertainty-based calibration methods. 

e) Response measurement uncertainty: responses correspond to model outputs such as 

flows, water depths and flood extent. Some of these responses are measured at 

specific points in the catchment and are used for model calibration and verification. 

Same as the errors in input data, errors in response measurements may come from 

inaccuracy of gauges, human reliability and sampling errors (including errors 

derived from insufficient spatial and/or temporal sampling). These uncertainties 

can be reduced by better designing monitoring campaigns, by calibrating gauges and 

by quality-controlling and post-processing the recorded data. However, an 

outstanding challenge for the setup and calibration of urban drainage models is the 

lack of measurements of overland runoff flows (e.g. flows along streets); this is 

particularly critical for the calibration of fully-distributed models. The difficulty in 

measuring overland runoff flows derives from these being generally shallow (often 

below sensor resolution), highly variable in space (thus requiring high spatial 

sampling) and, last but by no means least, due to their location in relation to 
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pedestrian and vehicular traffic. As a result, runoff records typically available for 

urban drainage model calibration and verification are limited to flows inside sewers, 

which are most likely insufficient for adequate calibration and verification of fully-

distributed models.  

f) Natural and operational uncertainty: due to unforeseen natural and/or operational 

causes. Urban drainage systems are highly dynamic and subject to human 

interventions. As a result, a number of “unforeseen” events can take place in these 

systems, which are difficult to capture in the models. Examples include gully and 

pipe blockages, pipe bursts, pump failure, changes in the geometry of the roads 

(even small changes in kerb’s height may influence the flow over the surface and 

failing to represent these may render overland models inaccurate), amongst others. 

Recent studies on the impact of sewer and gully operational conditions on urban 

drainage simulation results have demonstrated the importance of natural and 

operational uncertainty sources and hence the need to consider them both during 

model calibration and operational use (van Bijnen et al., 2012; Leitão et al., 2016).   

As can be seen, uncertainties in urban drainage models can arise from a variety of 

sources. Their relative impact on final modelling outputs will depend on selected 

modelling approaches, available datasets, data quality-control and thoroughness of the 

model calibration and verification. While not all uncertainty sources are under the 

control of the modeller, he/she can play an active role in identifying and reducing them 

through careful data quality-control and model calibration and verification.  

2.6.2. Overview and current practice of urban drainage model calibration and 

verification 

Model calibration is the process of adjustment of the model parameters to achieve an 

acceptable match between the model predictions and the real system. After a model has 

been calibrated, its predictive performance must be verified. Ideally, the model 

verification should be conducted using a different set of measured data as that 

employed in model calibration.  

Different approaches have been developed to calibrate models. Likewise, different 

criteria exist for assessing model predictive performance and for determining whether 

predictive performance is acceptable. In what follows an overview is first given of 
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calibration approaches. This is followed by an overview of predictive performance 

indicators and ‘acceptable’ model predictive performance criteria.   

2.6.2.1. Model calibration approaches 

Model calibration methods can be broadly categorised into deterministic and 

uncertainty-based methods.  

In deterministic methods, a single optimum parameter set is found. For this purpose, 

model parameters are initially estimated based on published values or preliminary 

analysis of the system. These are iteratively tuned (manually or automatically) and 

model runs are carried out for different parameter sets. At each iteration model 

performance (i.e. the closeness of fit) is evaluated by means of a so-called informal 

objective function or performance indicator (further details of performance indicators 

are provided in Section 2.6.2.2). The parameter tuning process continues until 

satisfactory model performance is achieved (see Section 2.6.2.2) and/or no further 

improvements in model performance are attained. It is worth noting that in 

deterministic model calibration both model input data (in this case, rainfall) and 

response measurements (in this case, runoff flows and/or depths) are treated 

deterministically; that is, their uncertainty is not considered.   

In uncertainty-based calibration methods a calibrated or optimised (a posteriori) 

parameter distribution is derived from a pre-calibrated (a priori) parameter 

distribution. Different from deterministic modelling, uncertainty-based calibration 

methods consider the response of the model over the entire a priori range of parameter 

sets, based on which the calibrated (a posteriori) parameter distribution is derived 

(McIntyre et al., 2002). The a priori parameter distributions can be based on published 

values or on preliminary analyses of the system and are often taken as uniform and 

independent (McIntyre et al., 2002; Kuczera et al., 2006; Thorndahl et al., 2008). The a 

posteriori parameter distributions are constrained by the input and response data, the 

uncertainty of which may also be taken into account throughout the calibration process 

(based on the distribution of errors associated to measured data, it is possible to create 

probability distributions of possible inputs and response data at any given time) 

(Deletic et al., 2011). During calibration, multiple model runs are carried out for 

different inputs (sampled from the input data assumed distribution) and parameter sets 
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(initially sampled from the a priori distribution) and the results are compared to the 

corresponding measured responses (also sampled from the response data assumed 

distribution). The performance of the model is evaluated by means of an objective 

function, which can either be a formal or informal one (see Section 2.6.2.2). Based on 

the analysis of the objective function response surface it is possible to select the best 

parameter sets and thus derive the a posteriori parameter distributions. Given the 

interdependence between the parameters of environmental models, the distribution of 

each parameter must be regarded as conditional on the value of all interdependent 

parameters. Therefore, it is necessary to refer to the joint parameter distribution and to 

sampled parameter sets instead of individual parameter values (McIntyre et al., 2002). 

The result of uncertainty-based calibration includes the a posteriori joint parameter 

distribution, as well as information on the misfit between modelled and observed 

output datasets given the a posteriori parameter distributions (Deletic et al., 2011). 

Given the computational requirements of uncertainty-based calibration, this approach 

is, to the author’s knowledge, always computationally automated.  

As indicated in Section 2.6.1, the selection of appropriate model parameters through 

calibration may compensate for other sources of uncertainty. Given the interaction and 

often inseparability of the different sources of uncertainty, there is always some 

ambiguity in the optimum effective parameter values (Beven & Binley, 1992; McIntyre 

et al., 2002). In this regard, uncertainty-based calibration methods have the advantage 

of (1) enabling disaggregation of uncertainties arising from in input data, response data 

and parameters, thus limiting the aforementioned ‘ambiguity’, and (2) providing a 

measure of the remaining ambiguity in the form of parametric uncertainty estimation.  

While the uncertainty-based calibration approach is mathematically more robust than 

the deterministic approach and can lead to better estimation of optimal parameters sets 

as well as providing an estimate of parametric uncertainty, its formulation and 

implementation is highly computationally demanding and requires knowledge about 

the nature of the data and parameter errors, which is not always available. These 

constraints are particularly critical in the case of detailed city-scale urban drainage 

models such as the ones employed in this thesis, which comprise thousands of conduits, 

sub-catchments and associated parameters. As a result, the application of uncertainty-

based calibration to urban drainage models is very limited and, to the author’s 
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knowledge, this approach has not been applied in an operational context. The 

applications reported in the literature are scarce and generally limited to very small 

urban catchments (Muleta et al., 2013; Del Giudice et al., 2016). For example, Del 

Giudice et al. (2016) applied an uncertainty-based calibration approach which explicitly 

accounts for uncertainty in rainfall inputs to the urban drainage model of a 28.6 ha 

(0.28 km2) urban catchment in Switzerland. While the results are very promising, the 

possibility of applying such approaches to operational city-scale urban drainage models 

is, at present, low.  

2.6.2.2. Model performance indicators and acceptable predictive performance 

In the context of hydrological model calibration, two types of objective functions are 

employed to assess model predictive performance (McIntyre et al., 2002; Beven et al., 

2008): (1) formal statistical likelihood estimators, based on the method of maximum 

likelihood and on the probability distribution of data and model errors, and (2) informal 

likelihood estimators, which are more ‘subjective’ ways of evaluating the performance 

of the model. The former can only be employed in the case of uncertainty-based 

calibration approaches, whereas the latter can be used in either calibration approach. It 

is worth noting that the use of formal likelihood estimators requires knowledge and 

often simplifications about the nature of the data errors. In fact, the wrong or 

oversimplified representation of error structure can lead to incorrect a posteriori 

parameter distributions (Beven et al., 2008). Consequently, when little information is 

available about the nature of the errors and when the model is likely to be biased with 

respect to the observations, the use of informal likelihood estimators is suggested 

(McIntyre et al., 2002; Beven et al., 2008). 

Examples of informal objective functions or performance indicators employed in the 

calibration of hydrological models, including urban drainage model, are the 

Nash-Sutcliffe model efficiency coefficient  (Nash & Sutcliffe, 1970), relative error in 

flows and/or depths, mean square error, mean cumulative error, index of agreement, 

Pearson correlation coefficient, coefficient of determination, linear regression 

coefficient, amongst others. Some of these indicators focus on individual features of the 

relationship between the observed and modelled time series. For example, the Pearson 

correlation coefficient provides an indication of the (linear) similarity between the 
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patterns of the observed and modelled time series; the regression coefficient can be 

used to quantify the conditional bias of the modelled estimates; and the sample bias 

provides an estimate of unconditional bias (i.e. mass balance). In contrast, other 

indicators provide a combined measurement of ‘individual’ features. For example, the 

Nash-Sutcliffe and the mean square error can be decomposed into correlation 

coefficient, conditional bias and unconditional bias (Gupta et al., 2009). For more 

information about hydrological model performance indicators the reader is referred to 

Krause et al. (2005) and Smith et al. (2008). 

With regards to ‘satisfactory’ model performance criteria, these are often defined by the 

modeller him/herself based on experience or are adopted from national or 

international guidelines. In the case of the UK, urban drainage practitioners generally 

adopt the ‘satisfactory’ performance criteria indicated in the UK Wastewater Planning 

Users Group (WaPUG) Code of Practice (WaPUG, 2002). According to these guidelines, 

in terms of dry weather flows, the model must match the time of observed peaks within 

1 h and sewer peak flow rates and flow volumes should be within ±10 % of measured 

flows. In terms of storm calibration and verification, the timing of the peaks should be 

‘reasonably’ matched with consideration to the duration of the storm event, measured 

peak flow rates in sewers should be matched within +25 % and -15 % and measured 

flow volumes within +20 % and -10 %. 

2.7. Overview of rainfall products and urban stormwater drainage 

models employed in this thesis 

In the light of the review presented in this chapter, in this section an overview and 

justification are provided of the general rainfall products and urban stormwater models 

employed in this thesis. As mentioned in Chapter 1, in this thesis several pilot locations 

with different characteristics were set up to enable the pursuit of all the thesis’ 

objectives. Specific details of the actual rainfall data sources and models 

available/employed for each of these pilot locations are given in each of the subsequent 

chapters. The description and justification presented herein focus only on the 

generalities of the rainfall data and urban drainage models.    
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2.7.1. Rainfall products employed in this thesis 

In this thesis, rainfall data from rain gauges and weather radars are used. As mentioned 

in Section 2.2, these are the two sensors commonly used for rainfall estimation at urban 

scales.  

As regards rain gauges, data from the most common type of gauge, the TBR (tipping 

bucket rain gauge), were used in this thesis and these were employed for two main 

purposes: (1) for enhancing the quality of radar QPEs, through radar-rain gauge 

combination; (2) as ground truth, to evaluate the performance of radar-based and 

radar-rain gauge merged rainfall products.  

As regards radar QPEs, data from two types of weather radar, each with different 

quality and, more importantly, resolution, were employed:  

(1) data from a local (short range) X-band radar located in Cabauw (the Netherlands), 

available at very high spatial-temporal resolution (100 m / 1 min), were employed in 

the evaluation of the sensitivity of urban drainage models to rainfall input resolution;  

(2) data from UK Met Office C-band data, representative of data commonly available 

from national meteorological services (available at 1 km / 5 min resolution), were 

employed in the evaluation of radar-rain gauge merging techniques as well as in the 

development and testing of a rainfall error modelling framework.  

Note that all analyses conducted as part of this thesis were based on individual storm 

events, as opposed to on continuous (longer) rainfall time series. The reasons for this 

are twofold. Firstly, the rainfall and flow data employed in the analyses were only 

available for short periods of time (particularly in the case of the rain gauge records 

employed in the merging analysis) and there were discontinuities in the data 

(particularly in the case of the X-band radar dataset), thus making the use of long time 

series unfeasible. Secondly, in the context of urban drainage modelling, event-based 

analysis is a common approach. This is specially so when small-scale rainfall features 

and associated urban hydrological response are the subject of the investigation (e.g. 

Berne et al. (2004), Gires et al. (2012), Schellart et al. (2012)), in which case one is 

interested in very dynamic features of the rainfall and runoff time series, as opposed to 

on long-term statistics which could smooth the dynamic features of interest (e.g. 

changes in peak rainfall rates and runoff flows, correlation during peak periods).    
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2.7.2. Urban stormwater drainage models employed in this thesis 

All the urban drainage models employed in this thesis are operational ones, provided by 

the water managers of the respective areas of interest. In what follows a description is 

first given of the models’ structure and software tool. This is followed by an overview of 

the calibration to which models were subjected and of their predictive performance.  

2.7.2.1. Structure of adopted models 

The models adopted for this thesis are semi-distributed (i.e. sub-catchment-based) –yet 

high spatial resolution– ones. Runoff volumes are estimated and routed by means of 

conceptual models at each sub-catchment unit, sewer flows are simulated following a 

full-hydrodynamic (physically-based) approach, and exceedance flows are simulated in 

a simplified manner.   

The main reasons for adopting a semi-distributed hydrological modelling approach 

instead of a fully-distributed one are the following:  

(1) At present, semi-distributed models are the most widely used, operationally, by 

practitioners.  

(2) The terrain, sewer topology and (sewer) flow data typically available at present and 

which were available for the pilot locations employed in this thesis are better suited 

for the implementation of semi-distributed models than for fully-distributed ones. 

Firstly, the implementation of fully-distributed models requires far more detailed 

terrain and sewer data (e.g. location of all private sewer connections and gullies) 

than are required for semi-distributed models and than are usually available 

nowadays; failing to use detailed enough data in the implementation of 

fully-distributed models has shown to result in ill-posed models in which the 

distribution of runoff across urban catchments is severely misrepresented (e.g. 

runoff volumes are incorrectly retained on surface depressions or closed areas. In 

reality, these runoff volumes would find their way into the sewer system through 

gullies or private connections; however, these elements are rarely present in 

models, as information at this level of detail is seldom available at present) (Pina et 

al., 2015). Secondly, the runoff records typically available, and available for the pilot 

catchments employed in this thesis were exclusively collected inside the sewer 

system (and occasionally in open channels which are modelled as part of the sewer 
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system). The lack of surface runoff data hinders calibration and verification of 

fully-distributed models. 

A summary and additional details of the modelling approaches adopted for the three 

main components of urban stormwater models (i.e. runoff generation, overland flow 

and sewer flow) are presented in Table 2-4. 

Table 2-4: Summary of urban stormwater modelling approaches adopted in this thesis. 

Component Modelling Approach Justification 

R
u

n
o
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en
er

at
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n
 

Initial losses 
(interception 
+ depression 

storage) 

At sub-catchment 
level, maximum 

possible depression 
storage calculated 
using a regression 

equation 

Modelling approach adopted following 
common practice or national guidelines in 

force at the time of model implementation for 
the given pilot location 

Continuing 
losses - 

infiltration 

At sub-catchment 
level, conceptual 

infiltration models 

Continuing 
losses - 

evaporation 

Either neglected or 
assumed constant 

throughout event (in 
which case average 

evaporation values in 
the region of interest 

were adopted) 

All simulations conducted in this thesis are 
event-based. As such and considering that 

evaporation is relatively small in the region of 
interest (i.e. North-West Europe), the role of 
evaporation in the water balance and in the 
simulation of urban runoff is expected to be 

very small 

O
ve

rl
an

d
 f

lo
w

 

Runoff 
concentration 

At subcatchments 
level, conceptual 

(reservoir) models 

Modelling approach adopted following 
common practice or national guidelines in 

force at the time of model implementation for 
the given pilot location 

Exceedance 
flow 

Simplified approaches 
(i.e. lost volume, 

virtual reservoir and 
column) 

While the pilot urban catchments analysed in 
this thesis are susceptible to urban flooding, 

data from flood events were not available. 
None of the storm events under investigation 

in this thesis led to significant flooding; as 
such, there was no need for an explicit 

representation of overland exceedance flows, 
nor were there flood records which would 

enable verification of modelling results 

Sewer flow 

Dynamic wave 
approximation (i.e. 
full de Saint Venant 

equations) 

Since the flow records employed in this thesis 
were all collected within the sewer system, the 
focus of runoff simulations was placed on the 

sewer component. Therefore, the most 
comprehensive approach was chosen to 

simulate sewer flow. Besides, this approach is 
widely used operationally 
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2.7.2.2. Calibration, uncertainty and predictive performance of adopted models 

All adopted models were manually, deterministically calibrated by the respective water 

utilities following UK WaPUG standards (WaPUG, 2002). These standards require that 

urban drainage models be calibrated based upon dense rain gauge and sewer flow 

records for 2 dry weather days and 3 relevant storm events (defined as events with 

total accumulations > 5 mm and minimum intensities of 6 mm/h for more than 4 

minutes). For calibration purposes flow in sewers must be monitored at key locations of 

the drainage system, including at the downstream end of relevant subcatchments, 

throughout trunk sewers and around ancillary structures (e.g. combined sewer 

overflows, pumps and valves). With regards to rain gauges, these must be located 

uniformly across the catchment area and different rain gauge densities are prescribed 

for different topographical conditions (ranging from 1 + 1 rain gauge per km2 for 

mountainous terrains to 1 + 1 rain gauge per 4 km2 for flat terrains). The WaPUG 

standards stipulate that sewer system topology and model parameters must be 

estimated, as much as possible, based upon measurement of physical properties of the 

urban surface and sewer system, and that any changes to the model during calibration 

should only be made where these reflect the physical state of the system (and not solely 

to make the model fit the observed data). It is worth noting that the concepts of 

calibration and verification are often used interchangeably in the WaPUG code of 

practice and what they refer to as verification often corresponds to calibration (i.e. the 

comparison of model results against measured flows and adjustment to achieve a good 

fit, while ensuring that parameters and model structure reflect the physical state of the 

system). In terms of predictive performance, in compliance with WaPUG standards 

models were calibrated so that peak flows were ‘reasonably’ matched in time, with 

consideration to the duration of the storm event, and that measured storm peak flow 

rates in sewers were matched within +25 % and -15 % and measured flow volumes 

within +20 % and -10 %. These standards will be adopted in this thesis as thresholds of 

‘acceptable’ predictive performance of urban drainage models.   

As discussed in Section 2.6.2.1, the deterministic calibration approaches have several 

shortcomings and do not provide an assessment of parametric uncertainty; however, 
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they are the typical choice for operational urban drainage modelling applications, given 

the size and complexity of the models.  

As with all models, the urban drainage models employed in this study are subject to 

multiple sources of uncertainty, arising from the data used to build and force the models, 

from the selected model structure, from the calibration process and from operational 

circumstances. In Table 2-5 a qualitative assessment is given of the relative level or 

importance of the different sources of uncertainty in the models employed in this study, 

considering the adopted datasets, modelling approach, calibration and software tools.  

Furthermore, consideration is given to the relative importance and impact of the 

different sources of uncertainty in the results of the present investigation. As can be 

seen, although the adopted models are subject to uncertainties, their overall predictive 

performance is acceptable and they are deemed to be suitable for the present 

investigation. In addition, the uncertainties to which the models are subject are unlikely 

to bear a significant impact on the results of the present investigation, especially 

considering the data quality control and analysis strategies adopted in this thesis (see 

further details in Table 2-5). 
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Table 2-5:Qualitative assessment of relative level of uncertainties in the models used in this thesis. 

Uncertainty Source 
Relative 

level 
Justification 

Input uncertainty Medium 

While rainfall inputs are known to be a dominating source of uncertainty in urban drainage modelling, the rainfall inputs 
used for calibration of the urban drainage models employed in this thesis are generally of good quality, both in terms of 

accuracy and spatial-temporal resolution; hence the input uncertainty relative level is assessed to be medium. The models 
used were calibrated based on rainfall data from high spatial density rain gauge networks (with average densities of 3-4 km2 
per gauge) from which data were available at 2 min resolution. Rainfall data were collected during short-term (1-6 months) 

monitoring campaigns and were routinely quality-controlled by monitoring contractors as well as by the modellers.  As 
such, their quality is deemed to be generally good. The main shortcoming of the rainfall input is their relatively coarse 

spatial resolution (equivalent to a radar grid of 2 x 2 km2) which can cause biases in calibrated parameters.  

With regards to the input rainfall data used in this thesis, they are the very focus of the investigation. Different rainfall 
inputs will be tested, the quality/uncertainty of which is variable and is widely discussed throughout the dissertation. The 

purpose of the investigation is in fact to analyse and reduce rainfall input uncertainty for urban drainage modelling.    

M
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u
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Runoff 

generation 
Medium 

Uncertainties in runoff generation modelling in the adopted urban drainage models can arise for the following reasons: (1) 
errors in the hydrological characterisation of urban surfaces, which are always likely to be present due to the high 

complexity of such surfaces; (2) the use of empirical runoff volume equations; (3) the spatial simplifications made in semi-
distributed models (even if subcatchments size is small, a degree of spatial averaging is unavoidable).  

Despite this, the overall performance of the adopted models in terms of runoff volume estimation is, as described above, 
acceptable (i.e. it complies with WaPUG performance criteria). 

Runoff 

concentration 
Medium 

Uncertainties in runoff concentration modelling in the adopted urban drainage models can arise for the following reasons: 
(1) the use of conceptual runoff routing models (the parameters of which need to be tuned through calibration); (2) the 

semi-distributed modelling approach which, despite the small sub-catchment sizes, entails a degree of spatial averaging or 
‘lumping; (3) the neglection of restrictions in sewer inlet capacity. Same as in the case of runoff generation modelling, 

despite the above-mentioned sources of error, the overall performance of the adopted models in terms of runoff 
concentration is acceptable and these are deemed to be fit for the analyses conducted in the present study. 

Sewer flow 

routing 
Medium 

The representation of sewers and modelling of flows in these is very detailed in the models employed in this thesis. Sewer 
topology was obtained from detailed sewer records from the respective water utilities, who conduct sewer surveys on a 
regular basis. Furthermore, as will be explained next, in the adopted models sewer flows are routed by means of the full 
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Uncertainty Source 
Relative 

level 
Justification 

(dynamic) de Saint Venant equations.  

Nonetheless, it is virtually impossible to know every detail about sewers and associated ancillaries (e.g. manholes, combined 
sewer overflows, orifices, pumps, valves) and, there is, inevitably, a degree of simplification in their modelling, particularly 

as available urban drainage modelling software tools do not allow 3-dimensional representation of complex structures.  

Despite this, the overall performance of the adopted models in terms of sewer flow modelling is acceptable.  

Exceedance 

flow 
Low 

The focus of the present study is on flows in sewers, not on exceedance flows. Furthermore, none of the storm events under 
consideration led to significant flooding and, as such, the role of the exceedance flow modelling component in this study is 

negligible and its relative importance in terms of uncertainty is deemed to be low.  

Model solution / 

numerical uncertainty 
Low 

The numerical solution of the conceptual runoff generation and routing models is very simple and so model solution 
uncertainties are low. 

With regards to sewer flow modelling, the full version of the de Saint Venant equations (i.e. dynamic wave) was adopted (i.e. 
these were not simplified). With regards to the numerical solution, the software employed in this thesis (i.e. InfoWorks) 

makes use of implicit numerical schemes, which are the most stable for resolving the de Saint Venant equations. 
Furthermore, very fine computational time steps and distance between computational nodes (respectively 1 min and 0.5 m) 
were adopted for sewer flow routing, which in turn ensure convergence in the solution of the de Saint Venant equations and 
reduce numerical instability. A small degree of numerical instability is still likely, but its relative importance is deemed to be 

low. 

Parameter uncertainty Medium 

As discussed above, the deterministic calibration approach to which the models employed in this thesis were subjected has 
several shortcomings, including the fact that it does not allow disaggregating the different sources of uncertainty, hence 

‘fostering’ a higher degree of equifinality. Furthermore, the manual calibration that was undertaken was by no means 
exhaustive. As such, the degree of parametric uncertainty, particularly in relation to the parameters of the conceptual runoff 

volume and concentration models, is likely to be high.  

However, the fact that the overall predictive performance of the adopted models is acceptable means that they are suitable 
for the envisaged analyses and renders the level of importance of parametric uncertainty on analysis results intermediate. 

Response measurement 

uncertainty 
Low 

The sewer flow records used for calibration of the models employed in this study are generally of good quality, both in 
terms of accuracy and coverage of critical points of the sewer system. Furthermore, they were subjected to detailed quality-
control by the modellers when undertaking calibration (e.g. ragging was detected, the uncertainty of measurements at low 
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Uncertainty Source 
Relative 

level 
Justification 

flow depths was considered during calibration, etc.).   

Note that, since Chapter 3 was limited to a sensitivity analysis, no response measurements were employed in it. In contrast, 
sewer flow simulation results obtained for the highest spatial-temporal resolution rainfall estimates were adopted as 

reference for the evaluation of other simulation results. As such, response measurement uncertainty is negligible in the 
analyses conducted in this chapter. 

In Chapter 4, the sewer flow records employed in the assessment of radar-rain gauge merging products were thoroughly 
checked, quality-controlled and selected as part of the present work (further details are provided in the chapter itself), thus 

minimising uncertainties arising from response measurements.  

Natural and operational 

uncertainty 
Low 

Attention was paid during model calibration to misfits in observed and simulated sewer flows arising from operational 
conditions. Whenever possible, operational conditions were accounted for; e.g. by considering silt depths in conduits, by 

considering infiltration flows due to cracks in sewers, by adjusting pump rates (generally based on pumping station 
surveys).  

In the case of Chapter 3, since it is limited to a sensitivity analysis and no sewer flow records were employed, natural and 
operational uncertainties are unimportant. 

With regards to Chapter 4, as mentioned above, the response measurements employed in the analysis were carefully 
checked and selected. Only records from locations at which a reasonable fit was observed between the simulated and 

observed flows were adopted for analysis. In this way, records from locations affected by natural and operational conditions 
which could not be replicated by the model were simply discarded from the analysis, thus minimising the impact of natural 

and operational uncertainties on the results. 
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2.8. Summary of key concepts for this thesis 

In this chapter the processes associated to stormwater flow across urban catchments 

were analysed and based on it four main inputs and components (or sub-models) of 

urban drainage models were identified: rainfall inputs, runoff generation, overland or 

surface flow, and sewer flow. Some of the main concepts described in this chapter and 

which should be clearly understood by the reader given their relevance to the work 

presented in this thesis are the following:  

• Rainfall inputs: The two sensors that are commonly used for rainfall estimation at 

urban scales are rain gauge and radar.  

- Rain gauges are the most widely used rainfall sensors, providing low-cost, direct 

and generally accurate point rainfall estimates near the ground surface; however, 

they cannot capture the spatial variability of rainfall fields. While rain gauge 

estimates are generally reliable, they are subject to a number of systematic as well 

as random and operational errors, some of which can be corrected based upon 

dynamic calibration of the gauge or through quality-control. The most common type 

of rain gauge is the tipping bucket rain gauge (TBR) and it is indeed the one used in 

this thesis. In using TBR rainfall records, it is important to remember the nature of 

its measurements: they are rainfall accumulations at a point location during the 

time interval in between tips.  

- Weather radars, on the other hand, provide instantaneous (‘snapshot-like’) 

volumetric estimates of rainfall, derived indirectly by means of electromagnetic 

waves reflected by raindrops. Weather radars can be classified according to three 

main factors: (1) the frequency at which they operate - from lower to higher 

frequency: S-band, C-band and X-band, with higher frequency radars requiring 

smaller dishes (therefore being smaller and cheaper), but also being less powerful, 

therefore covering shorter ranges and being more susceptible to attenuation; (2) 

whether they transmit and receive radio waves with a single or double polarisation 

(i.e. single-polarisation or dual-polarisation radars), with the latter enabling a 

better characterisation of hydrometeors, which ultimately leads to better quality 

QPEs; (3) whether or not they have Doppler capability, which enables the 

estimation of a target’s velocity towards or against the radar. The spatial resolution 
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of radar QPEs is fundamentally determined by the pulse length (which is chosen by 

radar operators as a compromise between resolution vs. radar coverage), beam 

width (which is a function of antenna size and signal frequency) and distance from 

the radar. The temporal resolution of radar QPEs is determined by the rotational 

frequency and duration of the radar scanning strategy. While weather radars have 

the advantage of surveying large areas and well capturing the spatial structure of 

rainfall fields, being an indirect measurement of rainfall, they are subject to multiple 

error sources, including errors in reflectivity measurements as well as errors in the 

conversion of reflectivity into rain rates.  

• Semi-distributed vs. fully-distributed urban drainage models: depending on 

how urban drainage models treat spatial variability in their hydrological component 

(i.e. runoff generation and routing), they can be classified as semi-distributed or 

fully-distributed. In semi-distributed models, the whole catchment is split into a 

number of sub-catchment units, each of which is treated as a lumped model. Rainfall 

is inputted uniformly within each sub-catchment and runoff is estimated and routed 

to the sub-catchment’s outlet, which usually corresponds to a node of the sewer 

system. In fully-distributed models, the whole catchment is discretised as a 2D grid 

or mesh of regular or irregular elements. In this case, a different rainfall input can be 

assigned to each grid element and runoff is also estimated for each element. In 

fully-distributed models, overland flow, including runoff concentration and 

exceedance flows (described below), is necessarily modelled in 2D.  

• Runoff generation modelling: runoff generation modelling, also known as 

rainfall-runoff modelling, entails estimating which part of the total rainfall becomes 

effective rainfall or runoff, which will flow over the urban surface and may 

eventually find its way into the sewer system. For this purpose, initial losses (i.e. 

interception by vegetation, surface wetting and depression storage) and continuing 

losses (i.e. evaporation and infiltration) must be estimated and subtracted from the 

total rainfall. Depending on whether the model is semi-distributed (i.e. 

sub-catchment-based models) or fully-distributed, losses and runoff volumes are 

estimated, respectively, at each sub-catchment or grid element. Several approaches, 

both physically-based and conceptual, have been developed to estimate each of 
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these losses as a function of the catchment land use, soil type, topography and 

wetness.  

• Overland flow modelling: overland flow refers to the movement of runoff water 

across the urban surface after rainfall and comprises two stages: (1) runoff flow 

from the point at which runoff is generated until it enters the sewer system (known 

as runoff concentration or conveyance) and (2) flow of flood water from surcharged 

sewers (known as exceedance flow or sewer flooding). Although in reality these two 

stages are closely related and may occur simultaneously, for modelling purposes 

they are often treated separately. 

- Runoff concentration modelling: the way in which runoff concentration is 

simulated depends mainly on whether a semi- or fully-distributed modelling 

approach has been adopted. In semi-distributed models, runoff concentration is 

modelled at each sub-catchment unit by means of conceptual unit hydrograph 

approaches or through the physically-based kinematic wave approach. In 

fully-distributed models runoff flows are directly routed in 2D from the point at 

which runoff is generated. 

- Exceedance flow modelling: exceedance flows can be represented by means of 

simplified approaches (e.g. lost volume, virtual reservoir and water column) or 

explicitly, making use of 1D, 2D or hybrid models of the surface. In the latter case, 

the explicit model of the surface must be coupled with the model of the sewer 

system in what is known as the dual-drainage concept. In semi-distributed models, 

either a simplified or explicit representation of exceedance flows may be adopted. 

In fully-distributed models, on the other hand, exceedance flows are necessarily 

simulated in 2D.  

• Sewer flow modelling: sewer systems are modelled as a set of links (representing 

sewers as well as ancillary structures such as weirs, orifices, valves and pumps) and 

nodes (representing gullies, manholes and storage structures). The flow in sewer 

systems is unsteady and can be considered 1D. There are two general approaches 

for modelling unsteady flow in sewers: physically-based hydrodynamic models and 

conceptual models. The former are more computationally demanding, but can better 

deal with complex flow conditions, including backwater effects and surcharge. 
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• Selection of urban drainage modelling approaches: the choice of urban drainage 

modelling approach (i.e. the options presented above of semi- vs. fully-distributed, 

simplified vs. explicit representation of exceedance flows, conceptual vs. 

physically-based simulation of sewer flow, amongst others) ultimately depends on 

the specific characteristics of the area of interest, on the data and software tools that 

are available, and on the purpose of the modelling exercise. 

• Urban drainage model uncertainty and predictive performance: uncertainties 

in urban drainage models (that is, differences between the model and the real 

system) may arise from multiple sources, including input data uncertainty, model 

structure uncertainty, parametric uncertainty, response measurement uncertainty, 

numerical solution errors, and operational conditions. Before a model can be used, it 

is necessary to reduce as much as possible the different sources of uncertainty and 

to understand the predictive performance and limitations of the model. A key step to 

achieving this is model calibration. Two calibration approaches exist: deterministic 

and uncertainty-based. In the former a single optimum parameter set is found and 

input and response data are treated deterministically. In the latter a calibrated (a 

posteriori) parameter distribution is derived from an a priori distribution and in the 

process it is possible to account for uncertainties in input and response data. While 

the uncertainty-based calibration approach is more robust, leading to better 

parameter estimates and enabling disaggregation of uncertainty sources, it is highly 

computationally demanding and its application to urban drainage modelling has 

been limited to very small areas (often < 1 km2) and to the academic world.  

In light of the review presented in this chapter, towards the end of the chapter (in 

Section 2.7), a description and justification were given of the general rainfall products 

and modelling approaches that will be employed in this thesis. The main criteria for the 

selection of data and models were that these should be representative of current 

common practice (i.e. typically available rainfall products, operational urban drainage 

models), while also enabling the pursuit of the thesis’s objectives. As regards rainfall 

data, TBR, X-band radar and C-band radar estimates will be employed. With regards to 

stormwater drainage models, operational semi-distributed (i.e. sub-catchment-based) –

yet high spatial resolution– models will be employed in which runoff volumes are 

estimated and routed by means of conceptual models at each sub catchment unit; sewer 
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flows are simulated following a full-hydrodynamic (physically based) approach and 

exceedance flows are simulated in a simplified manner. All models were manually 

calibrated to UK WaPUG standards (i.e. measured storm peak flow rates in sewers were 

matched within +25 % and -15 % and measured flow volumes within +20 % and -10 %) 

based upon dense rain gauge rainfall and sewer flow records collected during 

short-term flow surveys.  Although the adopted models are subject to uncertainties, 

their overall predictive performance is acceptable and they are deemed to be suitable 

for the present investigation. 
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3. Identification of spatial-temporal 
rainfall resolution requirements 
for urban drainage modelling  

In this chapter a multi-storm, multi-catchment investigation is conducted into the 

impact of rainfall input resolution on urban stormwater modelling results. The aim is to 

identify critical rainfall resolutions which enable adequate estimation of stormwater 

sewer flows in urban catchments. To provide essential background to this work, a 

review is first given of recent research on the impact of rainfall spatial-temporal 

variability on catchment response and on the sensitivity of hydrological/hydraulic 

models to rainfall input resolution. Based upon this, the research gaps addressed in the 

present chapter are identified. Afterwards, the pilot catchments, urban drainage models 

and radar rainfall datasets employed in the present investigation are introduced. This is 

followed by a description of the methodology adopted for the analysis of rainfall inputs 

and urban drainage modelling outputs. The results of the investigation are then 

presented and discussed. At the end of the chapter, the main findings of this study are 

summarised and, based upon it, critical rainfall input resolutions for urban drainage 

modelling are identified.  

3.1. Background and scope 

The impact of spatial-temporal variability of rainfall on catchment response and the 

sensitivity of hydrological models to the spatial-temporal resolution of rainfall inputs 

have been active topics of research over the last few decades (e.g. Berndtsson & 

Niemczynowicz (1988); Singh (1997); Lobligeois et al. (2014)). Several studies have 

shown that the spatial-temporal variability of rainfall fields can translate into large 

variations in flows; as a result, it is necessary to account for this variability in order to 
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properly characterise hydrological response (Tabios & Salas, 1985; Berndtsson & 

Niemczynowicz, 1988; Krajewski et al., 1991; Obled et al., 1994; Singh, 1997; Arnaud et 

al., 2002; Syed et al., 2003; Smith et al., 2004; Kavetski et al., 2006). This is particularly 

the case in small urban catchments, which are characterised by fast runoff processes 

and short response times, and are therefore very sensitive to the spatial and temporal 

variability of precipitation (this variability was found to be significant even at the small 

scales of urban catchments (Emmanuel et al., 2012; Gires et al., 2014b)). In order to well 

represent urban runoff processes, high resolution precipitation information is therefore 

needed (Schilling, 1991; Faurès et al., 1995; Shah et al., 1996; Aronica & Cannarozzo, 

2000; Einfalt et al., 2004; Tetzlaff & Uhlenbrook, 2005; Segond et al., 2007; Schellart et 

al., 2012; Vieux & Imgarten, 2012). This need has been further fuelled by recent 

developments in, and increasing use of, higher-resolution urban hydrological models 

(Bailey & Margetts, 2008; Hunter et al., 2008; Fewtrell et al., 2011; Giangola-Murzyn et 

al., 2012b; Pina et al., 2014; Salvadore et al., 2015), which allow incorporation of 

detailed rainfall, surface and runoff information. With regards to rainfall monitoring, 

significant progress has been made over the last few decades, including widespread 

increase in the use of weather radar rainfall estimates, which provide a better 

characterisation of the spatial-temporal structure of rainfall fields (Einfalt et al., 2004; 

Krämer et al., 2005; Schellart et al., 2012). Multiple studies have been conducted in 

recent years aimed at analysing urban hydrological/hydraulic model sensitivity to the 

spatial-temporal resolution of rainfall inputs and at establishing required rainfall input 

resolutions for urban hydrological applications. Some of these studies suggest that the 

resolution at which radar QPEs are typically available from national meteorological 

services (i.e. 1 km / 5 – 10 min - a description of the factors which determine radar QPE 

resolution can be found in Chapter 2 – Section 2.2.2.2) may be insufficient for urban 

drainage modelling applications. However, as will be explained next, there is not as yet a 

consensus on this topic. 

A theoretical study undertaken by Schilling (1991) suggested that, for urban drainage 

modelling, rainfall data of at least 1-5 min and 1 km resolutions should be used. Slightly 

more stringent requirements were later on identified by Einfalt & Maul-Kötter (2001): 

based upon a survey amongst potential radar QPE users, the authors concluded that 
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resolutions of the order of 100 m in space and 1 min in time are required for detailed 

simulation of urban sewer systems.  

Berne et al. (2004) analysed the relation between catchment size and minimum 

required spatial and temporal resolutions or rainfall measurements in a study involving 

very high resolution precipitation data (~ 7.5 m / 4 s) and runoff records from six urban 

catchments on the French Mediterranean coast (but no models were used). Their study 

suggests that for small urban catchments, of the order of 3 ha, ~1.5 km / 1 min 

resolution rainfall estimates are recommended, whereas for larger catchments, of the 

order of 5 km2 (i.e. 500 ha), ~3 km / 5 min estimates may suffice. Slightly more 

stringent resolution requirements were identified by Notaro et al. (2013): using high 

spatial-temporal resolution rain gauge records as input to the semi-distributed urban 

drainage model of a 700 ha urban catchment in Italy, the authors investigated the 

uncertainty in runoff estimates resulting from coarser resolution rainfall inputs and 

concluded that temporal resolutions below 5 min and spatial resolutions of ~ 1.7 km 

are generally required for urban drainage modelling applications.   

Using a semi-distributed urban drainage model of a small urban catchment in London, 

and stochastically-downscaled rainfall estimates, Gires et al. (2012) and Wang et al. 

(2012b) showed that the unmeasured small-scale rainfall variability, i.e. occurring 

below the typically available resolutions of 1 km in space and 5 min in time, may have a 

significant impact on simulated sewer flows, with the impact decreasing as the drainage 

area of interest increases. A similar study was undertaken by Gires et al. (2014a), but 

this time using a fully-distributed urban drainage model of a small catchment in Paris; 

similar results were obtained, but the fully-distributed model displayed higher 

sensitivity to the resolution of rainfall inputs. More recently, Bruni et al. (2015) 

analysed the relationship between spatial and temporal resolution of rainfall input, 

storm and catchment scales, urban hydrodynamic model properties and modelling 

outputs (namely flows in sewers). This was done using high resolution (100 m / 1 min) 

rainfall data provided by polarimetric weather radar, and a semi-distributed urban 

drainage model of a subcatchment in Rotterdam, The Netherlands. They showed that for 

a densely built, highly impervious urban catchment, modelling outputs are sensitive to 

small scale rainfall variability and that deviations in model outputs significantly 

increase as rainfall inputs are aggregated to coarser scales, particularly for very small 
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drainage areas (< 1 ha). However, no specific recommendations are provided regarding 

rainfall resolution requirements for urban drainage modelling applications.  

As can be seen, a consensus on rainfall spatial-temporal resolution requirements for 

urban drainage modelling has not yet been achieved and, from the author’s point of 

view, existing studies have several shortcomings which hinder drawing general 

conclusions in this regard. As can be noticed from the above review, some of the studies 

on this topic are purely theoretical (Schilling, 1991; Einfalt & Maul-Kötter, 2001). Others 

are based on the analysis of rainfall and runoff data, but do not involve urban drainage 

models, the resolution of which dictates to what degree the spatial-temporal resolution 

of rainfall estimates is actually utilised (Berne et al., 2004). More recent studies have 

involved urban drainage models, but are limited to a single test catchment (Gires et al., 

2012; Wang et al., 2012b; Notaro et al., 2013; Gires et al., 2014a; Bruni et al., 2015) and 

often use stochastic disaggregation methods to obtain rainfall estimates at resolutions 

finer than 1 km / 5-10 min, as opposed to using actual high resolution measurements 

(Gires et al., 2012; Wang et al., 2012b; Gires et al., 2014a). While radar technologies and 

post-processing techniques exist which enable the obtention of higher resolution radar 

QPEs (finer than the resolution at which radar QPEs are typically provided by 

meteorological services - 1 km / 5-10 min-), their implementation comes at a cost and 

any investments in this direction should be supported by more robust evidence than is 

currently available.  

With the purpose of providing additional evidence in this direction, a multi-storm, 

multi-catchment investigation into the impact of rainfall input resolution on urban 

drainage modelling outputs (i.e. on sewer flows) was conducted. For this purpose, use 

was made of high resolution (100 m / 1 min) rainfall estimates for nine (9) storms 

events recorded by a polarimetric X-band radar, along with the operational, semi-

distributed (yet high-resolution) urban drainage models of four (4) pilot urban 

catchments located in the UK and Belgium. The results are analysed in the light of 

catchment and storm characteristics and conclusions are drawn regarding critical 

resolution requirements for urban drainage modelling applications.  

It is important to mention that access to these pilot locations and rainfall datasets was 

obtained in the framework of the European RainGain project (www.raingain.eu). 

http://www.raingain.eu/
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Moreover, a similar study comprising a total of seven (7) pilot catchments (located in 

UK, Belgium, the Netherlands and France) was initially conducted by the author in the 

context of the RainGain project and a paper summarising the results was published in 

the Journal of Hydrology (Ochoa-Rodriguez et al., 2015c). However, for the purpose of 

this thesis, which includes an additional analysis of the impact of two temporal 

resolution coarsening strategies (i.e. temporal sampling vs. temporal averaging; 

described in Section 3.3.1), the author was only authorised to use the urban drainage 

models of four pilot catchments. Nonetheless, the general trends observed when using 

only four pilot locations (as presented in this chapter) are in agreement with those 

observed when using seven pilot locations. This provides reassurance as to the 

robustness and validity of the results presented herein. 

3.2. Pilot locations and dataset 

3.2.1. Pilot urban catchments 

Four urban catchments, located in the UK and Belgium, were adopted as pilot locations in 

this study. With the aim of facilitating inter-comparison of results, catchment areas of 

similar size (5-8 km2) were selected for testing. Images of the boundaries and sewer 

layouts of all pilot catchment can be found in Figure 3-1. Moreover, the main 

characteristics of the selected pilot catchments are summarised in Table 3-1. Further 

details of each of these catchments can be found in the RainGain project website 

(www.raingain.eu). As can be seen, the selected pilot catchments cover a range of 

morphological, topographic and land use conditions. 

 
Figure 3-1: Catchment boundary and sewer layout of the pilot urban catchments. 

http://www.raingain.eu/
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 Table 3-1: Summary characteristics of selected pilot urban catchments. 

Catchment 
Cranbrook 

(UK) 
Torquay Town 

Centre (UK) 
Herent  

(BE) 
Ghent  
(BE) 

Area (ha) 865 570 512 649 

Catchment 
length/ 

width (km)* 
6.10/1.42 5.35/1.06 8.16/0.63 4.74/1.37 

Catchment shape 
factor (−)** 

0.23 0.2 0.08 0.29 

Slope (m/m)*** 0.0093 0.0262 0.0083 0.0001 

Main flow 
direction (°) 

239 270 40 235 

Type of drainage 
system 

Mostly 
separate,  
branched 

Mostly combined,  
branched 

Mostly combined,  
branched 

Mostly 
combined,  
branched 

Is flow mainly 
driven by gravity? 

Yes Yes Yes Yes 

Control elements 3 storage lakes 
3 storage tanks, 1 
pumping station 

5 combined 
sewer overflows 

with control 

15 pumping 
stations 

IMP (%)**** 52% 26% 27% 41% 

Predominant land 
use***** 

R&C R&C R R 

Population 
density 

(persons/ha) 
47 60 20 24 

*Length = Length of longest flow path (through sewers) to catchment outfall; Width = Catchment 
Area/Catchment Length.  
** Shape factor = Width/Length (this parameter is lower for elongated catchments).  
***Catchment slope = Difference in ground elevation between upstream most point and outlet/catchment 
length.  
****IMP: total proportion of impervious areas in relation to total catchment area.  
*****Predominant land use: R = residential; C = commercial. 

3.2.2. Urban drainage models of the pilot catchments 

Verified and operational semi-distributed urban drainage models of each catchment were 

used in this study. As described in Chapter 2, in semi-distributed models the whole 

catchment surface is split into sub-catchment units through which rainfall is applied. Each 

sub-catchment unit is treated as a lumped model within which rainfall is assumed to be 

uniform and within which runoff volumes are estimated and routed to the sub-catchment 

outlet, which usually corresponds to an inlet node of the sewer system. The main 
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characteristics of the urban drainage model of each pilot location, including the 

approaches adopted to simulate each stage of stormwater flow across the catchment (as 

described in Chapter 2) as well as simulation parameters, are summarised in Table 3-2.  

As can be seen from Table 3-2, model sub-catchment sizes vary from 0.23 ha to 0.93 ha 

(median values). As such, the models employed in this study can be considered to be high 

spatial resolution models. It is also important to note that the median size of the 

sub-catchment units of the models is smaller than the smallest radar pixel size tested in 

this study (i.e. 100 × 100 m2 = 1 ha).  

As regards temporal resolution, the computational time step employed in the hydraulic 

simulations was set to 1 min, thus ensuring capturing of the highest temporal resolution 

rainfall input, as well as high temporal resolution and numerically-stable simulation of 

runoff generation and sewer flows.   

It is worth mentioning that these models were built and calibrated by the respective 

water utilities, following the UK WaPUG standards (see Section 2.6 for further details on 

these standards). As such, their predictive performance is dictated by the parameters set 

in these standards (i.e. the models were verified so that measured storm peak flow rates 

in sewers were matched within +25 % and -15 % and measured flow volumes within +20 

% and -10 %). Note that the Flemish utility, Aquafin, from whom the Herent and Ghent 

models were obtained, follows UK wastewater modelling standards, hence the adherence 

to the WaPUG code of practice.  
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Table 3-2: Summary characteristics of the urban drainage models of the pilot catchments. 

Catchment Cranbrook (UK) 
Torquay Town 

Centre (UK) 
Herent  

(BE) 
Ghent  
(BE) 

Total pipe 
length* (km) 

98.05 41.29 67.42 83.44 

Number of SC** 1765 492 683 1424 

Mean/Median/
STD of SC size 

(ha) 
0.49/0.37/0.71 1.16/0.93/1.09 0.71/0.34/1.27 0.46/0.23/0.89 

Mean/Median/
STD of SC 

slopes (m/m) 

0.0560/0.0540 
/0.0334 

0.0670/0.0470 
/0.0973 

0.0221/0.0100 
/0.0282 

0.0349/0.002 
/0.0459 

Mean/Median/
STD of pipe 

slopes (m/m) 

0.0103/0.0062 
/0.0138 

0.0765/0.0488 
/0.1180 

0.0155/0.0073 
/0.0241 

0.0030/0.00179 
/0.0078 

Initial losses Maximum value estimated using Wallingford’s (1983) equation 

Infiltration 
losses 

estimation 
model*** 

Fixed runoff 
coefficient for 

IMP/NewUK for 
PER 

UK PR model for 
IMP and PER 

Fixed runoff coefficient for all 
surfaces (0.8 for IMP; 0 for PER, 

except some special ones) 

Evaporation 
losses 

Neglected 

Runoff routing 
model at SC 

Double linear reservoir 

Pipe flow 
routing model 

Dynamic wave (full de St Venant Equations) 

Spatial 
discretisation 

adopted for 
pipe flow 
routing 

Default distance between computational nodes was set to twenty times the 
conduit width, subject to the following limitations: minimum distance 

between computational nodes = 0.5 m; maximum distance between 
computational nodes = 100 m**** 

Computational 
time step (min) 

1 

Modelling 
software 

InfoWorks CS 

* Pipe length is estimated based upon modelled pipes only; ** SC = sub-catchment; ***IMP: impervious 
surfaces, PER = pervious surfaces; **** These are the default InfoWorks parameters and generally lead to 
numerically stable simulations (Dickinson, 2016). 
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3.2.3. High resolution precipitation data 

High-resolution rainfall data were obtained by a polarimetric X-band weather radar, 

IDRA hereafter, located in the CESAR observatory of the Netherlands (Figueras i 

Ventura, 2009; Leijnse et al., 2010). IDRA is a frequency modulated continuous wave 

radar working at 9.475 GHz. Its operational range is of 15 km with a range resolution of 

30 m and a beam width of 1.8°. IDRA is fixed at a height of 213 m from ground level; it 

scans at a fixed elevation angle of 0.5°, and rotates the antenna over 360° every minute.  

Reflectivity measurements were quality-controlled as follows. Firstly, signals of ground 

and moving clutter were identified and removed, using an optimum filter based on 

polarimetric spectra (Unal, 2009). Afterwards reflectivity data were further visually 

inspected to ensure that the effect of contamination by undesired echoes (e.g. insect 

echoes, melting-layer contamination, and multi-trip echoes) was minimal. Rainfall rate 

was estimated based on differential phase measurements, following the approach by 

Otto & Russchenberg (2011). Rainfall estimates were initially available in polar 

coordinates (azimuth and range) at spatial and temporal resolutions of 30 m (range 

resolution) by 1.8° (angular resolution, corresponding to the radar beam width), and 1 

min, respectively. To facilitate handling of the data, these were projected using the polar 

stereographic projection and interpolated onto a Cartesian grid of 100 m by 100 m 

(Wessels, 2006).  Thus, the finest resolution data available for this investigation was 

100 m in space and 1 min in time.  

A dataset of quality-controlled QPEs at 100 m / 1 min resolution were kindly provided 

by RainGain project partners from TU Delft, the Netherlands. While it may seem strange 

that data from a radar in the Netherlands were used as input to the urban drainage 

models of catchments in Belgium and UK, the reason for this lies in the uniqueness of 

the high spatial-temporal resolution radar data, which are simply not available in 

Belgium and UK. Moreover, the reader may be reminded of the fact that Dutch pilot 

locations were included in the study that preceded the present study (Ochoa-Rodriguez 

et al., 2015c). 

From the available IDRA dataset, nine storm events recorded between 2011 and 2014 

were selected for this study. The selected events correspond to the most intense events 

recorded by the IDRA radar during these years, as well as to other less intense events. 
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For each storm event a square area of 36 km2, which is large enough to circumscribe the 

four pilot catchments (considering their different shapes), was clipped from the total 

area covered by the radar and was used as input for the models of the pilot catchments. 

The area for analysis was selected such that it comprised the main rainfall cell(s) 

observed within the radar domain. The dates and main statistics of the selected storm 

events within the clipped (6 km x 6 km) area are summarised in Table 3-3. This table 

includes the equivalent return period of the selected storms at each of the pilot 

locations, which was estimated based upon the corresponding 

intensity-duration-frequency (IDF) curves. In the case of the UK pilot catchments, the 

Flood Estimation Handbook (Centre for Ecology & Hydrology, 2009) software was used 

in the estimation, whereas for the Belgian catchments the return period was estimated 

using the compound IDF curve proposed by Willems (2000). Storm profiles, snapshot 

images during the time of peak areal intensity as well as images of the rainfall depth 

accumulations for each storm event within the clipped area are shown in Figure 3-2. It 

is important to note that during the storm event on 18/01/2011, strong storm cells 

were observed in different areas of the radar domain. Given the high intensities and 

depths associated with the different areas, it was deemed appropriate to select two 

different areas within the radar domain for analysis. Consequently, for this storm event 

two sub-events were selected for analysis (i.e. E1 and E2). 

As can be seen from Table 3-3, the storm period for the different pilot locations for a 

given storm event are generally of the same order of magnitude, confirming that the 

rainfall dataset is representative of the region. Furthermore, the selected storms cover a 

wide range of return periods, including <1 year, ~1 year, ~10 years and >30 years. With 

regards to spatial-temporal variability (see spatial coefficient of variation (CV) in Table 

3-3 and storm temporal profiles in Figure 3-2), it can be seen that the selected storms 

cover a wide range of conditions, including highly spatially and temporally variable 

storms (e.g. E7 and E9) as well as spatially and temporally smoother storms (e.g. E4). 

The variety of storms conditions under consideration, in terms of return period and 

spatial-temporal variability, makes it possible to draw general conclusions from the 

present analysis and adds robustness to the results.  
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Table 3-3: Characteristics of selected storm events (estimated based upon 100 m / 1 min resolution estimates for the clipped (6 km × 6 km) area). 
Time in UTC. 

Event ID Date Duration 

Total depth  

(areal average/ 

pixel min/pixel max)  

(mm) 

Max intensity over 1 min  

(areal average/ 

individual pixel)  

(mm/h) 

Spatial 

CV* 

(average/ 

max) 

Return Period/Critical Duration 

(yr)/(min) 

Cranbook  

(UK) 

Torquay 

(UK) 

Herent 

(BE) 

Ghent 

(BE) 

E1 18/01/2011 05.10–08.00 h 31.48/17.89/45.82 31.67/1120.20 1.59/2.67 41.5/60 73.1/60 88.1/60 

E2 18/01/2011 05.10–08.00 h 36.12/16.48/47.17 26.48/124.00 2.43/3.55 14.5/90 19.7/90 15.0/90 

E3 28/06/2011 22.05–23.55 h 8.94/4.46/17.64 28.42/241.82 2.24/2.24 5.4/30 8.9/30 2.8/30 

E4 18/06/2012 05.55–07.10 h 10.12/8.03/11.76 11.62/24.11 0.98/1.46 1.4/75 1.5/75 0.6/75 

E5 29/10/2012 17.05–19.00 h 5.34/1.20/13.64 7.05/82.83 3.50/3.50 2.0/60 2.4/60 1.2/60 

E6 12/02/2012 00.05–03.00 h 4.94/2.39/7.86 6.59/38.57 2.38/2.38 1.0/90 <1.0/90 0.2/90 

E7 23/06/2013 08.05–11.30 h 4.19/0.73/13.39 9.41/306.55 4.16/7.62 1.7/30 2.2/30 0.7/30 

E8 05/09/2014 18.15–19.35 h 4.48/1.40/8.88 12.98/66.76 2.17/2.17 1.3/30 1.5/30 0.4/30 

E9 05/11/2014 19.05–23.55 h 5.99/1.22/12.65 10.53/246.74 3.63/6.07 1.8/30 2.4/30 0.7/30 

*Spatial coefficient of variation (CV) estimated for each radar image as standard deviation / mean. The maximum value corresponds to the maximum CV registered during the storm 
event while the average value corresponds to the average of the CVs estimated at individual time steps for which the areal average rainfall rate is ≥ 1.0 mm/h. 
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Figure 3-2 (Part 1: E1-E5): Areal average storm intensity profile (left column), snapshot image 
during the peak intensity period of the storm (middle column) and total event accumulations 

for the storm events under consideration. 
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Figure 3-2 (Part 2: E6-E9): Areal average storm intensity profile (left column), snapshot image 
during the peak intensity period of the storm (middle column) and total event accumulations 

for the storm events under consideration.  

3.3. Methods 

3.3.1. Selection of rainfall input resolutions for analysis 

To study the impact of spatial-temporal resolution of rainfall inputs on hydrodynamic 

model outputs (namely sewer flows), sixteen combinations of spatial-temporal 

resolutions were selected. The highest resolution of 100 m in space and 1 minute in 
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time was used as reference. Additionally, 15 resolution combinations were adopted 

based on the following considerations (the rationale behind the selected resolution 

combinations, as well as the selected combinations, is summarised in Figure 3-3):  

• In the framework of the simplest space–time scaling model that relies on a scaling 

anisotropy coefficient 𝐻𝑡 (Deidda, 2000; Gires et al., 2011), when the spatial scale of 

the data is changed by a ratio of 𝜆𝑥𝑦, the temporal scale should be changed by a 

factor of 𝜆𝑡 = 𝜆𝑥𝑦
1−𝐻𝑡 . By combining the scale invariance property of Navier-Stokes 

equations with Kolmogorov’s (1962) formulation, and assuming that the properties 

established for the atmosphere can be considered to be approximately valid for 

rainfall (insofar as the movement of raindrops is driven by turbulence), it is possible 

to show that 𝐻𝑡 is expected to be equal to 1/3 (Marsan et al., 1996). This means that 

when the spatial scale is multiplied by 3, the temporal scale should be multiplied by 

2 (i.e. 31−1/3 ≈ 2.08) (Gires et al., 2012). Upscaling from the reference resolution (i.e. 

100 m / 1 min), this leads to the following resolution combinations (indicated in 

blue in Figure 3-3): 500 m / 3 min; 1000 m / 5 min; 3000 m / 10 min. 

• Operational resolutions: it is of interest to relate the results of this study to 

resolutions typically available from operational radar networks. The most common 

resolutions are 1000 m / 5 min for national weather radar networks (e.g. in the UK, 

France, Netherlands, US). Other operational resolutions include: 1000 m / 10 min 

(Malaysia), ~ 500 m / 5 min (Belgium). Moreover, the equivalent resolutions of 

operational urban rain gauge networks are often of the order of several km in space 

and 1-15 min in time (WaPUG, 2002; Wang et al., 2013; Jewell & Gaussiat, 2015). 

The operational resolutions are indicated in yellow in Figure 3-3. 

• Berne et al. (2004) identified characteristic temporal and spatial scales relevant to 

describe the hydrological behaviour of urbanised catchments. They used a simple 

power law relationship to link lag time to the surface area of catchments. Based on 

this power law and on the characteristic spatial and temporal dimensions of storms 

typical of Mediterranean regions, the following approximate characteristic 

spatial-temporal resolutions were derived (indicated in green in Figure 3-3): 

1500 m / 1 min (for catchment areas ~ 2.6 ha); 2600 m / 3 min (for catchment areas 

~ 100 ha); 3300 m / 5 min (for catchment areas ~ 560 ha); 4700 m / 10 min (for 

catchment areas ~ 5600 ha).  
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• In addition to the resolution combinations mentioned in the literature based on 

atmospheric processes and catchment response characteristics, all remaining 

combinations of the selected space and time scales were investigated, so as to enable 

the analysis of the ‘marginal’ as well as the combined effect of the different temporal 

and spatial resolutions (these are indicated in red in Figure 3-3). 

Based upon the criteria above and using the finest resolution rainfall estimates (i.e. 

100 m / 1 min) as starting point, coarser spatial resolutions of up to 3000 m were 

generated through averaging in space. Coarser temporal resolutions of up to 10 min 

were generated through two different strategies: (1) by sampling radar rain rate images 

at the desired time interval, thus replicating radar scanning strategies; (2) by averaging 

rain rate measurements in time, which resembles rain gauge cumulative measurements. 

 
Figure 3-3: Combinations of space and time resolutions of rainfall inputs investigated in this 

study. 
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3.3.2. Spatial-temporal characterisation of storm events 

Based upon the finest resolution rainfall data (i.e. 100 m / 1 min), the following 

parameters were estimated which provide a measure of the spatial and temporal 

characteristics of the storm events under consideration. These parameters are used in 

Section 3.4 to analyse the observed impact of rainfall input resolution on hydrodynamic 

sewer flow modelling results. 

In the estimation of these parameters, only the (manually-selected) radar images over 

the peak period of the storm (i.e. period during which the core of the storm passes 

through the 6 km x 6 km clipped area) were considered. Including all radar images in 

the estimation would result in smooth parameters which do not reflect the dynamic and 

critical spatial-temporal features of the storm events. It is worth noting that some of the 

storm events under consideration comprised more than one peak (see temporal profiles 

in Figure 3-2; when this was the case, each of the peaks was analysed separately and the 

peak with the most stringent characteristics (i.e. smallest spatial and temporal scales, as 

described next) and resolution requirements (as described next) was adopted as 

representative of the storm event. 

3.3.2.1. Spatial structure of storms and theoretically-required spatial resolution 

of rainfall inputs 

A climatological variogram (Bastin et al., 1984; Berne et al., 2004; Bruni et al., 2015) 

was employed in this study to characterise the average spatial structure of rainfall fields 

over the peak storm period. Based upon the range of the variogram (𝑑𝑟), which 

represents the limit of spatial dependence (Atkinson & Aplin, 2004), the integral range 

measure (𝐴) (Lantuéjoul, 1991, 2002) was derived which can be considered as the 

mean area of the spatial structure captured by the radar images over the area of 

interest. Based upon 𝐴 and following recommended signal/response requirements from 

communication theory (Shannon, 1948; Garrigues et al., 2006), a theoretically-required 

spatial resolution was estimated for each storm event under consideration. 

The specific steps that were followed to obtain these parameters are the following:   

1. An empirical isotropic (semi-) variogram (𝛾(ℎ)) was computed at each time step as: 
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𝛾(ℎ) =
1

2𝑁𝑅𝐷,ℎ
∑ [(𝑍(𝐱) − 𝑍(𝐱 + ℎ))

2
]

𝑁𝑅𝐷,ℎ

𝑖

 (3-1) 

where 𝑁𝑅𝐷,ℎ is the number of all pairs of radar pixels separated by a distance ℎ, 𝑍 are 

the rainfall rate values at the respective pixels and 𝐱 corresponds to the centre of a 

given radar pixel.   

2. Each empirical variogram was normalised by dividing it by the sample variance.  

3. The normalised variograms obtained for each time step were averaged over the time 

period of analysis; this yields a climatological empirical variogram. 

4. An exponential variogram model was fitted to the empirical climatological 

variogram using weighted least square (WLS) fitting (Cressie, 1985). The 

exponential variogram function is the following:  

 
𝛾(ℎ) = 𝐶0 + 𝐶 [1 − exp (−

3 ∙ |ℎ|

𝑑𝑟
)] (3-2) 

where 𝐶0 is the nugget, 𝐶 is the sill, and 𝑑𝑟  is the (practical) spatial range at which 

95% of the sill is reached. It is worth noting that the two classical models that are 

used to fit climatological variograms are the exponential and spherical ones. For the 

storms under consideration both models were tested and a better fitting was 

generally obtained for the exponential one, hence it was adopted to describe the 

structure of the variogram. In addition, exponential variograms are often used to 

characterise the spatial correlation of high resolution rainfall fields (e.g. Zawadzki 

(1993); Ciach & Krajewski (1999)).   

5. The integral range measure (𝐴) was estimated as (Lantuéjoul, 1991, 2002): 

 
𝐴 = ∫ (1 −

𝛾(ℎ)

𝜎2
)

ℎ∈ℛ2
𝑑ℎ (3-3) 

where 𝜎2 is the sample variance (in this case  𝜎2 = 1, as we are working with a 

normalised climatological variogram) and ℛ2 is the 2-dimensional domain over 

which the variogram was derived. In simple terms, 𝐴 corresponds to the area under 

the correlogram curve. For an exponential variogram model 𝐴 is given by:  
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𝐴 =

2𝜋𝑑𝑟
2

9
 (3-4) 

This measure summarises the (spatial) structural information of the variogram 

provided by the range and the fraction of total variance. As mentioned above, 𝐴 can 

be considered as the mean area of the spatial structure captured by the radar images 

over the area of interest. 

6. The characteristic length scale of the storm event (𝐿𝑐), which represents the mean 

extent of the spatial structure captured by the data (Garrigues et al., 2008), was 

estimated as the square root of 𝐴. For an exponential variogram model, 𝐿𝑐 is given 

by:  

 
𝐿𝑐 = (

√2𝜋

3
)𝑑𝑟 ≈ 0.836𝑑𝑟 (3-5) 

7. In a study focusing on the quantification of the spatial heterogeneity of landscapes, 

Garrigues et al. (2006) demonstrated that by adopting a maximum pixel size equal to 

half of the characteristic length of the landscape image (i.e. 𝐿𝑐/2), it is possible to 

capture the major part of the spatial variability of land use. Their derivation 

followed Nyquist-Shannon sampling theorem (Shannon, 1948, 1949), according to 

which the proper sampling frequency of a signal must be higher than twice the 

maximal frequency of this signal. This is equivalent to saying that the maximal 

frequency that can be captured by a sampling rate is half that rate. Following 

Garrigues et al. (2006) approach, the coarsest spatial resolution (∆sr) that is 

required to properly characterise a given storm event is therefore given by half the 

characteristic length scale. For an exponential variogram: 

 
∆𝑠𝑟 =

𝐿𝑐
2
≈ 0.418𝑑𝑟 (3-6) 

In the case of a spherical variogram model, such as that used by Berne et al. (2004), 

∆𝑠𝑟 =
𝐿𝑐

2
≈ 0.396𝑑𝑟, where the ratio 0.396 is similar to the 1/3 ratio adopted by Berne et 

al. (2004), though it was derived with a different rationale. 
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3.3.2.2. Storm direction and velocity 

Storm motion was estimated using the TREC (TRacking Radar Echoes by Correlation)   

method (Rinehart & Garvey, 1978), which is widely used in rainfall nowcasting (Tuttle 

& Foote, 1990; Laroche & Zawadzki, 1995; Horne, 2003; Li & Lai, 2004). This method 

analyses the cross-correlation of each two consecutive rainfall fields in order to derive a 

field of movement vectors (i.e. the displacements in easting and northing directions). 

Given that the study area was rather small (i.e. 6 km × 6 km), the domain was analysed 

as a whole (i.e. it was not divided into sub-domains, as is often done when large areas 

are analysed). A single movement vector representing the main velocity (both 

magnitude and direction) was thus obtained at each time step. The series of vectors 

obtained for the multiple time steps of the peak storm period were then averaged to 

obtain the mean velocity (�̅�) during this period.  

3.3.2.3. Theoretically-required temporal resolution of rainfall inputs 

The coarsest temporal resolution (∆𝑡𝑟) that is required to reflect the spatial structure of 

a storm as captured by data can be defined as the time needed to ‘pass’ the mean extent 

of the spatial structure (defined above). Based upon this definition, ∆𝑡𝑟 can be computed 

as:   

 ∆𝑡𝑟 = 𝐿𝑐/|�̅�| (3-7) 

where |�̅�| is the magnitude of the mean velocity of the storm over the peak period. 

3.3.3. Application of rainfall inputs to urban drainage models 

Rainfall estimates at the selected temporal and spatial resolutions were applied as input 

to the urban drainage models of the four urban catchments in such a way that the 

resulting modelling outputs were as comparable as possible. Firstly, rainfall estimates 

were applied such that the centroid of the clipped rainfall area (see Section 3.2.3) 

coincides with the centroid of each catchment (see Section 3.2.1). Moreover, rainfall 

inputs were applied in two relative directions: parallel and perpendicular to the main 

flow direction at each catchment. As explained in Section 3.3.2.2, storm direction was 

estimated using the TREC method. The predominant flow direction at each pilot 

catchment was estimated based upon the slope of the linear regression of the (x, y) 
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coordinates of the nodes located along the longest pipe flow path of each of the 

catchment models (Figure 3-1). By applying rainfall inputs in the same relative direction 

to each catchment, variations in response due to differences in relative storm/flow 

direction (Singh, 1997) are avoided, thus making the results more comparable.  

3.3.4. Retrieval of urban drainage modelling results 

For each of the hydraulic simulations carried out for each catchment (i.e. 9 storm events 

× 16 resolution combinations × 2 storm directions = 288), simulated flow time series at 

the downstream end of 8 pipes were retrieved for analysis. The pipe locations were 

chosen such that the area that they drain (DA = drainage area) was approximately the 

following:  

• 2 locations with DA ~ 1 ha (i.e. characteristic length (𝐿 =  √𝐷𝐴) ~ 100 m)  

• 2 locations with DA ~ 25 ha (i.e. L ~ 500 m) 

• 1 location with DA ~ 100 ha (i.e. L ~ 1000 m) 

• 1 location with DA ~ 300 ha (i.e. L ~ 1700 m) 

• 1 location with DA ~ 500 ha (i.e. L ~ 2200 m) 

• 1 location with DA ~ 600 ha (i.e. L ~ 2500 m), whenever catchment area > 600 ha 

In addition, simulated sewer flows were retrieved at the downstream end of each pilot 

catchment (i.e. DA = catchment area, as indicated in Table 3-1).  These points for 

analysis were selected so as to assess the impact of rainfall input resolution in relation 

to the DA, which in previous studies has shown to play a dominant role in the 

requirements/impacts of rainfall input resolutions (e.g. Berne et al. (2004); Gires et al. 

(2012)). 

3.3.5. Evaluation of urban drainage modelling results 

Using the simulated sewer flows associated to the finest resolution rainfall estimates 

(i.e. 100 m / 1 min) as reference, the following statistics were computed to quantify the 

impact of rainfall input resolution on the outputs of the urban drainage models of the 

pilot catchments. In order to allow inter-comparison of results from different 

catchments, storm events and points of analysis, only dimensionless statistics, which 

characterise different aspects of the simulated sewer hydrographs, were used in this 

study.  
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• Relative error (RE) in peak flow: 

 REst = (𝑄𝑚𝑎𝑥𝑠𝑡 − 𝑄𝑚𝑎𝑥𝑟𝑒𝑓)/𝑄𝑚𝑎𝑥𝑟𝑒𝑓 (3-8) 

where REst is the relative error in peak flow (𝑄𝑚𝑎𝑥𝑠𝑡) associated to a rainfall input 

of spatial resolution 𝑠 and temporal resolution 𝑡, in relation to the reference (100 m 

/ 1 min - associated) peak flow, 𝑄𝑚𝑎𝑥𝑟𝑒𝑓. Positive RE values indicate overestimation 

by the peak flow associated to the rainfall input 𝑠𝑡 (i.e. 𝑄𝑚𝑎𝑥𝑠𝑡), and vice-versa. The 

RE has the advantage of being a ’tangible’ statistic which evaluates the performance 

of a critical parameter as is the peak flow. It is important to note that very large RE 

values can be obtained when low flows are evaluated, even if the absolute difference 

in peak flows is small. Hence RE values must be analysed with caution.  

• Coefficent of determination (R2) and regression coefficient (β) resulting from a 

simple linear regression analysis applied between each simulated flow time series 

(Qst, resulting from a rainfall input of spatial resolution 𝑠 and temporal resolution 𝑡) 

and the reference flow time series (Qref, resulting from the 100 m / 1min rainfall 

input). These two statistics provide an indication of how well the reference flows 

Qref are replicated by the ’simulated’ Qst flows, both in terms of pattern and 

magnitude. The R2 measure ranges from 0 to 1 and describes how much of the 

‘observed’ variability in the Qref time series is explained by the ‘simulated’ one (i.e. 

Qst). In practical terms, R2 provides a measurement of the similarity between the 

patterns of the reference flow time series (Qref) and the ’simulated’ (Qst) flow time 

series and can capture differences in factors such as time to peak. However, biases in 

modelled estimates cannot be detected from this measure (Murphy, 1988; Krause et 

al., 2005; Gupta et al., 2009). The regression coefficient, β, is therefore employed to 

provide this supplementary information to the R2. β ≈ 1 represents good agreement 

in the magnitude of Qref and Qst time series; β > 1 means that the simulated flows 

(Qst) are higher in the mean (by a factor of β) than the reference flows (Qref); and β 

< 1 means the opposite (i.e. Qst are lower in the mean than Qref). The R2 and β 

statistics have the advantage of taking into account the entire time series (as 

opposed to RE, which only provides an assessment of Qmax), as well as of being 

relatively insensitive to the magnitudes of the flows under consideration. 



118 

 

3.4. Results and discussion 

3.4.1. Spatial-temporal characteristics of storm events 

The estimated spatial and temporal characteristics of the storm events, as defined in 

Section 3.3.2, are summarised in Table 3-4. 

In terms of the minimum theoretically-required spatial resolution, it can be seen that it 

ranges from ~700 m to ~2000 m for the different storm events. As such, little impact is 

to be expected in the hydraulic outputs associated to rainfall input resolutions of 500 m 

and 1000 m, as compared to those associated to the finest 100 m estimates. However, a 

drop in performance would be expected for hydraulic outputs corresponding to rainfall 

input resolutions of 3000 m, as this spatial resolution largely exceeds the 

theoretically-required resolution of all storm events. In relation to the spatial resolution 

at which QPEs are typically available from national meteorological services (i.e. 

1000 m), it can be seen that it exceeds (i.e. meets) the theoretical spatial resolution 

requirements for 6 out of 9 events, while for the remaining 3 events the theoretical 

requirement is nearly met. 

As regards storm velocity, it can be seen that the mean velocities of the nine storms 

analysed in this study range from 9.8 m/s to 18.4 m/s. The combination of storm 

velocity and catchment dimensions (namely length and width) provides an indication of 

the time that it takes for a given point of the storm to cross a catchment. Given that the 

length and width of the pilot catchments range between ~0.6 km and 8.2 km (see Table 

3-1) and considering the minimum and maximum storm velocities, the time that it takes 

for the storms under consideration to cross the pilot catchments varies between 

~ 0.6 min and 13.9 min, with the mean time (corresponding to a mean catchment 

dimension of ~ 4 km and storm velocity of ~ 14 m/s) being ~ 5 min. This simple 

analysis of storm velocity vs. catchment dimensions, together with signal sampling 

principles (Shannon, 1948), provides an initial estimate of the maximum time interval 

at which rainfall measurements need to be taken (i.e. time between two consecutive 

rainfall measurements) in order to capture the crossing of a storm feature over the area 

of interest; this is, half of the time it takes such feature to cross the catchment (i.e. 

between 0.3 min and 7 min, with a mean of 2.5 min). This analysis does not take into 
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account the representative ‘size’ of a storm. This factor is accounted for in the 

theoretically-required temporal resolution, which is discussed next. 

From Table 3-4 it can be seen that the minimum theoretically-required temporal 

resolution for all storm events is rather small and generally below the 5 min temporal 

resolution of rainfall estimates provided by most meteorological services based on 

national weather radar networks. Considering the fine requirements in terms of 

temporal resolution, significant changes in hydraulic performance would be expected 

when switching from the finest temporal resolution of 1 min to coarser resolutions of 3, 

5 and 10 min, which quickly exceed the minimum required temporal resolution for 

most storm events.  

The way in which these spatial-temporal characteristics of rainfall relate to the impact 

of rainfall input resolution on hydrodynamic sewer flow modelling results at different 

drainage areas is investigated in the next section.  

 Table 3-4: Estimated spatial and temporal characteristics of and theoretically required rainfall 
input resolution for the storm events under consideration. 

Event ID 
Characteristic 

spatial range (Lc)  
(m) 

Required spatial 
resolution (Δsr) 

(m) 

Mean velocity 
(|�̅�|) 

(m/s) 

Required temporal 
resolution (Δtr) 

(min) 

E1 3500.92 1694.77 9.76 5.79 

E2 3041.87 1472.54 9.91 4.95 

E3 4017.35 1944.77 14.04 4.62 

E4 2777.92 1344.77 11.71 3.83 

E5 1779.49 861.43 14.11 2.03 

E6 3225.48 1561.43 11.68 4.46 

E7 1469.63 711.43 13.95 1.7 

E8 3145.14 1522.54 18.4 2.76 

E9 2031.96 983.66 16.97 1.93 
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3.4.2. Urban drainage modelling results 

Hydrodynamic sewer flow modelling outputs are analysed using the dimensionless 

statistics introduced in Section 3.3.5: relative error in peak flow (RE), coefficient of 

determination (R2) and regression coefficient (β).  

In analysing modelling results, the WaPUG (2002) predictive performance criteria, 

against which the urban drainage models were calibrated, will be adopted as thresholds 

of ‘acceptable’ performance. According to WaPUG Code of Practice, measured storm 

peak flow rates in sewers must be matched within +25 % and -15 % and measured flow 

volumes within +20 % and -10 %. Furthermore, peak flows must be ‘reasonably’ 

matched in time, with consideration to the duration of the storm event. In light of this, 

the following general thresholds in terms of the selected performance statistics will be 

adopted: |RE|̅̅ ̅̅ ̅̅  < 0.20 and |1 − β|̅̅ ̅̅ ̅̅ ̅̅ ̅ < 0.15. With regards to the ‘reasonable match of peaks’ 

and similarity in the pattern of observed and predicted flows, no specific guidance is 

provided in WaPUG standards. However, based on experience with urban drainage 

models calibrated against these standards (e.g. see results of models employed in 

Chapter 4, which are evaluated against observed sewer flows) and through 

conversation with practitioners, an R2 value equal to or greater than 0.80 is deemed to 

be a reasonable threshold of acceptable performance.  

In this section an analysis is first presented of sewer flow modelling results in relation 

to rainfall input resolution and drainage area size. Afterwards, the relationship between 

storm characteristics, rainfall input resolution and modelling outputs is analysed. The 

impact of the strategy applied to obtain coarser temporal resolution rainfall inputs (i.e. 

temporal sampling vs. temporal averaging) is analysed throughout this section. 

3.4.2.1. Analysis of urban drainage modelling outputs in relation to rainfall input 

resolution and drainage area size 

General trends 

In Figure 3-4 performance statistics for all rainfall inputs are plotted as a function of 

drainage area (DA) size, for storms applied in parallel and perpendicular to the 

catchments’ main flow direction. Figure 3-4 (a) shows the results corresponding to the 

spatial averaging + temporal sampling strategy and Figure 3-4 (b) shows the results of 
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spatial averaging + temporal averaging strategy. 

At a glance and as was expected, a general trend can be identified of the impact of rainfall 

input resolution to decrease as drainage area increases. This general trend is visible for 

both storm directions and for both coarsening strategies under consideration. Moreover, 

the coarsening of temporal resolution generally appears to have a stronger influence as 

compared to the coarsening of spatial resolution; this is especially the case for the 

temporal sampling strategy, but is still visible for the temporal averaging strategy (see 

markers associated to 10 min rain resolution in Figure 3-4). The stronger impact of 

temporal resolution over spatial resolution is in agreement with the estimated required 

temporal and spatial resolutions discussed in 3.4.1, as well as with previous –though 

mostly larger scale– studies (Krajewski et al., 1991; Meselhe et al., 2009; Notaro et al., 

2013). 

In terms of magnitude, as captured by the RE and β statistics, a general underestimation 

tendency is observed as space and time resolutions of rainfall inputs become coarser 

(notice general trend of RE < 0 and β < 1). Noteworthy is the fact that coarser spatial 

resolutions systematically lead to underestimation of sewer flows (notice behaviour of 

3000 m resolutions denoted by red to yellow triangular markers). This can be partly due 

to the smoothing of peak rainfall intensities which occurs when rainfall is averaged in 

space, but can also be explained by the fact that the cores of the storms were centred on 

the catchments; thus, as the spatial resolution of rainfall inputs approaches catchment 

size, stormwater may be transferred outside of the catchment boundaries (Ogden & 

Julien, 1994; Bruni et al., 2015). As for coarser temporal resolution, the effect on sewer 

flow magnitudes varies depending upon the coarsening strategy: in general, the temporal 

sampling strategy has a random effect on flow magnitudes (sometimes leading to 

overestimation and sometimes to underestimation), while temporal averaging generally 

leads to underestimation of flows. The random effect of the former can be understood by 

picturing what happens when the instantaneous snapshot of a rainfall field over a 

catchment is assumed to remain static during a given time interval. It may happen, for 

example, that such snapshot captured the core of a storm cell above or upstream the point 

of interest in a given catchment and it is assumed to stay there for several minutes, in 

which case flow overestimations will occur. However, it may also happen that the 

snapshot completely missed the crossing of a fast moving storm cell over the catchment, 
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in which case flow underestimations will occur. As regards the temporal averaging 

strategy, flow underestimations are to be expected given that peak rain rates are 

smoothed out when temporal averaging is performed.  

In terms of pattern, as captured by R2, it can be seen that the coarsening of temporal 

resolution, particularly when the sampling strategy is applied, can easily alter the pattern 

of flow hydrographs: the lowest R2 values are associated to the coarsest temporal 

resolutions, even when the associated spatial resolution is fine. Large drops in R2 are also 

observed at spatial resolutions of 3000 m, which are significantly larger than the 

theoretically required spatial resolutions estimated for the storm events under 

consideration.  

Regarding storm direction, similar trends are observed when storms are applied parallel 

and perpendicular to the predominant flow direction in the catchments (top and bottom 

plots in Figure 3-4, respectively). Differences in response behaviour in relation to rainfall 

input resolutions for different storm direction would be expected particularly for 

elongated catchments. Such differences can be seen in some cases at the level of 

individual storms and catchments (plots not shown here), but these are rather small and 

do not have a significant impact on the general trends observed in summary statistics 

over all events and catchments. Given that a similar behaviour is observed for both 

relative storm directions, from now onwards only results for the parallel storm direction 

will be displayed and discussed. A detailed investigation of the impact of storm direction 

and individual catchment behaviour remains a topic for future study. 

It is important to mention that some of the points of analysis at the different pilot 

catchments are subject to strong hydraulic controls (see Table 3-1). These controls 

influence flow behaviour and may lead to different sensitivity to rainfall input 

resolutions. To investigate this effect, the summary statistics shown in Figure 3-4 were 

plotted separately including and excluding results of points influenced by control 

elements. The resulting plots showed similar trends, indicating that control elements do 

not induce significantly different sensitivity to rainfall input resolution for the 

investigated storms, catchments and drainage area sizes.  
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Figure 3-4: Scatterplots of performance statistics RE, R2 and β versus drainage area sizes for 15 

resolution combinations relative to the reference resolution of 1 min/100 m: (a) Spatial 
averaging + temporal sampling strategy; (b) Spatial averaging + temporal averaging strategy. 
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Analysis of trends 

To better understand the trends initially identified above and facilitate 

inter-comparison of the results associated to the different rainfall input resolutions, two 

further analyses were conducted.  

Firstly, absolute performance statistics (i.e. |RE|, R2 and |1 − β|) for each of the different 

spatial-temporal rainfall resolutions were plotted as a function of drainage area size, 

and a logarithmic function was fitted for each resolution using the least squares method. 

The function structure was defined as: 

𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 𝑆𝑡𝑎𝑡 = 𝑎 ∙ ln 𝐷𝐴 + 𝑏 (3-9) 

Different function structures were tested, with the logarithmic function above providing 

the best fit. Plots of the fitted functions, for each rainfall resolution coarsening strategy, 

are presented in Figure 3-5. Moreover, the obtained a and b parameters and the 

associated mean square errors (MSE) of the fitting are summarised in Table 3-5 and 

Table 3-6, respectively for each of the resolution coarsening strategies. As can be seen, 

the fitting is generally good (MSE values are generally low), particularly for the fine 

temporal rainfall resolutions and for the spatial averaging + temporal averaging 

coarsening strategy; a less good, yet acceptable, fit was obtained for the coarsest 

temporal resolution (10 min) generated through sampling. These logarithmic functions 

provide an estimate of what sewer flow modelling performance can be expected for a 

given rainfall input resolution and catchment drainage area; however, they should be 

interpreted with caution, bearing in mind the uncertainty they entail (as reflected by 

MSE values) and the data based upon which they were derived. Moreover, as compared 

to the scatterplots presented in Figure 3-4, the plots of the fitted logarithmic functions 

provide a better visualisation of the relative performance associated to each rainfall 

input resolution and of their interactions.   

Secondly, plots of performance statistics as a function of spatial and/or temporal 

resolution per group of drainage area (DA) sizes were produced. These include boxplots 

of performance statistics for each of the spatial-temporal resolution combinations 

under consideration (Figure 3-6 and Figure 3-7), plots of performance statistics vs. 

temporal resolution (Figure 3-8 and Figure 3-10), plots of performance statistics vs. 
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spatial resolution (Figure 3-9 and Figure 3-11) and heat maps of performance statistics 

as a function of both spatial and temporal resolution (Figure 3-12 and Figure 3-13). 

These plots illustrate the separate as well as the combined impact of coarsening of 

temporal and spatial resolution. The separation by DA sizes allows for a partial removal 

from the analysis of the impact of catchment DA on hydraulic outputs. The following 

groups of DA sizes were defined, corresponding with the rainfall spatial resolutions 

investigated in this study:  

• DA1: 0.7 - 1.3 ha (i.e. characteristic length (𝐿 =  √𝐷𝐴)  ~ 100 m) 

• DA2: 20 - 30 ha (L ~ 500 m) 

• DA3: 85 - 135 ha (L ~ 1000 m) 

• DA4: 300 - 800 ha (1000 m < L < 3000 m) 

As can be seen, the general trends initially observed in Figure 3-4, can be better 

visualised in the fitted logarithmic curves shown in Figure 3-5, where, as drainage area 

(DA) increases, the model outputs’ sensitivity to rainfall input resolution quickly 

decreases. This trend can be further analysed according to the variation in the median 

values and inter-quartile ranges of the boxplots of the performance statistics for 

different DAs (see Figure 3-6 and Figure 3-7, from top to bottom). For example, in the 

case of DA1, only 500 m/1 min and 1000 m/1 min rainfall inputs can lead to acceptable 

sewer flow estimates (i.e. with median values and interquartile range of associated 

performance statistics falling into the acceptable WaPUG-based performance criteria 

discussed in Section 3.4.2:  |RE|̅̅ ̅̅ ̅̅  < 0.20, R2̅̅ ̅ > 0.80 and  |1 − β|̅̅ ̅̅ ̅̅ ̅̅ ̅ < 0.15). Nonetheless, in the 

cases of DA3 and DA4, most of the 5-min rainfall inputs (except for the 3000 m ones) 

can lead to acceptable sewer flow estimates.  

In addition to the above trend, from the logarithmic curves it is found that the behaviour 

of model results can be generally divided into two groups: those resulting from rainfall 

inputs at spatial resolutions finer than 3000 m and those equal to 3000 m, with the 

latter displaying a markedly worse performance which almost always falls outside of 

acceptable performance ranges. This difference in behaviour can be effectively 

highlighted in the heat maps in Figure 3-12 and Figure 3-13, in which the range of 

colours associated to the 3000 m rainfall inputs is generally in the red spectrum (which 

corresponds to poor performance) and is markedly different from the colours 
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associated to the 100 m, 500 m and 1000 m rainfall inputs.  This difference is 

particularly evident for RE and β statistics. 

In the case of the results associated to spatial resolutions finer than 3000 m, a very solid 

trend can be observed of rainfall input temporal resolution to dominate the general 

performance of model results. Notice, for example, how in the boxplots (Figure 3-6 and 

Figure 3-7) and in the performance vs. temporal resolution plots (Figure 3-8 and Figure 

3-10) for a given spatial resolution, there is a large drop in the median performance 

statistics and an increase in the inter-quartile range as the temporal resolution becomes 

coarser. In contrast, considerably smaller changes are observed in the boxplots and 

performance plots when, for a fixed temporal resolution, the spatial resolution is 

coarsened (see 100-, 500- and 1000-m plots in Figure 3-6, Figure 3-7, Figure 3-9 and 

Figure 3-11). Similarly, the dominating impact of the temporal resolution can be 

observed in the fitted logarithmic functions in Figure 3-5: as can be seen, the curves for 

the spatial resolutions finer than 3000 m are clustered into three main sets, respectively 

corresponding to a given temporal resolution (of 1-3 min, 5 min and 10 min). 

With regards to the temporal resolution coarsening strategy, a significant better 

performance of the aggregation strategy in relation to the sampling one can be observed 

in the performance statistics for all spatial and temporal resolution combinations (see 

boxplots in Figure 3-6 and Figure 3-7). This serves to emphasise the critical role of 

temporal sampling errors in rainfall inputs for urban drainage modelling applications. 

For example, the temporally-sampled 5-min rainfall estimates lead to large errors 

(generally below acceptable predictive performance) in the subsequent runoff 

estimations, particularly for the smaller DAs. Nonetheless, because of the temporal 

averaging strategy, almost all 5 min rainfall inputs (except those in combination with 

3000 m spatial resolution) lead to satisfactory runoff estimates. The temporal averaging 

strategy even leads to acceptable statistics in some of the outputs associated to 10-min 

temporal resolution (although dispersion remains high – see Figure 3-7).  
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In general, the results show that temporal resolutions of 5 and 10 min generated with 

the temporal sampling strategy mostly lead to large errors in urban drainage 

simulations, with predictive performance falling below acceptable limits, even if the 

spatial resolution of rainfall inputs is very high and even for large drainage areas. For 

the temporal averaging strategy, however, acceptable results are still achieved with 

temporal resolutions of 5 min, particularly for DA > 20 ha (DA groups 2, 3 and 4 in 

Figure 3-6 and Figure 3-7). While some of the results associated to the 10 min averaged 

temporal resolution are acceptable, a big proportion of these fall outside of acceptable 

predictive performance boundaries. These results suggest that, for urban drainage 

modelling applications, rainfall measurements or estimates must be taken/generated at 

intervals smaller than 5 min. These estimates may then be averaged in order to 

generate estimates of temporal resolutions of up to 5 min and still lead to satisfactory 

runoff simulations. However, using rainfall ‘snapshots’ sampled at intervals of the order 

of 5 min or larger as direct input to urban drainage models and assuming that the 

rainfall field remains static during the given time interval (as is often done by 

practitioners based upon the data provided by national meteorological services) is 

insufficient and can lead to large errors in simulated flows. These results highlight the 

importance of keeping in mind the instantaneous nature of the rainfall estimates 

provided by weather radars, which is often forgotten. When radar QPEs are only 

available at resolutions of 5 min or coarser, it is possible to generate higher temporal 

resolution estimates and cumulative QPEs by means of temporal interpolation 

techniques (e.g. Fabry et al. (1994); Nielsen et al. (2014); Wang et al. (2015e)). 

As regards spatial resolution, in general, except for the very small drainage areas (i.e. 

DA1 ~1 ha), 1000 m resolution rainfall inputs appear to be sufficient, leading to 

acceptable sewer flow estimates (i.e. :  |RE|̅̅ ̅̅ ̅̅  < 0.20, R2̅̅ ̅ > 0.80 and  |1 − β|̅̅ ̅̅ ̅̅ ̅̅ ̅ < 0.15). Large 

errors due to spatial resolution coarsening occur at 3000 m resolution, for all drainage 

area sizes, leading to unacceptable sewer flow estimates.  

The trends observed in Figure 3-5 - Figure 3-13 corroborate and clarify previous 

findings from Figure 3-4 and provide confirmation that the theoretically-derived 

required spatial and temporal resolutions (Table 3-4) are sound.  
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An interesting feature that can be observed in Figure 3-5, Figure 3-6 and Figure 3-7 is 

the interaction and mutual dependence between temporal and spatial resolutions. 

Notice, for instance, that the 1000 m / 5 min (one of the resolution combinations 

derived from Kolmogorov – see Figure 3-3) associated outputs often display a similar 

and sometimes even better performance than the 100 m / 5 min ones, thus confirming 

the need for agreement between spatial and temporal resolution. The dependence 

between spatial and temporal resolutions has been widely discussed (e.g. Kolmogorov 

(1962); Schertzer & Lovejoy (1987); Fabry et al. (1994); Marsan et al. (1996); Deidda 

(2000); Gires et al. (2012)), but there is not as yet much evidence in urban hydrology to 

corroborate this hypothesis. The results of this study do provide evidence to support it.  
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Figure 3-5: Logarithmic functions fitted to data of absolute performance statistics|RE|, R2 and |1 − β| as a function of drainage area (DA), for 

different space–time resolution combinations: (a) Spatial averaging + temporal sampling strategy; (b) Spatial averaging + temporal averaging 
strategy.
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Table 3-5: Parameters a and b and MSE values for logarithmic function fitting, for absolute 

performance statistics |RE|, R2 and |1 − β|, for rainfall inputs generated through the spatial 
averaging + temporal sampling strategy.  

Res. 
ID* 

|RE| R2 |1 − β| 

a b MSE a b MSE a b MSE 

2 -0.0215 0.1775 0.0250 0.0230 0.8476 0.0060 -0.0170 0.1446 0.0152 

3 -0.0353 0.3165 0.0796 0.0415 0.6904 0.0223 -0.0292 0.2675 0.0341 

4 -0.0481 0.4624 0.1621 0.0737 0.3909 0.0528 -0.0609 0.5153 0.0787 

5 -0.0190 0.1243 0.0136 0.0072 0.9582 0.0012 -0.0104 0.0732 0.0027 

6 -0.0232 0.1861 0.0212 0.0226 0.8524 0.0052 -0.0181 0.1476 0.0096 

7 -0.0328 0.2957 0.0837 0.0406 0.6995 0.0207 -0.0268 0.2499 0.0273 

8 -0.0445 0.4314 0.1666 0.0714 0.4061 0.0538 -0.0582 0.5004 0.0703 

9 -0.0228 0.1759 0.0223 0.0121 0.9198 0.0037 -0.0150 0.1277 0.0066 

10 -0.0381 0.2791 0.2323 0.0236 0.8449 0.0067 -0.0180 0.1591 0.0088 

11 -0.0284 0.2631 0.0663 0.0411 0.7084 0.0172 -0.0300 0.2633 0.0222 

12 -0.0405 0.3955 0.1279 0.0719 0.4093 0.0559 -0.0571 0.4938 0.0645 

13 -0.0159 0.3211 0.0526 0.0244 0.7823 0.0209 -0.0140 0.3115 0.0423 

14 -0.0184 0.3364 0.0510 0.0300 0.7400 0.0247 -0.0180 0.3345 0.0435 

15 -0.0221 0.3512 0.0888 0.0387 0.6673 0.0333 -0.0205 0.3613 0.0490 

16 -0.0318 0.4028 0.1077 0.0622 0.4424 0.0626 -0.0417 0.5106 0.0608 

*Rainfall input resolution ID as per Figure 3-3. 

 Table 3-6: Parameters a and b and MSE values for logarithmic function fitting, for absolute 
performance statistics |RE|, R2 and |1 − β|, for rainfall inputs generated through the spatial 

averaging + temporal averaging strategy.  

Res. 
ID* 

|RE| R2 |1 − β| 

a b MSE a b MSE a b MSE 

2 -0.0126 0.0938 0.0120 0.0091 0.9416 0.0033 -0.0093 0.0698 0.0081 

3 -0.0182 0.1441 0.0174 0.0204 0.8611 0.0141 -0.0175 0.1342 0.0132 

4 -0.0330 0.2755 0.0340 0.0375 0.7039 0.0380 -0.0352 0.2808 0.0254 

5 -0.0190 0.1243 0.0136 0.0072 0.9582 0.0012 -0.0104 0.0732 0.0027 

6 -0.0195 0.1403 0.0154 0.0134 0.9170 0.0031 -0.0136 0.1016 0.0049 

7 -0.0234 0.1827 0.0207 0.0235 0.8442 0.0120 -0.0189 0.1522 0.0113 

8 -0.0345 0.2907 0.0402 0.0413 0.6842 0.0365 -0.0347 0.2884 0.0257 

9 -0.0228 0.1759 0.0223 0.0121 0.9198 0.0037 -0.0150 0.1277 0.0066 

10 -0.0246 0.1942 0.0248 0.0179 0.8823 0.0056 -0.0179 0.1481 0.0077 

11 -0.0268 0.2214 0.0251 0.0274 0.8161 0.0119 -0.0230 0.1939 0.0124 

12 -0.0359 0.3174 0.0351 0.0437 0.6643 0.0358 -0.0384 0.3276 0.0286 

13 -0.0159 0.3211 0.0526 0.0244 0.7823 0.0209 -0.0140 0.3116 0.0423 

14 -0.0193 0.3426 0.0522 0.0271 0.7639 0.0223 -0.0169 0.3297 0.0427 

15 -0.0221 0.3633 0.0554 0.0320 0.7256 0.0255 -0.0209 0.3599 0.0452 

16 -0.0330 0.4424 0.0712 0.0401 0.6324 0.0409 -0.0284 0.4310 0.0530 

*Rainfall input resolution ID as per Figure 3-3. 
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Figure 3-6: Box plots of performance statistics RE, R2 and β per rainfall input resolution, per 

group of drainage area (DA) sizes for the results associated to the spatial averaging + 
temporal sampling strategy. Note that the boxplots’ whiskers extend at the most 1.5 times the 
interquartile range below the first quartile (Q1) and above the third quartile (Q3), respectively. 

Points beyond this distance are represented as outliers.  
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Figure 3-7: Box plots of performance statistics RE, R2 and β per rainfall input resolution, per 
group of drainage area sizes for the results associated to the spatial averaging + temporal 

averaging strategy. Note that the boxplots’ whiskers extend at the most 1.5 times the 
interquartile range below the first quartile (Q1) and above the third quartile (Q3), respectively. 

Points beyond this distance are represented as outliers. 
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Figure 3-8: Hydraulic performance statistics (RE, R2 and β) vs. rainfall input temporal resolution 
per group of drainage area sizes for the results associated to the spatial averaging + temporal 

sampling strategy. Each line corresponds to the hydraulic results associated to each rainfall 
input spatial resolution under consideration. Main lines denote the median value of the given 

statistic while error bars indicate the first and third quartiles.  
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Figure 3-9: Hydraulic performance statistics (RE, R2 and β) vs. rainfall input spatial resolution 

per group of drainage area sizes for the results associated to the spatial averaging + temporal 
sampling strategy. Each line corresponds to the hydraulic results associated to each rainfall 

input temporal resolution under consideration. Main lines denote the median value of the given 
statistic while error bars indicate the first and third quartiles.  
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Figure 3-10: Hydraulic performance statistics (RE, R2 and β) vs. rainfall input temporal 

resolution per group of drainage area sizes for the results associated to the spatial averaging + 
temporal averaging strategy. Each line corresponds to the hydraulic results associated to each 
rainfall input spatial resolution under consideration. Main lines denote the median value of the 

given statistic while error bars indicate the first and third quartiles. 
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Figure 3-11: Hydraulic performance statistics (RE, R2 and β) vs. rainfall input spatial resolution 
per group of drainage area sizes for the results associated to the spatial averaging + temporal 
averaging strategy. Each line corresponds to the hydraulic results associated to each rainfall 

input temporal resolution under consideration. Main lines denote the median value of the given 
statistic while error bars indicate the first and third quartiles. 

  



137 

 

 

 
Figure 3-12: Heatmaps of variation in median performance statistics (RE, R2 and β) as a function 

of both spatial and temporal resolution. Results are shown per group of drainage area sizes 
correspond to the spatial averaging + temporal averaging strategy.  
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Figure 3-13: Heatmaps of variation in median performance statistics (RE, R2 and β) as a function 

of both spatial and temporal resolution. Results are shown per group of drainage area sizes 
correspond to the spatial averaging + temporal averaging strategy. 
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3.4.2.2. Analysis of urban drainage modelling results in relation to rainfall input 

resolution and spatial-temporal storm characteristics 

To investigate the impact of the spatial-temporal characteristics of storms on the 

observed variability in sewer flow estimates resulting from different rainfall input 

resolutions, performance statistics were plotted as a function of the following spatial 

and temporal scaling factors, as well as a function of a combined spatial-temporal factor 

which accounts for spatial-temporal scaling anisotropy (described in Section 3.3.1): 

𝜃𝑠 = (
𝛥𝑠𝑟
𝛥𝑠
) (3-10) 

𝜃𝑡 = (
𝛥𝑡𝑟
𝛥𝑡
) (3-11) 

𝜃𝑠𝑡 = (
𝛥𝑠𝑟
𝛥𝑠
) (
𝛥𝑡𝑟
𝛥𝑡
)

1
1−𝐻𝑡

 (3-12) 

Where 𝜃 is a spatial (s) and/or temporal (t) scaling factor, 𝛥𝑠𝑟 and 𝛥𝑡𝑟 are the required 

spatial and temporal resolutions estimated based upon storm characteristics (Table 

3-4), ∆𝑠 and ∆𝑡 are the space and time resolutions of the rainfall inputs applied in model 

simulation and 𝐻𝑡 is the anisotropic scaling factor, defined in Section 3.3.1, which 

theoretically has a value of 1/3.  

Figure 3-14, Figure 3-15 and Figure 3-16 show, respectively, performance statistics RE, 

R2 and β as a function of the scaling factor 𝜃 for scaling in space, scaling in time and 

combined spatial-temporal scaling (accounting for anisotropy), for the two coarsening 

strategies under consideration. Same as in Figure 3-6 and Figure 3-7, plots are 

displayed per group of drainage area (DA) sizes, in order to partially remove from the 

analysis the impact of catchment area on hydraulic outputs. In Figure 3-14 - Figure 3-16, 

for 𝜃 values above 1, the applied rainfall input resolution is finer than the theoretically 

required spatial-temporal resolution, estimated based upon storm characteristics 

(Table 3-4). In the case of the spatial scaling factor (𝜃𝑠) alone (first row in Figure 3-14 - 

Figure 3-16), although performance statistics generally improve as 𝜃𝑠  increases, 

significant dispersion is observed in the plots and the trend is rather unclear. In 

contrast, in the case of the temporal scaling factor (𝜃𝑡) (middle row in Figure 3-14 - 
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Figure 3-16) a more clear pattern can be observed in the plots, with performance 

statistics visibly improving at larger values of 𝜃𝑡 . These initial results confirm the 

validity of the proposed method to characterise storm spatial-temporal features, as well 

as the predominant effect of rainfall inputs’ temporal resolution on urban runoff 

estimates. In the case of the combined factor (𝜃𝑠𝑡) (bottom row in Figure 3-14 - Figure 

3-16) a significantly clearer pattern can be identified, with performance consistently 

improving for higher 𝜃𝑠𝑡  values, whereby small drainage areas remain more sensitive. 

While some dispersion can still be seen in the plots of combined factor (𝜃𝑠𝑡) vs. 

performance statistics (likely to be due to individual catchment and model 

characteristics), the fact that a significantly clearer pattern is observed in the 𝜃𝑠𝑡  plots, 

in comparison to the plots of the independent factors 𝜃𝑠 and 𝜃𝑡 , suggests that in order to 

properly represent the effect of temporal and spatial resolution of rainfall inputs, these 

must be considered together. This corroborates the interaction that exists between the 

two resolutions.  

With regards to the coarsening strategies, the results associated to both strategies are 

generally similar. However, when looking closely at the plots, particularly at the 𝜃𝑠𝑡  

ones, it can be seen that there is less dispersion in the plots resulting from the spatial 

averaging + temporal averaging strategy, as compared to the plots associated to the 

spatial averaging + temporal sampling strategy. This can be explained by the fact that 

the temporal averaging strategy can better represent the spatially- and 

temporally-continuous nature of rainfall processes, which is the basis of the fluid 

dynamics and scaling formulations described in Section 3.3.1. This serves to emphasise 

the need to use temporally averaged rainfall estimates (which resemble the 

continuously cumulative nature of rain gauge measurements), as opposed to temporally 

sampled ones (such as the ones initially provided by radar).  
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Figure 3-14: Scatterplots of performance statistic RE as a function of scaling factors  𝜃𝑠 (top 

row), (𝜃𝑡)  (middle row) and (𝜃𝑠𝑡) (bottom row), for four groups of drainage area (DA) sizes: (a) 
Spatial averaging + temporal sampling strategy; (b) Spatial averaging + temporal averaging 

strategy. 
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Figure 3-15: Scatterplots of performance statistic R2 as a function of scaling factors  𝜃𝑠 (top 

row), (𝜃𝑡)  (middle row) and (𝜃𝑠𝑡) (bottom row), for four groups of drainage area (DA) sizes: (a) 
Spatial averaging + temporal sampling strategy; (b) Spatial averaging + temporal averaging 

strategy. 
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Figure 3-16: Scatterplots of performance statistic β as a function of scaling factors  𝜃𝑠 (top row), 

(𝜃𝑡)  (middle row) and (𝜃𝑠𝑡) (bottom row), for four groups of drainage area (DA) sizes: (a) 
Spatial averaging + temporal sampling strategy; (b) Spatial averaging + temporal averaging 

strategy.  
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3.5. Summary and conclusions 

The aim of the study presented in this Chapter was to quantify the impact of rainfall 

input resolutions on operational urban drainage modelling outputs and, based upon it, 

to identify critical resolutions which enable a proper characterisation of urban 

catchment hydrological response. Nine storm events measured by a polarimetric 

X-band weather radar, located in the Cabauw Experimental Site for Atmospheric 

Research (CESAR) of the Netherlands, were selected for analysis. Based on the original 

radar estimates, at 100 m and 1 min resolutions, 15 different combinations of coarser 

spatial and temporal resolutions, up to 3000 m and 10 min, were generated. Coarser 

spatial resolutions were generated by averaging in space, whereas coarser temporal 

resolutions were generated through two different strategies: (1) by sampling radar 

images at the desired temporal resolution, thus replicating radar scanning strategies; 

(2) by averaging rain rates in time, which emulates rain gauge cumulative 

measurements. The resulting rainfall estimates were applied as input to the operational 

semi-distributed (yet high-resolution) models of four urban catchments in the UK and 

Belgium, all of which have similar size (between 5 and 8 km2), but different 

morphological, hydrological and hydraulic characteristics. When doing so, 

methodologies for standardising model outputs and making results comparable were 

implemented. The spatial-temporal features of the storm events, including theoretically 

required spatial and temporal resolutions given the observed rainfall variability, were 

derived using geostatistical analysis and storm cell tracking. The impact of rainfall input 

resolution on urban drainage model outputs (namely on simulated sewer flows) was 

summarised using dimensionless performance statistics, estimated using as reference 

the sewer flows resulting from the highest available spatial-temporal resolution rainfall 

inputs (i.e. 100 m / 1 min). The results were analysed in the light of drainage area and 

critical spatial-temporal resolutions computed for each of the storm events. The main 

findings and conclusions drawn from this study are the following:  

• The sensitivity of urban drainage modelling outputs to rainfall input resolution can 

be largely explained based upon two main factors: drainage area under 

consideration and spatial-temporal characteristics of the storm event. As regards the 

first factor, the impact of rainfall input spatial-temporal resolution coarsening upon 

simulated sewer flows was found to decrease logarithmically as drainage area 
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increases. The decrease in the impact of rainfall input resolution on modelling 

outputs with increasing drainage area is rather obvious and is consistent with 

previous studies (Berne et al., 2004; Gires et al., 2012; Lobligeois et al., 2014). 

However, differently from previous studies, in the work presented herein the 

magnitude of the impact was quantified and the way in which it changes as a 

function of drainage area (i.e. logarithmically) was characterised. With regards to 

the second factor (i.e. spatial-temporal storm characteristics), the theoretically 

derived minimum spatial-temporal resolution of rainfall inputs, estimated on the 

basis of the sole analysis of rainfall images, were consistent with the results of the 

hydraulic analysis and, for a given drainage area, these were able to explain, in large 

part, the impact of rainfall resolution coarsening on modelling results.  

• Across the entire range of drainage areas under investigation (1 ha - 800 ha), the 

coarsening of temporal resolution of rainfall inputs was shown to have a bigger 

effect upon hydrodynamic sewer flow modelling results than the coarsening of 

spatial resolution. This is particularly the case when coarser temporal resolution 

rainfall estimates are generated through sampling of radar images. The dominant 

impact of temporal resolution is in agreement with the independent (geostatistical 

and cell tracking) analysis of the storms and with previous –albeit mostly large-

scale– studies (Krajewski et al., 1991; Meselhe et al., 2009; Notaro et al., 2013).  

• Despite the dominant effect of temporal resolution, the hydraulic results show that 

there is a strong interaction and dependence between the spatial and temporal 

resolution of rainfall input estimates. As such, in order to avoid losing relevant 

information from the rainfall fields, the two resolutions must be in agreement with 

each other. The dependence between spatial and temporal resolutions has been 

widely discussed (e.g. Kolmogorov (1962); Schertzer & Lovejoy (1987); Fabry et al. 

(1994); Marsan et al. (1996); Deidda (2000); Gires et al. (2012)), but, as yet, there is 

not much evidence in urban hydrology to corroborate this hypothesis. The results of 

this study support the existence of such dependence.  

• Based upon the results of this study and in light of typically acceptable predictive 

performance criteria (as per WaPUG (2002) standards), the following critical 

spatial-temporal rainfall input resolutions were identified for urban drainage 

modelling applications: 
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- With regards to temporal resolution, rainfall measurements or estimates must be 

taken/generated at intervals smaller than 5 min (i.e. sampling frequency < 

5 min). These estimates may then be used to generate cumulative-like rainfall 

estimates (i.e. rain rates averaged over time) at temporal resolutions of up to 

5 min and still lead to satisfactory hydrodynamic modelling results (i.e. |RE|̅̅ ̅̅ ̅̅  < 

0.20, R2̅̅ ̅ > 0.80 and  |1 − β|̅̅ ̅̅ ̅̅ ̅̅ ̅ < 0.15). However, using rainfall ‘snapshots’ sampled 

at intervals of the order of 5 min or larger as direct input to urban drainage 

models and assuming that the rainfall field remains static during the given time 

interval (as is often done by practitioners based upon the data provided by 

national meteorological services) can lead to large errors in simulated flows, 

resulting in predictive performance below acceptable limits. These results 

highlight the importance of keeping in mind the instantaneous nature of the 

rainfall estimates provided by weather radars, a point which is often overlooked. 

When radar QPEs are only available at intervals of 5 min or more (as is the case 

with most radar QPEs provided by national meteorological services), it is 

possible to generate higher temporal resolution estimates and cumulative QPEs 

by means of temporal interpolation techniques (e.g. Fabry et al. (1994); Nielsen 

et al. (2014); Wang et al. (2015e)). 

- As regards spatial resolution, in general, except for the very small drainage areas 

(i.e. DA1 < 10 ha), 1000 m resolution rainfall inputs appear to be sufficient, 

leading to acceptable runoff estimates. For all drainage area sizes, the 3000 m 

spatial resolution, which is comparable to common distances between rain 

gauges, led to large errors in sewer flow simulations, falling below acceptable 

performance criteria. As such, when only rain gauges are used to force urban 

drainage models, the magnitude of the errors incurred in as a result of the coarse 

spatial resolution must be kept in mind.     

While any such study has limitations insofar as the results may depend upon the storm 

events and catchments it uses, the results provide useful insights into rainfall input 

resolution requirements for urban drainage modelling applications, considering 

currently available and commonly used data and models. Evidently, higher spatial and 

temporal resolution rainfall estimates are desirable. However, resolution comes at a 

cost and resources are limited. According to the results of this study, rainfall monitoring 
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strategies may consider prioritising improvements in temporal resolution (e.g. 

modifying radar scanning strategies, using local X-band radars which have higher 

rotation rates, employing temporal interpolation techniques), while keeping in mind the 

dependence between temporal and spatial resolutions, as well as the fact that 

measuring rainfall at higher resolutions can lead to improvements in accuracy. Future 

research should focus upon gathering high resolution rainfall datasets alongside high 

resolution local urban runoff records and implementation of higher resolution urban 

drainage models, which enable a better assessment of the added value of high 

resolution rainfall data and models. Further work is also needed to better understand 

factors affecting model sensitivity to rainfall input resolution, including storm 

spatial-temporal characteristics, catchment and model characteristics (e.g. slope, degree 

of imperviousness, presence of control elements, spatial homogeneity/heterogeneity, 

amongst others), and their interactions.  
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4. Radar-rain gauge merging 
methods for urban drainage 
modelling – Part I: Review and 
evaluation under common 
practice  

In this Chapter a thorough test is conducted of radar-rain gauge merging techniques at 

urban scales, under different climatological conditions and rain gauge density scenarios. 

The aim is to provide guidance regarding the suitability and application of merging 

methods at the spatial-temporal resolutions required for urban drainage modelling, 

which is lacking at present. In this chapter merging techniques will be applied following 

common practice; that is, as they were originally formulated and as they are reportedly 

commonly applied. In the following chapter, special treatments which have the potential 

to improve merging performance for urban drainage applications will be tested.  

The chapter starts with a review of existing merging techniques. This includes a review 

of studies focusing on the evaluation and inter-comparison of merging methods as well 

as on the assessment of factors affecting merging performance and potential treatments 

for better handling them. Based upon this, the research gaps addressed in this study are 

identified and the best performing and/or most commonly used techniques are selected 

for testing. Afterwards, the pilot locations and dataset employed in the study are 

introduced. This is followed by a description of the radar-rain gauge merging 

techniques under investigation and of the methodology adopted for their evaluation. 

The results of the investigation are then presented and discussed. The chapter finishes 

up with recommendations on the suitability of different merging techniques for urban 

drainage modelling under varying climatological and rain gauge density conditions.  
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4.1. Background and scope 

The two sensors commonly used for rainfall estimation at catchment scales are rain 

gauges and weather radars (Cole & Moore, 2008). In general, rain gauges provide 

accurate point rainfall estimates near the ground surface; nonetheless, they cannot well 

capture the spatial variability of rainfall which, as was widely discussed in Chapter 3, 

has a significant impact on hydrological systems and thus on runoff modelling, 

particularly in the case of small urban catchments (Gires et al., 2012; Schellart et al., 

2012; Del Giudice et al., 2013; Ochoa-Rodriguez et al., 2015c). Moreover, since dense 

rain gauge networks cannot cover large areas, it is difficult to forecast rainfall with 

longer lead time based on rain gauge data only (Looper & Vieux, 2012). In contrast, 

radars can survey large areas and can better capture the spatial variability of rainfall 

fields, thus improving the short-term predictability of rainfall. However, the accuracy of 

radar measurements is in general insufficient, particularly in the case of extreme rainfall 

magnitudes (Einfalt et al., 2004; Einfalt et al., 2005). As discussed in Chapter 2, this is 

due to the fact that, instead of being a direct measurement, radar rainfall intensity is 

derived indirectly from measured radar reflectivity. As a result, both radar reflectivity 

measurements and the reflectivity–intensity conversion process are subject to multiple 

sources of error (Harrison et al., 2009; Krajewski et al., 2010; Villarini & Krajewski, 

2010). Although a number of corrections can be applied in order to reduce these errors 

and great progress has been made in this direction in the last few decades (see up 

review of progress to date in Krajewski et al. (2010)), including more recent advances 

based upon dual-polarisation radar measurements (Bringi & Chandrasekar, 2001; 

Sugier & Tabary, 2006; Rico-Ramirez & Cluckie, 2008; Bringi et al., 2011; Chandrasekar 

et al., 2013; Hall et al., 2015), it is virtually impossible to have error-free radar QPEs and 

the new radar technologies and processing techniques will not change the inherent 

limitations of radar as a rainfall measurement tool, such as the fact that rainfall is 

measured indirectly, often well above the ground and often far away from the radar, 

which results in beam broadening and range degradation. The insufficient accuracy of 

radar QPEs has proven problematic and has hindered their widespread practical use 

(Schellart et al., 2012; Berne & Krajewski, 2013; McKee & Binns, 2015).  

To improve the accuracy of radar QPEs while preserving their spatial description of 

rainfall fields, it is possible to adjust them based on rain gauge measurements; doing so 



150 

 

enables combining the advantages of each sensor, while overcoming their drawbacks. 

Gauge-based adjustment of radar QPEs, also referred to as radar-rain gauge 

combination or merging, has been an active topic of research ever since the potential of 

radars as precipitation measuring devices was realised in the 1940’s and 1950’s (e.g. 

Hitschfeld & Bordan (1954); Wilson (1970); Brandes (1975)). Several radar-rain gauge 

merging techniques have been developed which have proven effective to improve the 

accuracy of radar QPEs and hence their applicability for hydrological uses (Vieux & 

Bedient, 2004a; Smith et al., 2007; Goudenhoofdt & Delobbe, 2009; Looper & Vieux, 

2012; Wang et al., 2013; McKee & Binns, 2015). While significant progress has been 

made in this direction, a number of questions remain, particularly regarding the 

suitability and way of applying these techniques at the stringent spatial-temporal 

resolutions required for urban drainage modelling.  

In what follows an overview is first given of existing radar-rain gauge merging 

techniques. This is followed by a detailed review of studies focusing on the evaluation 

and inter-comparison of merging methods. Based upon this, the best performing and/or 

most widely-used techniques will be identified and the techniques to be tested in the 

present study will be selected. Afterwards, a review is presented of climatological and 

operational factors affecting the performance of merging techniques. The relevance of 

these factors for urban hydrological applications is discussed as well as the possibility of 

improving their handling so as to improve the applicability of merging techniques to 

urban hydrology. The present section finishes up with a summary of the conclusions 

drawn from the above-mentioned reviews, based upon which the research gaps 

addressed in this and the following chapter are identified and the scope of the present 

study is defined.  

4.1.1. Overview of existing radar-rain gauge merging methods  

Numerous radar-rain gauge merging methods have been developed ever since radars 

started to be used as precipitation measuring devices. Likewise, different ways of 

categorising existing merging methods have been proposed. Wang et al. (2013) suggest 

that merging methods can generally be classified as bias reduction methods and error 

variance minimisation methods; this classification was later adopted in the review by 

McKee & Binns (2015) and in Lo Conti et al. (2015). Erdin (2013), Goudenhoofdt & 



151 

 

Delobbe (2009) and Jewell & Gaussiat (2015) make a clear distinction between 

geostatistical and non-geostatistical methods, where geostatistical methods are defined 

as those which seek to represent the spatial covariance structure of the rainfall field or 

its errors by making use of the (semi-) variogram (Goudenhoofdt & Delobbe, 2009). The 

aforementioned categorisations focus mostly on the theories underlying the merging 

techniques. In contrast, Decloedt et al. (2013) proposed a more application-oriented 

categorisation which focuses on how each of the data sources (i.e. radar and rain gauge) 

are employed in the merging process. According to Decloedt et al. (2013), merging 

methods can be classified as adjustment methods and integration methods. The former 

aim at adjusting radar estimates based upon rain gauge records, whereas the latter, as 

the name suggests, actually undertake a true integration of both data sources.  

Given the purpose of this study (i.e. to provide guidance on the use of merging 

techniques at urban scales), a categorisation similar to that of Decloedt et al. (2013) was 

adopted as starting point and it was further refined based upon the theoretical 

categorisation by Wang et al. (2013). The proposed categorisation is as follows: (1) 

methods focusing on bias adjustment of radar estimates; (2) rain gauge interpolation 

methods which use radar spatial association as additional information; and (3) radar 

and rain gauge integration methods. A description of each of these categories and an 

overview of the techniques that belong to them is next provided. As will be seen, 

methods in categories (2) and (3) generally fall within the variance minimisation type 

proposed by Wang et al. (2013).  

4.1.1.1. Radar bias adjustment methods 

These methods attempt to correct the bias present in radar accumulations using rain 

gauge accumulations as the true rainfall value. The entire radar field is used as 

background and is simply adjusted by applying a multiplicative or additive correction 

factor. The correction factor is estimated based upon gauge-radar comparison (usually) 

at gauge locations over a given time period, which can either be long (i.e. nearly static 

adjustment) or short (i.e. dynamic adjustment) (Hitschfeld & Bordan, 1954; Wilson, 

1970; Fulton et al., 1998; Wood et al., 2000; Vieux & Bedient, 2004a; Smith et al., 2007; 

Harrison et al., 2009; Wright et al., 2014; Borup et al., 2016).  
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The simplest method in this category is the mean field bias (MFB) adjustment, which 

assumes that the radar estimates are affected by a (spatially) uniform multiplicative 

error, due to, for example, an offset in the electronic calibration of the radar or in the Z-

R relation used to convert radar reflectivity to rainfall rate. In this method, a 

multiplicative correction factor is applied uniformly across the radar domain. The most 

common and simple method to estimate the MFB adjustment factor is as a spatially-

averaged ratio of rain gauge and co-located radar accumulations over the time period of 

choice (Wilson, 1970; Vieux & Bedient, 2004a; Smith et al., 2007; Harrison et al., 2009). 

However, more elaborate methods have been developed for estimating the MFB 

correction factor, including maximum likelihood autoregressive algorithms (Smith & 

Krajewski, 1991), optimisation methods which aim at minimising bias in antecedent 

time steps (Anagnostou et al., 1998; Anagnostou & Krajewski, 1999), Kalman filtering to 

account for bias in antecedent time steps (Anagnostou et al., 1998; Fulton et al., 1998; 

Chumchean et al., 2006), through linear regression analysis (Borup et al., 2016), and 

conditional on areal average rainfall rates (Villarini et al., 2008; Thorndahl et al., 2014; 

Wright et al., 2014). Recently, Biggs & Atkinson (2011) proposed a new method, which, 

instead of looking at radar-rain gauge differences exclusively at rain gauge locations, 

suggests estimating the MFB correction factor through comparison of the (co-kriged) 

interpolated rain gauge field and the radar field.  

Unlike the MFB adjustment, other bias adjustment methods assume that radar bias 

changes in space and, as such, spatially varying bias corrections should be applied. For 

example, range-dependent bias correction assumes that radar bias increases with 

distance from the radar location as a result of beam broadening, overshooting and 

attenuation effects (Michelson et al., 2000). Other methods, known as local bias 

correction methods, aim at deriving local correction factors through spatial 

interpolation or distribution of the radar-rain gauge biases at gauge locations. Different 

ways of interpolating biases and deriving local correction factors have been devised. For 

example, Brandes (1975) proposed a negative exponential weighting method, based on 

Barnes’s objective analysis, to derive multiplicative correction factors at each radar 

pixel. Similarly, Balascio (2001) and Cole & Moore (2008) proposed using a 

multiquadratic surface fitting method to interpolate (modified) gauge-radar ratios and 

derive local multiplicative correction factors; this method was later modified by 
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Martens et al. (2013) to make it more suitable for near real time applications. Another 

approach based on multiplicative bias correction was proposed by Seo & Breidenbach 

(2002): their method employs weighted least squares minimisation to derive the 

expected gauge and radar rainfall estimate at a given location; the ratio of the expected 

values is used to correct the radar field. Pereira Fo et al. (1998) employed statistical 

objective analysis (SOA) to derive additive bias corrections at each radar pixel based 

upon linear combination of errors at gauge locations; this technique was later modified 

by Gerstner & Heinemann (2008) for real time applications. Other authors have simply 

used ordinary kriging to interpolate radar-gauge biases and associated correction 

factors (Erdin, 2013). 

4.1.1.2. Rain gauge interpolation methods using radar spatial association as 

additional information 

Different from bias adjustment methods, the methods in the interpolation category do 

not use the radar field as background; instead, they simply use the spatial association of 

the radar field to aid the spatial interpolation of point rain gauge values. The methods in 

the present category are all geostatistical and are extensions of kriging interpolation. 

The reader shall be reminded that kriging interpolation consists in predicting values at 

ungauged locations as the linear combination of values at gauged locations, with the 

linear weights being derived through minimisation of the variance of the estimation 

error. As such, kriging yields the best linear unbiased estimator of the rainfall field, 

based upon available rain gauge records. 

The most widely-used method in this category is kriging with external drift (KED) (see 

Wackernagel (2003)). KED is an extension of kriging interpolation in which external 

variables, in this case radar QPEs, are used as auxiliary information in the interpolation 

process. In KED the linear weights employed in the interpolation of point gauge values 

are further constrained by the spatial association between radar values at the target and 

rain gauge locations. Note that KED and variations of it are widely used in other fields, 

besides radar-rain gauge merging (Chiles & Delfiner, 2012). A variation of KED which 

has been recently applied for radar-rain gauge merging is indicator KED (IKED) 

(Haberlandt, 2007; Berndt et al., 2014); IKED involves transformation of rain gauge data 

to binary data, based upon a number of thresholds (called ‘indicators’), prior to 
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conducting the interpolation. More recently, another variation of KED, termed co-

kriging with external drift (CED) has been proposed by Sideris et al. (2014). Their 

method applies radar as external information at each time step (as per standard KED); 

the difference lying in the introduction of rain gauge data from antecedent time steps as 

secondary co-kriging variable. As will be explained in the following section, co-kriging is 

considered an ‘integration’ method; however, Sideris et al. (2014) did not employ co-

kriging to merge radar and rain gauge data, but instead used it only to incorporate 

additional temporal information into the merging. As such, their method can be 

considered an extension of KED and is categorised as an interpolation method.  

Another commonly-used method in this category is the conditional merging, also known 

as kriging with radar-based error correction (KRE). This method was formulated by 

Ehret (2002) and then implemented and tested by Sinclair & Pegram (2005). In KRE the 

radar field is used to characterise the features that cannot be well reproduced through 

kriging interpolation; this characterisation is then used to correct the gauge-based 

kriged rainfall field. Firstly, radar values at gauge locations are interpolated using 

ordinary kriging; this yields a radar-based kriged field. This field is subtracted from the 

original radar field; the difference between the two fields is assumed to represent the 

errors associated to kriging interpolation. The error field is added to the gauge-based 

kriged field. In this way, the spatial structure of the radar field is incorporated into the 

gauge interpolated rainfall field.  

As mentioned above, the methods in this category are geostatistical, kriging-based; as 

such, they all make use of the variogram to represent the spatial association of rainfall 

fields and one of their main underlying assumptions is that the rainfall field can be 

characterised as a Gaussian random variable. Because of this, the performance of these 

methods can be affected by the quality of the variogram, which in turn can be affected 

by the number and distribution of data samples available, and by the degree of 

normality (or non-normality) of the data. To deal with problematic cases in which data 

samples are too sparse to obtain a reliable variogram or in which the rainfall field 

displays significant non-Gaussian features, different variations of the aforementioned 

interpolation methods have been proposed. These include use of non-parametric 

variograms (Velasco-Forero et al., 2009), use of radar-based variograms (instead of 

gauge-based ones) (Haberlandt, 2007), data transformation (Erdin, 2013) and 
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decomposition (Wang et al., 2015c) prior to interpolation, amongst others. These 

variations are discussed in more detail in Section 4.1.3. 

4.1.1.3. Radar – rain gauge integration methods  

The methods in this category do not use radar or rain gauge as background, but instead 

conduct a deeper integration of both data sources with the final aim of minimising the 

estimation uncertainty. In these methods, the rainfall value at a given location is 

estimated as the weighted average of radar and rain gauge values. While the 

formulation of integration methods may appear to be similar to that of some local bias 

adjustment methods, there are two main differences to be noted: (1) as the name 

suggests, local bias adjustment methods aim at minimising local biases between radar 

and rain gauge estimates, whereas integration methods aim at minimising overall 

estimation uncertainty (Todini, 2001); (2) in local bias adjustment, radar is kept as 

background and the gauge estimates only change the local magnitude of radar 

precipitation, but they do not have a large impact on the shape of the radar field. In 

contrast, in integration methods, depending on their relative uncertainties, gauge and 

radar observations may override each other or simply be combined; in fact, in gauge-

sparse regions the integrated rainfall field may be very similar to the radar field, 

whereas in regions with high density of gauges the final product is very similar to the 

gauge-only field (Kitzmiller et al., 2013).  

There are two main methods in this category: co-kriging (CoK) and the Bayesian (BAY) 

data merging as formulated by Todini (2001). While both methods aim at minimising 

the estimation uncertainty, they do so in different ways. The CoK method incorporates 

both radar and rain gauge data into a single (co-) kriging system, and, by solving it, the 

variance of estimation errors is minimised. In contrast, Todini’s BAY method explicitly 

quantifies the estimation uncertainty (in terms of estimation error covariance) of each 

data source and then combines them in such a way that the overall estimation 

uncertainty is minimised.  

CoK is a multivariate variant of kriging which enables calculating estimates for a poorly 

sampled variable (the primary variable; in this case gauge records) with help of a 

well-sampled variable (the co- or secondary variable; in this case, radar QPEs) (Journel, 

1989). The essential requirement for co-kriging is that the primary and secondary 
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variables are highly correlated. Although CoK can be seen as a point interpolation 

method and its concept appears to be similar to that of KED -that is, both methods 

incorporate radar and rain gauge information into a kriging system-, the fundamental 

difference between them lies in that, in KED, only the spatial association of radar data is 

used to constrain (by imposing large-scale variation into) the linear weights to be 

employed in the interpolation. In contrast, in CoK radar values actually contribute 

towards the final (merged) rainfall field (the merged field is a linear combination of 

both rain gauge and radar values). Several variations of CoK exist, with the main 

difference being the way in which the secondary variable is used. In Krajewski (1987) 

and Sun et al. (2000), the full form of CoK was used; this requires incorporation of the 

individual (auto-) covariances of rain gauge and radar, as well as their cross-covariance, 

into the kriging system. This, however, results in a significantly larger kriging system, as 

compared to that of the original kriging or KED methods. In cases where the study 

domain is relatively big, such large kriging system could be computationally expensive. 

Moreover, the large difference between the number of samples of the primary and 

secondary data often leads to a numerically unstable co-kriging matrix (close to 

singularity). To circumvent this problem, it is possible to use a reduced form of CoK, 

called (strictly) collocated co-kriging (CCoK) (Xu et al., 1992; Chiles & Delfiner, 2012); 

examples of the application of this variation to rainfall merging can be found in 

Schuurmans et al. (2007) and Velasco-Forero et al. (2009). In the reduced co-kriging 

system, only the radar value at the target location is employed; consequently, only the 

cross-covariance between all rain gauges and the radar value at the target location is 

incorporated into the kriging system (the radar auto-covariance is not needed). This can 

effectively reduce the size of the kriging system and stabilise the co-kriging matrix. 

Unlike CoK, which conducts radar and rain gauge data combination in a single kriging 

matrix solution, Todini’s BAY method includes three stages. Firstly, the block-kriging 

technique is employed to interpolate the point rain gauge data into a field of rain gauge 

estimates with spatial resolution equal to that of the radar field. The associated 

estimation error covariance resulting from the kriging interpolation is used to represent 

the uncertainty of rain gauge data. Secondly, the interpolated rain gauge field is 

compared against the co-located radar field, and a field of radar-rain gauge biases can 

be obtained. The covariance of this bias field is then used to derive the uncertainty of 
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radar data. Lastly, a Kalman filter is employed to combine radar and rain gauge data at 

each location proportionally to their relative uncertainty, so that the overall estimation 

uncertainty is minimised.  

4.1.2. Review of evaluation and inter-comparison of radar-rain gauge merging 

techniques 

The literature on the evaluation of radar-rain gauge merging methods and their 

application to hydrology is abundant. The general conclusion of the studies to date is 

that radar-rain gauge merging leads to superior rainfall estimates as compared to radar 

QPEs alone and -almost always, except in cases of very dense rain gauge networks 

(Schuurmans et al., 2007; Biggs & Atkinson, 2011)- as compared to rain gauge records 

alone. While the vast majority of merging evaluation studies have focused on large-scale 

(often country-wide) applications, for which the spatial-temporal resolutions of interest 

are generally coarse (Brandes, 1975; Krajewski, 1987; Anagnostou et al., 1998; Fulton et 

al., 1998; Harrison et al., 2000; Seo & Breidenbach, 2002; Cole & Moore, 2008; 

Goudenhoofdt & Delobbe, 2009; Harrison et al., 2009; Sideris et al., 2014; Thorndahl et 

al., 2014; Jewell & Gaussiat, 2015; Nanding et al., 2015; Rabiei & Haberlandt, 2015), the 

applicability of these techniques at urban scales (and associated finer spatial-temporal 

resolutions) has increasingly gained interest in recent years (Vieux & Bedient, 2004a; 

Smith et al., 2007; Villarini et al., 2010; Looper & Vieux, 2012; Wang et al., 2013; Löwe et 

al., 2014; Thorndahl et al., 2014; Borup et al., 2016). Available studies confirm the 

benefits of merging both for both large and small scale applications.   

Despite the abundance of literature on this topic, most of the studies to date have 

focused on assessing the feasibility of a single merging method and comparing the 

performance of the resulting merged rainfall estimates against that of original radar and 

rain gauge estimates. Only few studies provide an inter-comparison of various merging 

methods and, to the author’s knowledge, only two recent conference papers have 

provided a preliminary comparison of the three categories of merging methods 

discussed in Section 4.1.1 (Ochoa-Rodriguez et al., 2015b; Kumar et al., 2016). What is 

more, the existing inter-comparison studies are almost exclusively focused on large 

scale applications. As such, the question of the best performing and most suitable 

merging technique(s), particularly for urban applications, remains unanswered.  
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To address this question, in this section a review is conducted of studies focusing on the 

inter-comparison of merging methods, both at large and small scales. Based upon this, 

the best performing and most commonly used merging techniques of each type are 

identified and are selected for testing -within an urban context- in the present study.  

Table 5-1 summarises the findings of multiple studies focusing on inter-comparison of 

merging methods, including details of the type of methods under investigation, the 

geographic extent of each study, the spatial-temporal resolutions at which merging was 

applied, and the method identified as best performing in the given study. Note that in 

most of these studies the performance of merging methods was assessed through 

comparison of merged rainfall estimates against rain gauge records, either through 

cross validation or based upon an independent network of rain gauges. While different 

features of the merging methods and associated rainfall estimates were assessed in the 

different studies, the overall best performance was generally assessed based on 

accuracy measures, with the mean absolute error (MAE) being one of the most 

commonly used performance measures. Only few studies evaluated the performance of 

merging methods by comparing the hydrological outputs resulting from each rainfall 

input against depth and flow records (Wang et al., 2013; Ochoa-Rodriguez et al., 2015b; 

Kumar et al., 2016).  

Based upon this review, the following observations can be made:  

• This review confirms that the vast majority of inter-comparison studies have 

focused on large-scale (often country-wide) applications. In fact, many of the studies 

were conducted by national weather services (Schuurmans et al., 2007; 

Goudenhoofdt & Delobbe, 2009; Erdin, 2013; Sideris et al., 2014; Jewell & Gaussiat, 

2015), whose interest lies in the overall performance of rainfall products across 

their country of jurisdiction. Given the large scales of interest, in these studies 

merging was conducted and evaluated at resolutions of the order of 1-3 km in space 

and hourly-daily in time, which, as discussed in Chapter 3, are insufficient for urban 

drainage modelling applications. To the author’s knowledge, to date only two inter-

comparison studies have focused on urban scales (Wang et al., 2013; Ochoa-

Rodriguez et al., 2015b); the former was limited to the evaluation of bias adjustment 

and integration methods based upon a network of only three rain gauges and the 
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latter provides only preliminary insights on the relative performance of merging 

methods. While the findings of the large-scale studies are useful and provide insights 

about the general features of merging techniques, these findings may not be directly 

extrapolated to urban areas and further testing at smaller scales and associated 

spatial-temporal resolutions constitutes a research gap.  

• Bias adjustment and interpolation methods are much more widely-used and tested 

than integration methods. This could be because integration methods are generally 

more complex in their formulation and implementation, and are also more 

computationally demanding.   

• In general, interpolation and integration methods outperform bias adjustment 

methods (Mazzetti & Todini, 2004; Goudenhoofdt & Delobbe, 2009; Wang et al., 

2013; Jewell & Gaussiat, 2015; Nanding et al., 2015; Ochoa-Rodriguez et al., 2015b; 

Kumar et al., 2016). Note that bias adjustment methods were not found to be the 

best performing ones in any of the inter-comparison studies.  

• MFB is the most commonly-used and investigated method within the bias 

adjustment category. While bias adjustment methods are generally outperformed by 

other methods, due to its simplicity MFB remains one of the most widely-used 

merging methods for operational applications. In fact, it is the method currently 

used by many national meteorological services (Harrison et al., 2009; Thorndahl et 

al., 2013; Goudenhoofdt & Delobbe, 2016).  

• KED is the most popular and generally best performing interpolation method. In all 

studies under consideration, except for one, it was shown to outperform the KRE 

interpolation method (Goudenhoofdt & Delobbe, 2009; Erdin, 2013; Jewell & 

Gaussiat, 2015; Nanding et al., 2015). In the study by Berndt et al. (2014) KED was 

outperformed by KRE, with differences in performance being particularly evident at 

low rain gauge densities. However, most of the available evidence points towards 

KED as having an overall superior performance, as compared to that of KRE. In 

relation to non-interpolation methods, KED has been shown to outperform bias 

adjustment methods and also the co-kriging integration method (Schuurmans et al., 

2007; Velasco-Forero et al., 2009). The only method which has displayed a similar or 

better performance than KED is the Bayesian (integration) method (Ochoa-

Rodriguez et al., 2015b; Kumar et al., 2016). 
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• With regards to integration methods (namely CoK and BAY), only few studies have 

assessed their performance against each other and against that of other types of 

methods. The available studies show that CoK-based methods are outperformed 

both by KED interpolation and BAY integration methods (Mazzetti & Todini, 2004; 

Schuurmans et al., 2007; Velasco-Forero et al., 2009). Furthermore, recent studies 

have highlighted the main shortcoming of CoK which lies in the assumptions and 

approximations made to represent true (unknown) rainfall estimate uncertainty; 

this shortcoming may compromise the performance of this method and has led to a 

decrease in its use (Wang et al., 2013; McKee & Binns, 2015). The BAY integration 

method, on the other hand, has not only been shown to outperform CoK (Mazzetti & 

Todini, 2004), but has also been shown to outperform KRE (Kumar et al., 2016) and 

has displayed a similar performance to that of KED (Ochoa-Rodriguez et al., 2015b).  

• Overall, the best performing methods are KED and BAY. Unfortunately, only one 

preliminary study (Ochoa-Rodriguez et al., 2015b) has inter-compared these two 

methods and has found their performance to be similar. Further investigation is 

needed to better understand the relative performance and features of these two 

methods. 

Based upon this review and on the grounds of performance and wide-spread use, in this 

work the MFB, KED and BAY methods are selected for in depth-evaluation and 

inter-comparison in an urban context.  
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Table 4-1: Review of studies on inter-comparison of radar-rain gauge merging methods, including categorisation by technique type, associated 
geographic scale and spatial-temporal resolution of application, and summary of best performing method identified in each study. 

References 
Merging method category Geographic extent of application 

and rain gauge (RG) network 
employed in study 

Spatial / 
temporal 

resolution 

Best 
performing 
method(s) Bia Adjustment Interpolation Integration 

Mazzetti & Todini 
(2004) 

 

 - Brandes 
- Modified Brandes 

(Koistinen & 
Puhakka, 1981) 

 - 
 - CoK  
 - BAY 

- Numerical experiment 
- 7 km x 7 km area 

- 9 pseudo RGs evenly distributed 
1 km BAY 

Schuurmans et al. 
(2007)  

   - KED  - CCoK 

- Three nested areas (225, 10 000 and 
82 875 km2) in the Netherlands 
- Combined RG dataset from two 

networks: National RG networks (100 
km2 / RG) and experimental RG 

network (7.5 km2 / RG) 

2.5 km 
1 day 

KED 

Goudenhoofdt & 
Delobbe (2009) 

 - MFB 
 - Brandes 

 - Range-dependent 
adjustment (RA) 

 - Static kriged 
(local) bias 

adjustment + RA 

 - KED  
 - KRE 

 - 

 - Meuse catchment (12 000 km2) in 
Walloon region, Belgium 

- Merging (SPW) network: 160 km2 / 
RG 

- Verification (RMI) network: 110 km2 
/ RG 

1.8 km 
1 h 

KED 

Velasco-Forero et 
al. (2009) 

-   - KED  - CCoK 
-A 19 600 km2 area in Catalonia, Spain 

- SAIH RG network: 250 km2 / RG 
1 km 
1 h 

KED 

Erdin (2013)   - 
 - KED 
- KRE 

 - 
- Whole Switzerland (41 000 km2) 

- MeteoSwiss RG network: (546 km2 / 
RG) 

1 km 
1 h 

KED 
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References 
Merging method category Geographic extent of application 

and rain gauges (RG) network 
employed in study 

Spatial / 
temporal 

resolution 

Best 
performing 
method(s) Bia Adjustment Interpolation Integration 

Wang et al. (2013)   - MFB  -  - BAY 
- Cranbrook Catchment (9 km2) in NE 

London, UK  
- ICL RG network: 3 km2 / RG  

1 km 
5 min 

BAY 

Berndt et al. 
(2014)  

-  
 - KED 

 - Indicator KED 
 - KRE 

 - 
- Hanover radar site (51 400 km2), 

Germany 
- DWD RG network: 520 km2 / RG 

1 km 
10 min-6 h 

KRE 

Sideris et al. 
(2014)  

-  

 - KED 
 - Cokriging with 

External Drift 
(CKED) 

 - 
- Whole Switzerland (41 000 km2) 

- MeteoSwiss RG network: (546 km2 / 
RG) 

1 km 
10 min-1 h 

CKED 

Jewell & Gaussiat 
(2015)  

 - Multiquadratic 
Surface Fitting 

(MQ) 

 - KED 
 - KRE 

-  

- England and Wales (151 000 km2)  
- UKMO RG network: merging network 

(212 km2 / RG) and evaluation 
network (427 km2 / RG) 

1 km 
15 min-1 h 

KED 

Nanding et al. 
(2015)  

 - MFB 
 - KED 
- KRE 

-  

- North England (50 000 km2) 
- EA RG network: merging network 

(300 km2 / RG) and evaluation 
network (940 km2 / RG) 

1 km 
1 h 

KED 

Ochoa-Rodriguez 
et al. (2015b) 

- MFB -KED 

- BAY 
 - Singularity-

sensitive Bayesian 
(sBAY) 

- Minworth urban catchment (67 km2), 
UK 

- RG network: 3.5 km2 / RG 

1 km 
5 min 

KED and 
sBAY 

Kumar et al. 
(2016)  

 - MFB 
- Range-dependent 

adjustment 
 - Brandes 

 - Kriged (local) bias 
adjustment 

 - KRE 
- BAY 

 - sBAY 

- Upper Thames River Basin 
(3 482 km2), Canada  

- RG network: 250 km2 / RG 
Not specified sBAY 
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4.1.3. Review of factors affecting merging performance 

Multiple factors which affect the performance of radar-rain gauge merging techniques 

have been identified and analysed in the literature. However, as pinpointed by Erdin 

(2013), the single ultimate factor affecting the performance of radar-rain gauge merging 

methods is the ability of the two sensors to correctly and consistently sample the 

underlying weather conditions. The issue of consistency in the information provided by 

radar and rain gauges has increasingly gained attention in recent years and has been 

shown to have a profound impact on the performance of merging methods, particularly 

on those in the interpolation and integration categories (Schuurmans et al., 2007; Erdin, 

2013; Jewell & Gaussiat, 2015; Wang et al., 2015c), with the best merging results being 

obtained when the measurements from radar and rain gauges are of high similarity 

both in terms of spatial structure and magnitude. This sampling and consistency factor 

is, in turn, a function of multiple and interacting sub-factors, which can be broadly 

categorised as climatological and operational factors. An overview of these sub-factors 

and a review of studies focusing on their impact and handling is provided next.  

4.1.3.1. Climatological factors 

Climatological factors have to do with climatic and storm characteristics in the area of 

interest, which are in turn determined by geographic location, local topography, and 

seasons, amongst other features. Several studies suggest that storm type (which is 

highly related to seasons) is one of the main factors affecting the performance of 

merging methods (Goudenhoofdt & Delobbe, 2009; Erdin, 2013; Jewell & Gaussiat, 

2015; Nanding et al., 2015). In these studies, storms were generally categorised into 

stratiform (winter) and convective (summer) types. Stratiform storms are characterised 

by relatively lower rainfall rates, lower spatial variability and large characteristic 

lengths (i.e. covering large spatial extents). Convective storms, on the other hand, are 

characterised by higher rainfall rates and spatial variability, by having a smaller extent 

(of the scale of ~10 – several kilometres) and by displaying a higher degree of 

non-linearity (i.e. non-Gaussian behaviour) (Lovejoy & Mandelbrot, 1985; Schertzer & 

Lovejoy, 1987; Hubert et al., 1993; Lovejoy & Schertzer, 1995; Wang et al., 2012a). 

Because of the spatial features of stratiform events, the spatial sampling frequency 
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required to well capture them is generally low. In fact, rain gauge records alone often 

provide a satisfactory representation of these storms and the added value of radar is 

often limited in the case of these events (Goudenhoofdt & Delobbe, 2009). Conversely, 

correct capturing of convective storms requires higher spatial sampling frequencies 

which are hard to achieve with operational rain gauge networks. As a result, it is in the 

case of convective storms that the added value of radar data is truly evident, as radar 

QPEs can compensate the insufficient spatial information provided by gauges 

(Schuurmans et al., 2007; Goudenhoofdt & Delobbe, 2009). In effect, in the case of 

convective events merged rainfall products almost always significantly outperform rain 

gauge and radar only rainfall products. The aforementioned features of the two storm 

types and the ability of rain gauges and radar to sample them also impacts the 

consistency in the information of the rainfall field provided by the two sensors. In the 

case of stratiform storms, gauges and radar generally provide a consistent picture of the 

rainfall field. On the contrary, the high spatial (and associated temporal) variability of 

convective storms, along with the higher rainfall rates associated to these events, which 

are often inaccurately captured by radar QPEs (Einfalt et al., 2005), frequently lead to 

large differences between gauge and co-located radar records and between the rain 

gauge-based (interpolated) rainfall field and the radar image; this is particularly the 

case when data are analysed and employed at fine temporal resolution (Sideris et al., 

2014; Thorndahl et al., 2014; Seo & Krajewski, 2015).  

The better sampling of stratiform storms by gauges and the better consistency between 

radar and rain gauge records for such events leads to better overall performance (in 

terms of accuracy) of merging methods for these events, as compared to their 

performance in the case of convective storms (Goudenhoofdt & Delobbe, 2009; Jewell & 

Gaussiat, 2015; Nanding et al., 2015). However, as mentioned before, it is in the case of 

convective storms that the added value of merging is more evident.  

As is obvious, climatological factors cannot be ‘manipulated’ and all that can be done is 

to understand and quantify their impact by testing merging methods under different 

climatological conditions. There are, however, ways of treating the radar and rain gauge 

data prior to and during merging, so that the complications associated to climatological 

factors, particularly those associated to convective storms, can be better dealt with and 
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that the overall performance of merging methods is improved. These treatments fall 

within the operational factor category and are described in the following sub-section.   

4.1.3.2. Operational factors 

Operational factors include two sub-types: (1) infrastructural factors and (2) 

methodological factors. The former are related to the existing radar and rain gauge 

network infrastructure in the area of interest and are either permanent or difficult to 

modify in the short term by the urban hydrologist. The latter are related to data 

processing routines and include treatment of rain gauge records and radar QPEs prior 

to merging, as well as the way in which merging is applied. It is worth noting that the 

two types of operational factors are usually highly inter-related. That is, the 

methodological implementation of merging methods may be constrained by or adjusted 

to fit the existing infrastructure.  

In the case of radar, infrastructural factors include radar location in relation to the 

catchment, radar hardware, scanning strategy and QPE generation algorithms. While 

QPE generation algorithms can perhaps be regarded as a methodological factor, in the 

context of this study they will be considered as an infrastructural factor given that the 

QPE generation process (from raw radar reflectivity measurements) is seldom under 

the control of the urban hydrologist, but it is instead controlled by national 

meteorological services. In the case of rain gauges, infrastructural factors include type 

and precision of the rain gauges, number and location of gauges in the area of interest 

(i.e. gauge density and network configuration), and existing logging and transmission 

system. These infrastructural factors determine the accuracy and spatial-temporal 

sampling of radar QPEs and rain gauge estimates, which in turn condition the final 

quality and resolution of merging estimates. One of the most important infrastructural 

factors, which has been analysed in multiple radar-rain gauge merging studies, is rain 

gauge density. Gauge density determines the spatial sampling of storms by gauges and 

has been shown to have a strong impact on the performance of merging methods, 

particularly of those within the interpolation category and in the case of convective 

storms (Goudenhoofdt & Delobbe, 2009; Jewell & Gaussiat, 2015; Nanding et al., 2015). 

Unfortunately, studies focusing on the impact of rain gauge density on merging 

performance and on the identification of gauge density requirements have been limited 
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to large scale applications. To the author’s knowledge, only few preliminary analyses 

have been reported of the impact of gauge density on merging outputs at urban scales 

(Ochoa-Rodriguez et al., 2015b); a likely reason for the lack of such studies at urban 

scales is that the number of gauges available in urban catchments is generally 

insufficient to enable a gauge density analysis.  

Operational methodological factors, as mentioned above, are related to how rain gauge 

and radar data are treated prior to merging and how merging is applied. The main 

treatment to which rain gauge records can be subjected prior to merging and which is 

widely applied is quality-control (Gjertsen et al., 2003; Jewell & Gaussiat, 2015). 

Quality control of rain gauge records can be performed based on fixed rules or 

thresholds (to check for physically unlikely records), through comparison against 

neighbouring values (also known as spatial consistency checks) and against co-located 

radar estimates (e.g. based upon correlation analysis). Quality-control of gauge records 

enables identification and eventual correction of erroneous measurements, thus 

improving the accuracy of the gauge estimates. Given that one of the main assumptions 

of merging methods is that point rain gauge records are reliable and that these can be 

used to correct radar rainfall rates, any efforts made to improve the accuracy of gauge 

estimates can effectively improve the quality of the final merged product (Gjertsen et al., 

2003; Erdin, 2013).  

Radar QPEs can also be subjected to quality-control prior to merging (e.g. Rabiei & 

Haberlandt (2015)); in fact, some merging methods, such as the BAY combination 

(Todini, 2001), include in their formulation bias correction of radar QPEs prior to 

merging. However, the extent to which radar QPEs can be quality-controlled and 

improved prior to merging is limited (only very simple methods, such as bias correction, 

have been reported in the literature) and the purpose of merging is, in fact, to correct 

errors in radar QPEs based upon rain gauge records. Other treatments to which radar 

QPEs can be subjected prior to merging include advection correction and temporal 

interpolation of radar images (Fabry et al., 1994; Anagnostou & Krajewski, 1999; 

Thorndahl et al., 2014; Seo & Krajewski, 2015; Wang et al., 2015e), spatial and/or 

temporal smoothing (Berndt et al., 2014), data decomposition (Wang et al., 2015c) and 

transformation (Erdin, 2013; Berndt et al., 2014). The aim of advection correction and 

temporal interpolation of radar images is to reduce the temporal sampling errors in 
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radar QPEs, as well as the differences in radar and rain gauge estimates arising from the 

instantaneous vs. cumulative nature of the measurements, respectively (more details 

about the nature and characteristics of both radar and rain gauge measurements can be 

found in Chapter 2). Advection correction of radar images was effectively used by 

Anagnostou & Krajewski (1999) to reduce radar temporal sampling error prior to 

conducting MFB adjustment. Similarly, advection-based temporal interpolation of radar 

images has been effectively used by Thorndahl et al. (2014) prior to applying MFB 

merging and by Wang et al. (2015e) prior to applying BAY merging. In all cases, 

reduction of radar temporal sampling error has been shown to improve the 

applicability of radar QPEs for hydrological applications and has led to better merging 

results. It is worth mentioning that radar advection correction and temporal 

interpolation treatments can be particularly useful for hydrological applications 

requiring high temporal resolution rainfall data (Wang et al., 2015e), given that it is at 

these fine scales at which temporal sampling errors and discrepancies between radar 

and rain gauge measurements are more evident (Schuurmans et al., 2007; Sideris et al., 

2014; Ochoa-Rodriguez et al., 2015c). The purpose of radar data transformation and 

decomposition treatments is to ‘normalise’ the radar field (i.e. to smooth off 

non-linearities, which are especially common in the case of convective storms), so that 

better compliance with the assumptions of some merging methods -particularly those 

that rely on geostatistical modelling- is achieved and that a better correlation can be 

attained between radar and rain gauge records. The impact of radar data 

transformation on geostatistical merging methods (both within the interpolation and 

integration categories) has been tested by Schuurmans et al. (2007), Erdin et al. (2012) 

and Erdin (2013). In these studies, Box-Cox, logarithmic and square-root radar data 

transformations were tested alongside KED, KRE and ordinary CCoK merging methods. 

In general, it was found that radar data transformation leads to better compliance with 

geostatistical modelling assumptions and this sometimes leads to improvements in the 

reliability of merged estimates (i.e. estimation uncertainty was effectively reduced). 

However, improvements were found to be inconsistent and the optimal transformation 

function (i.e. that leading to best performance) was found to be strongly event-

dependent (Erdin, 2013). This may hinder the use of this treatment for operational 

applications. In addition, radar data transformation approaches have only been tested 
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at larger scales and coarse temporal resolutions (of 1 h (Erdin, 2013) and 1 day 

(Schuurmans et al., 2007)). Their applicability at the high temporal resolutions required 

for urban hydrological applications may be problematic due to higher intermittency in 

rainfall values (i.e. many zeroes); this could be particularly critical in the case of the 

logarithmic transformation. More recently, a data decomposition technique, based upon 

local singularity analysis, was proposed and tested by Wang et al. (2015c). This 

technique aims at improving interpolation and integration methods involving 

geostatistical modelling by (1) improving the compliance of radar rainfall fields with 

model assumptions, and (2) ensuring preservation of fine-scale singularity structures 

(local non-Gaussian features of the rainfall field) which have been found to be 

smoothed-out by geostatistical merging methods. The distribution of singularity 

structures is highly consistent with that of local extremes (Wang et al., 2012a), hence 

the importance of preserving them, particularly for applications requiring high spatial 

resolution rainfall estimates. The proposed technique consists in decomposing the 

radar field prior to merging by removing from it the so-called singularities. This results 

in a non-singular radar rainfall field which is smoother, more normal and which is also 

more likely to display a better correlation with rain gauge-based rainfall fields. The 

non-singular radar rainfall field is merged with rain gauge records. Afterwards, the 

singularity structures are reintroduced back and proportionally to the merged rainfall 

field, thus ensuring their preservation throughout the merging process. This 

decomposition method was initially tested in combination with the BAY merging 

method in an urban context and was shown to effectively improve merging results 

(Wang et al., 2015c). More recently, and this time in a larger geographic domain (River 

Thames catchment, Canada), Kumar et al. (2016) compared the performance of the BAY 

method with singularity decomposition treatment against that of other merging 

methods (including MFB, KRE and Brandes), and found the singularity-BAY method to 

outperform others. However, Kumar et al. (2016) did not specifically analyse the impact 

of the singularity treatment on merging performance: they simply applied the 

singularity-BAY method, but did not compare its performance against that of the 

original BAY method, without singularity treatment. The application of the singularity 

data decomposition treatment to other geostatistical methods (different from BAY 

integration) and its suitability when applied in combination with other radar data 
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treatments, such as temporal interpolation or advection correction, remains to be 

tested.  

Spatial smoothing of radar data (e.g. re-estimation of radar grid value as the average of 

neighbouring pixels) has a similar aim and impact as those of the data decomposition 

and transformation treatments, while also reducing the noise-to-signal ratio in radar 

estimates. Berndt et al. (2014) applied several radar spatial smoothing methods prior to 

conducting KED and KRE merging. They concluded that smoothing of the gridded radar 

data significantly improves the performance of KED and KRE merging methods, but it 

also leads to loss of variability in rainfall estimates. Such loss of variability can be 

acceptable for large-scale hydrological applications, but, as concluded in Chapter 3, is 

certainly not suitable for urban drainage modelling applications.  

Besides the treatments that can be applied to radar and rain gauge estimates prior to 

merging, other methodological factors are related to the way in which merging is 

implemented and applied. A critical methodological factor which has been shown to 

have a profound impact on merging results is the temporal resolution at which merging 

is conducted. The correlation between radar and rain gauge records has been found to 

increase as the integration time increases (Schuurmans et al., 2007; Sideris et al., 2014); 

consequently, better merging results are obtained when merging is applied at coarser 

temporal resolutions (Goudenhoofdt & Delobbe, 2009; Berndt et al., 2014; Jewell & 

Gaussiat, 2015). For example, Jewell & Gaussiat (2015) reported a better performance 

of KED and KRE methods when applied at a temporal resolution of 1h, in relation to 

their performance at a temporal resolution of 15 min. In their study on the impact of 

radar data smoothing, Berndt et al. (2014) also tested the performance of KED and KRE 

methods at temporal resolutions ranging from 10 min to 6 h. In general, lower errors 

and better merging performance was observed at coarser temporal resolutions; 

however, the authors demonstrated that merging can lead to improvements over radar 

and rain gauge only estimates even at the highest temporal resolutions. As has been 

highlighted in multiple occasions, using coarser temporal resolution rainfall estimates is 

not an option for urban hydrological applications; as such, other ways of improving the 

performance of merging methods, different from increasing the temporal resolution at 

which merging is performed, should be sought by urban hydrologists. It is worth noting 

that Sideris et al. (2014) suggested a potential workaround for cases in which high 
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temporal resolution rainfall estimates are needed: they propose generating 1 h merged 

QPEs and then disaggregating to finer temporal resolutions (e.g. 5 min) based on the 

temporal profile of the 5 min original radar images. This approach, however, remains to 

be tested.   

Another implementation factor which has been widely analysed is the way in which the 

variogram to be used in geostatistically-based interpolation (e.g. KED, KRE) and 

integration methods (e.g. co-kriging and Bayesian) is derived (Schuurmans et al., 2007; 

Velasco-Forero et al., 2009; Erdin, 2013). The variogram to be used in these methods 

can be either derived based on rain gauge records or on radar QPEs, and can be 

modelled using parametric or non-parametric variogram approaches. While the 

non-parametric variogram approach can be computationally more efficient, it has been 

found to lead to overly smooth rainfall fields. In any case, the way in which the 

variogram is derived has been found to bear little impact on overall merging results 

(Schuurmans et al., 2007; Erdin, 2013).  

Lastly, another implementation choice worth mentioning is the handling of rain gauge 

records in areas of convection during the merging process. As discussed in the previous 

sub-section, radar and rain gauges often provide inconsistent sampling of convective 

storms and this can significantly affect the performance of merging methods. To solve 

this problem, two recent studies have suggested a similar approach consisting in, for 

each time step, identifying areas of convection (based on an analysis of surrounding 

rainfall intensities) or areas in which rain gauge – radar correlation is low and excluding 

the records from gauges located in these areas from the merging (Laurantin, 2013; 

Jewell & Gaussiat, 2015). This approach has reportedly led to overall improvements, at 

the national (England) level, in KED performance under convective conditions (Jewell & 

Gaussiat, 2015). However, such exclusion of rain gauge records from the merging 

process could lead to loss of valuable information, particularly about high rainfall rates 

often associated to convective storms and which are of utmost importance for 

hydrological applications. Furthermore, in the case of urban applications, where the 

number of gauges available is usually little (of the order of tens and often less than 10; 

e.g.  Notaro et al. (2013); Wang et al. (2013); Borup et al. (2016); Pina et al. (2016)), 

excluding some gauges from merging is simply unfeasible.  
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To sum up, operational factors can be sub-divided into infrastructural and 

methodological factors. The former are imposed by the existing radar and rain gauge 

network infrastructure, whereas the latter relate to technical choices of how to deal 

with radar and rain gauge data prior to merging and how to conduct the merging. Since 

infrastructural factors can hardly be modified by urban hydrologists, all that can be 

done is to, whenever possible, test the performance of merging methods under varying 

infrastructural conditions (e.g. under varying rain gauge density scenarios) to 

understand their impact on merging performance and, based on it, possibly make 

recommendations for improvement of existing radar and rain gauge infrastructure. 

With regards to methodological factors, some, such as quality-control of rain gauge 

records prior to merging, have conclusively been found to lead to improvements in 

merging performance, irrespective of the scale of application. Conversely, others have 

been found to have little or inconsistent bearing on merging results (e.g. choice of 

variogram derivation method and radar data transformation prior to merging). Other 

implementation choices, while effective, are simply unsuitable for urban applications 

(e.g. spatial smoothing of radar data prior to merging, implementation of merging at 

coarse temporal resolutions, exclusion of gauges in areas of convection from the 

merging). Lastly, other methodological factors show great potential to improve merging 

performance at urban scales, but further investigation to understand the feasibility of 

their implementation and their benefits is still needed (e.g. temporal interpolation or 

advection correction of radar QPEs and radar data decomposition prior to merging). 

4.1.4. Summary of research gaps and scope of present study 

As can be seen from the review presented in this section, radar-rain gauge merging has 

been an active topic of research for decades and literature on this subject is abundant. 

Despite this, studies to date have several shortcomings, including the fact that only few 

studies have provided an inter-comparison of various merging methods, with only two 

recent preliminary studies providing a comparison of the three categories of merging 

methods discussed in Section 4.1.1 (Ochoa-Rodriguez et al., 2015b; Kumar et al., 2016). 

Furthermore, the majority of studies focusing on inter-comparison of merging methods 

and on analysis and handling of factors affecting merging performance have focused on 

large scale applications, the resolution requirements of which are different from those 
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of urban hydrological applications. As such, the question of the most suitable 

technique(s) for urban hydrological applications remains unanswered. In addition, 

guidance on the application of merging methods and ways of improving their 

performance at urban scales is missing.  

With the aim of addressing these research gaps, in the present study a thorough 

evaluation and inter-comparison is conducted of three merging techniques: mean field 

bias correction (MFB), kriging with external drift (KED) and Bayesian combination. 

These techniques belong to each of the merging methods’ categories discussed in 

Section 4.1.1 and were selected for testing on the grounds of performance and/or 

widespread use (based upon the analysis of existing inter-comparison studies; see 

Section 4.1.2). In the present chapter, the selected techniques are applied following 

common practice and their performance is tested under different climatological 

conditions (namely summer and winter) and rain gauge density scenarios. In the next 

chapter, two ‘treatments’ will be tested which were identified in Section 4.1.3 as having 

the potential to improve the performance of merging methods for urban hydrological 

applications and the feasibility and impact of which require further testing. The 

treatments that will be tested are, respectively, correction of radar QPEs based upon 

temporal interpolation and singularity-based decomposition of radar QPEs prior to 

merging.  

The case study adopted for the above-mentioned tests corresponds to two urban 

catchments in the UK -Edinburgh-Lothian (254 km2) and Birmingham-Black Country 

(431 km2)-, for which exceptional rainfall and runoff datasets, along with urban 

drainage models were available. The performance of merging outputs will be evaluated 

based upon an independent network on rain gauges, as well as through hydrological 

assessment (i.e. through comparison of urban drainage simulations and runoff records). 

4.2. Pilot locations and dataset 

Two urban catchments in the UK were adopted as pilots for the testing of the merging 

techniques: Edinburgh-Lothian (254 km2) and Birmingham-Black Country (431 km2). 

For these two catchments, urban drainage models and rainfall and runoff datasets were 

available which enabled detailed testing of radar-rain gauge merging techniques. A 

description of the pilot catchments and available models and datasets is provided next.  
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4.2.1. Pilot urban catchments 

Edinburgh-Lothian: this urban watershed extends along the coast of the Firth of Forth, 

in South-East Scotland. It comprises the city centre of Edinburgh, as well as 

neighbouring suburbs located in the contiguous unitary authorities of Midlothian and 

East Lothian. This area is predominantly urban, mostly of residential character. The 

catchment ranges in height from 230 mAOD at Penicuik to 0 mAOD along the Firth of 

Forth. It stretches over an area of approximately 254 km2, of which 144 km2 are drained 

by the sewer system. Of the drained area, 47 % corresponds to impervious surfaces. The 

drainage system is predominantly combined with some separate sewers. While sewer 

flows are mostly driven by gravity, the drainage system contains hundreds of control 

elements, including 132 pumps. The combined sewer flows ultimately converge to the 

Seafield sewer treatment works (STWs), where they are treated before being 

discharged into the ocean (at the Firth of Forth).  

Birmingham-Black Country: this urban watershed is located in the West Midlands in 

England. It covers the entire district of Birmingham, as well as the majority of the 

industrial Black Country area. It is predominantly urban and comprises a mix of 

residential, commercial and industrial land uses. The catchment ranges in height from 

266 mAOD at Portway Hill to 74 mAOD at Curdworth/Minworth. It stretches over an 

area of approximately 431 km2, of which 325 km2 are drained by the sewer system. Of 

the drained area, 68 % corresponds to impervious surfaces. Same as Edinburgh-Lothian, 

Birmingham-Black Country’s drainage system is predominantly combined and sewer 

flows are mainly driven by gravity. Likewise, the drainage system contains hundreds of 

control elements, including 166 pumps. The combined sewer flows ultimately converge 

to Minworth STWs, where they are treated before being discharged into the River Tame. 

Figure 4-1 shows the general location, extent and key features of the pilot urban 

catchments.  
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Figure 4-1: General location of pilot catchments in relation to UK Met Office radars: 

(a) Edinburgh-Lothian catchment; (b) Birmingham-Black Country catchment 

4.2.2. Urban drainage models of the pilot catchments 

Operational semi-distributed urban drainage models of the two pilot catchments were 

used in this study. As described in Chapter 2, in semi-distributed models the whole 

catchment surface is split into sub-catchment units through which rainfall is applied. Each 

sub-catchment unit is treated as a lumped model within which rainfall is assumed to be 

uniform and runoff volumes are estimated and routed to the sub-catchment outlet, which 

usually corresponds to an inlet node of the sewer system. In the models employed in this 

study the focus is on the simulation of sewer flows; exceedance flows are represented in a 

simplified way (see Chapter 2 – Section 2.4.2). The main characteristics of the urban 

drainage model of each pilot location, including the approaches adopted to simulate each 

stage of stormwater flow across the catchment (as described in Chapter 2), are 

summarised in Table 4-2. Moreover, the sewer layout of the pilot catchments is illustrated 

in Figure 4-2 (b) and Figure 4-3 (b). 

The models employed in this study were built and calibrated by consultants, 

commissioned by the respective water companies, following UK standards (WaPUG, 

2002). In compliance with WaPUG’s (UK Wastewater Planning Users Group) code of 

practice (see Section 2.6 for further details), models were manually calibrated based upon 

two dry weather days and three (WaPUG compliant) storm events recorded during the 

monitoring campaigns described in the following section. The calibration was conducted 
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using predominantly rain gauge data as input; the implications of this are discussed in 

Section 4.5. As per WaPUG’s guidelines, the models were verified so that measured storm 

peak flow rates in sewers were matched within +25 % and -15 % and measured flow 

volumes within +20 % and -10 %.   

Table 4-2: Summary characteristics of the urban drainage models of the pilot catchments. 

Catchment Edinburgh-Lothian Birmingham-Black Country 

Total pipe length* 
(km) 

2,045 6,618 

Number of SC** 18,105 97,764 

Mean/Median/STD of 
SC size (ha) 

0.80 / 0.62 / 0.78 0.54/0.40/0.48 

Mean/Median/STD of 
SC slopes (m/m) 

0.0251 / 0.0150 / 0.0484 0.0227 / 0.0150 / 0.0358 

Mean/Median/STD of 
pipe slopes (m/m) 

0.0283 / 0.0153 / 0.0559 0.0257 / 0.0135 / 0.0437 

Initial losses*** 

Maximum value estimated using 
Wallingford’s (1983) equation for 

IMP, maximum fixed value for 
PER 

Fixed depression storage values for 
individual runoff surfaces as defined 
in the Severn Trent Water Modelling 

Specification (Terry & Margetts, 
2004)  

Infiltration losses 
estimation model**** 

Fixed runoff coefficient for 
IMP/NewUK for PER*** 

Fixed runoff coefficient for IMP and 
PER***  

Evaporation losses 
Fixed value adopted based upon UK average evaporation rates 

(1 mm/ day during winter events; 3 mm/day during summer events) 

Runoff routing model 
at SC 

Double linear reservoir 

Pipe flow routing 
model 

Dynamic wave (full de St Venant Equations) 

Spatial discretisation 
adopted for pipe flow 

routing***** 

Default distance between computational nodes was set to twenty times 
the conduit width, subject to the following limitations: minimum distance 

between computational nodes = 0.5 m; maximum distance between 
computational nodes = 100 m 

Computational time 
step (min) 

1 

Modelling software InfoWorks ICM 

*Pipe length is estimated based upon modelled pipes only; **SC = sub-catchment; ***IMP: impervious surfaces, 
PER = pervious surfaces. ****Ground infiltration into sewers is accounted for by means of a simplified model 
which employs two reservoirs to represent soil and ground storage and update water table levels; based upon 
this infiltration flows into sewers is estimated. *****These are the default InfoWorks parameters and generally 
lead to numerically stable simulations (Dickinson, 2016). 
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4.2.3. Local rain gauge rainfall and flow records 

The two pilot urban catchments were the subject of recent monitoring campaigns 

through which local rain gauge rainfall records and sewer flow records were collected. 

The main objective of these monitoring campaigns was to collect data which enabled 

the calibration and verification of the urban drainage models described in Section 4.2.2. 

However, beyond their original calibration purpose, which only requires three storm 

events (as described in Section 4.2.2), the data collected through these campaigns, 

alongside available radar QPESs, present a unique opportunity to test radar-rainfall 

merged products in urban contexts. 

Edinburgh-Lothian’s monitoring campaign was conducted between December 2013 and 

April 2014 and comprised 96 tipping bucket rain gauges (TBRs) and 233 flow 

monitoring stations (each comprising a depth and a velocity sensor, based upon which 

flow rates were estimated) (Figure 4-2). Birmingham-Black Country’s monitoring 

campaign was conducted between December 2011 and September 2012 and comprised 

84 TBRs and 66 flow monitoring stations (Figure 4-3). Records from rain gauges and 

flow monitors for both catchments were available at a temporal resolution of 2 min. For 

both monitoring campaigns the number and location of sensors were decided upon 

following UK guidelines (WaPUG, 2002). In general, rain gauges were located as 

uniformly as possible throughout the catchment areas, whereas flow monitors were 

placed at key locations of the drainage system, including at the downstream end of 

relevant subcatchments, throughout trunk sewers and around ancillary structures (e.g. 

combined sewer overflows, pumps and valves). Note that while all rain gauges were 

present (i.e. operational) for the entire duration of the monitoring campaigns in both 

catchments, this was not the case for the flow monitors: due to limited availability of 

flow monitors and given the number of monitors required for each of the catchments, 

these were installed in consecutive phases, for different areas, throughout the 

monitoring campaign. As such, for a given storm event, not all flow monitors were 

operational.  

It is also worth mentioning that the monitoring campaigns employed in this study are 

the most recent ones conducted at each of the two pilot catchments; however, these 

catchments had been the subject of historic monitoring campaigns conducted at various 
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times between 2000-2009. As such, the data gathered through the most recent 

campaigns was simply utilised to further improve the overall calibration of the urban 

drainage models of the catchments. In the following sections details are provided of the 

treatment and quality control of the rain gauge and flow records that were used in the 

present study.    

 
Figure 4-2: Edinburgh-Lothian pilot catchment: (a) rain gauge (RG) location and radar grid over 
the catchment; (b) sewer layout and flow monitor (FM) location (yellow markers correspond to 
all FMs deployed during the monitoring campaign; magenta markers correspond to the 14 FMs 
selected for analysis; the FMs for which IDs are shown are the ones for which hydrographs are 

presented in the results section). 

 
Figure 4-3: Birmingham-Black Country pilot catchment: (a) rain gauge (RG) location and radar 

grid over the catchment; (b) sewer layout and flow monitor (FM) location (yellow markers 
correspond to all FMs deployed during the monitoring campaign; magenta markers correspond 

to the 8 FMs selected for analysis; the FMs for which IDs are shown are the ones for which 
hydrographs are presented in the results section). 
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4.2.3.1. Rain gauge rainfall data treatment and quality control 

The TBRs employed in both monitoring campaigns were Casella ones (Casella CEL Inc., 

2015), with a bucket resolution of 0.2 mm (i.e. each bucket tip corresponds to 0.2 mm of 

rain) and a 400 cm2 diameter. All TBRs were statically calibrated (see Marsalek (1981) 

and Luyckx & Berlamont (2001)) by the contractor before installation, thus ensuring 

that the real bucket resolution is as close as possible to the theoretical one (i.e. 0.2 mm). 

The time of tip records logged by the gauges were converted by survey contractors into 

rainfall rates at 2 min resolution using a standard interpolation algorithm (see Ciach 

(2003) and Upton & Rahimi (2003)). The resulting 2 min resolution rain rates, without 

any further quality-control, were made available to us for the present study5. While 

survey contractors carried out regular maintenance of all sensors, the TBR records 

provided to us may be subject to operational errors arising, for example, from problems 

in data transmission and unnoticed blockages or other faults. Moreover, as was 

described in Chapter 2, TBR records are also subject to systematic and random errors. 

Given the critical role that rain gauge records play in the present study, both as input for 

merging as well as as reference in the evaluation of merged products (see details in 

Sections 4.4 and 4.5), TBR records were thoroughly quality-controlled with the aim of 

minimising errors. The following checks and corrections were implemented (these were 

applied in the order in which they are described):  

• Check of rain gauges recording zero accumulations during a storm event:  

Zero accumulation records at a given rain gauge location during a storm event 

(storm event selection is described in Section 4.2.5) can be due to two reasons: (1) 

that, in fact, no rain fell at that location during the storm event; (2) that rainfall 

recorded by the gauge failed to be logged and/or transmitted, in which case the 

survey contractor’s system would assign zero values (this was confirmed through 

                                                        

5 It is worth noting that the consultants in charge of model calibration undertook quality checks of gauge 
records, but only for the 3 WaPUG compliant events selected for model calibration. According to personal 
communication with the respective consultants, the rain gauge records for the selected storm events 
were checked by visually comparing the cumulative rainfall curves of neighbouring gauges, in order to 
detect failed and/or blocked rain gauges. To ensure consistency of rain gauge data quality throughout the 
entire monitoring period and for the two pilot catchments, in this study it was decided to work with the 
raw rain gauge records provided by contractors and to subject them to the same quality-control 
treatment, as described in the present section. 
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personal communication with contractors). Evidently, it is desirable to preserve the 

former records and remove the latter. To distinguish between the two, zero 

accumulation recording gauges were compared against coincidental radar 

accumulations during a given storm event. Although instantaneous radar QPEs are 

subject to multiple uncertainty sources (as widely discussed in Section 4.1 and 

Chapter 2), the use of certain radar QPE features for qualitative checking of rain 

gauge records (e.g. for identification of rain/no rain, verification of rainfall time 

series patterns) has proven to be effective (Anagnostou et al., 1998; Velasco-Forero 

et al., 2009).   

In this study zero accumulation rain gauge records were deemed erroneous and 

were therefore removed from the merging (for a given storm event) whenever the 

coincidental radar accumulation during the given event exceeded the following 

threshold (R0):  

R0 = (0.2 𝑚𝑚 + Event Evaporation)×1.25 (4-1) 

Event evaporation was computed by multiplying the UK average evaporation rate 

(1 mm/day for winter months; 3 mm/day for summer months (Osborne, 2001)) by 

the event duration. The adopted threshold represents a rainfall amount which may 

have fallen at a given gauge location, but which, given the nature of TBR 

measurements, may have been insufficient to cause the tipping of the gauge. As 

mentioned before, the resolution of the TBRs used in this study is 0.2 mm; it may 

occur that the net rainfall accumulation (i.e. total accumulation minus evaporation) 

falling at a given location during an event is below 0.2 mm, which is insufficient to 

fill the TBR bucket and cause a tip. Moreover, local random standard errors in TBR 

records are known to be large at low rainfall rates (up to 25 % for rain rates ~ 

2 mm/h (Ciach, 2003)); to account for this, the set threshold was augmented by a 

factor of 25 %.  

• Correction of systematic errors due to loss of water during the tipping action: 

As described in Chapter 2, TBRs are known to systematically underestimate rainfall 

at high intensities because of the rainwater amount that is lost during the tipping 

movement of the bucket (La Barbera et al., 2002). In this study errors arising from 

this phenomenon were corrected for following the method proposed by Luyckx & 
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Berlamont (2001). Luyckx & Berlamont (2001) conducted dynamic calibration of 24 

TBRs of 6 different types and found that the tipping time (τ) of all tested devices was 

nearly constant (≈ 0.45 𝑠) at ‘normal’ rain rates (i.e. between 𝑖𝑙𝑜𝑤 and 𝑖ℎ𝑖𝑔ℎ, as will 

be explained in what follows). Based upon this, they derived a theoretical error 

function for TBRs of different resolutions. Figure 4-4 shows the theoretical error 

function for a TBR of 0.2 mm resolution (as is the case in this study). The validity of 

this error function was corroborated through the dynamic calibration of a TBR, 

conducted as part of this thesis (Ochoa-Rodriguez & Sharifan, 2013).  

 
Figure 4-4: Relative errors caused by loss of water during tipping action vs. measured rain rate. 

Theoretical curve derived based upon Luyckx & Berlamont (2001) for a TBR of 0.2 mm 
resolution. 

As can be seen, at low intensities (≤ 𝑖𝑙𝑜𝑤) relative errors (휀) due to loss of water 

during the tipping action are zero, given that the intervals at which rain drops fall 

into the rain gauge bucket are larger than the time it takes for the buckets to tip. 𝑖𝑙𝑜𝑤 

can be estimated as: 

𝑖𝑙𝑜𝑤 =
Vd
τ ∙ A𝑓

 (4-2) 

where Vd is the volume of one raindrop (which can be assumed to be 0.075 ml), τ is 

the TBR tipping time (≈ 0.45 𝑠) and A𝑓 is the area of the rain gauge funnel (400 cm2 

in this case). Thus, for the TBRs employed in this study 𝑖𝑙𝑜𝑤 = 15 mm/h.  

Between 𝑖𝑙𝑜𝑤 and 𝑖𝑢𝑝 relative errors increase linearly with rainfall rate; the slope of 

the line can be estimated as: 



181 

 

Slope =
τ

Resolution
=
0.45𝑠

0.2 𝑚𝑚
= 2.25 𝑠/𝑚𝑚 (4-3) 

 

At very high intensities (≥ 𝑖ℎ𝑖𝑔ℎ), the high kinetic energy of raindrops causes a 

decrease in the tipping time which compensates for the higher loss of water due to 

higher rain rates. As a result, for intensities ≥ 𝑖ℎ𝑖𝑔ℎ a nearly horizontal line (i.e. 

constant relative error for increasing rain rates) is observed. 𝑖ℎ𝑖𝑔ℎ has always been 

found to be greater than 200 mm/h (Luyckx & Berlamont, 2001). An 𝑖ℎ𝑖𝑔ℎ value of 

210mm/h was recommended by Fankhauser (1997), based upon a detailed analysis 

of TBR properties, and has been adopted in the present study.  

Based upon the relative error (휀) curve presented in Figure 4-4 and described above, 

measured rain rates (𝑖𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑) at each time step were corrected as follows: 

𝑖𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 =
𝑖𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑
(1 − 휀)

 (4-4) 

• Kriging-based spatial consistency check (i.e. check against neighbouring gauges):  

A typical approach for quality-controlling rain gauge records is to compare them 

against records from neighbouring gauges (Eischeid et al., 1995; Kondragunta & 

Shresta, 2006; Su-Ping et al., 2012). In this study, the following procedure was 

applied to conduct this check: 

i. At each time step, the rainfall rate at a given rain gauge site was estimated 

based upon the remaining rain gauge records (i.e. using records from all 

other rain gauge sites, except the one in question), using kriging 

interpolation. This procedure was conducted iteratively for each individual 

rain gauge site. 

ii. For each storm event, the Pearson correlation coefficient (r) (hereafter 

simply referred to as correlation coefficient) was computed between 

observed rain gauge rainfall time series and the ‘kriged’ time series at each 

rain gauge site. 

iii. The records associated to a given rain gauge were deemed erroneous and 

were therefore removed from the merging (for a given storm event) 

whenever the correlation coefficient was found to be lower than 1/e ≈ 0.368, 
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where e is Euler’s (natural) number. This threshold has been used in previous 

rainfall studies (Zawadzki, 1973; Foresti & Seed, 2014) and its adoption 

derives from the exponential behaviour of the spatial and/or temporal 

correlation of small-scale rainfall fields (Ciach & Krajewski, 1999; Ochoa-

Rodriguez et al., 2015c).  

The above checks and corrections ensure that rain gauge records affected by 

operational and/or miscalibration errors are identified and removed from the analysis 

and that some of the systematic errors inherent to TBRs are corrected for. However, the 

resulting records are still subject to errors which are difficult to identify and correct, 

particularly local random errors (Ciach, 2003). Such errors were accounted for when 

applying KED and BAY merging, as the kriging system allows doing so. More details 

about this are given in Section 4.3. 

4.2.3.2. Flow data treatment and quality control 

As mentioned above, the flow records available for the two pilot locations were derived 

based upon measurements of water depth (obtained with pressure transducers) and 

velocity (obtained with Doppler velocity sensors) in sewers. The individual depth and 

velocity records, as well as the resulting flow records are subject to multiple errors, 

arising, for example, from sampling errors due to noise in the flow signal, malfunctions 

due to damage or obstruction from debris, low-flow errors due to inadequate coverage 

of the sensors, turbulence caused by control elements, sensor tolerances, inaccurate 

measurement of depth-area, problems in data transmission, amongst others. For a 

review of these error sources and expected accuracy of flow records the reader may 

refer to McIntyre & Marshall (2008), WaPUG’s Code of Practice (WaPUG, 2002) and the 

Water Research Centre’s (WRc) Guide to Short Term Flow Surveys of Sewer Systems 

(WRc, 1987). Moreover, although the urban drainage models employed in this study 

were calibrated following UK standards (Section 4.2.2), it is possible that, at 

problematic flow monitoring (FM) locations, an unsatisfactory fit was obtained between 

observed and simulated flows.  

Given that in the present study the comparison of simulated and observed flows is used 

as an indirect way of assessing the quality of different rainfall products (see up details 

in Section 4.5), it is desirable to remove from the analysis FMs where uncertainties in 
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flow records and/or urban drainage model results are high. With this purpose, for each 

storm event under consideration in each of pilot locations the FMs to be used in the 

analysis were manually selected based upon the following criteria: 

• That flows at the given location are not significantly affected by control elements; 

• That the quality of depth, velocity and resulting flow records is good (i.e. without 

evident gaps and/or failures) during the storm event under consideration; 

• That a reasonable fit is generally observed between simulated and observed flows at 

the given location. 

Note that the selection was done from amongst the FMs operational during all the storm 

events selected for analysis (storm event selection is described in Section 4.2.5). This 

resulted in 14 FMs for the storms under for the Edinburgh-Lothian pilot, and in 8 FMs 

for the Birmingham-Black Country pilot (see magenta markers in Figure 4-2 (b) and 

Figure 4-3 (b)). Furthermore, for the selected FMs, depth and flow records were 

carefully checked and any ragging was manually removed from the records. Lastly, a 

10-minute moving average filter was applied to the depth and flow data in order to 

remove the noise (high frequency fluctuations) present in the records and which is 

problematic for estimation of performance statistics (Rico-Ramirez et al., 2015). An 

example of an original and filtered flow time series is shown in Figure 4-5.  

 
Figure 4-5: Measured and filtered flow data. 

4.2.4. Radar QPEs 

The two pilot urban catchments are within the coverage of C-band radars operated by 

the UK Met Office (UKMO). As can be seen from Figure 4-1, the nearest radars to the 
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pilot catchments are, respectively, Munduff Hill, located ~32 km from 

Edinburgh-Lothian, and Clee Hill, located ~50 km from Birmingham-Black Country. The 

UKMO radars operate at a frequency of 5.6 – 5.65 GHz, have an operational range of 

approximately 200 km, a range resolution of 600 m and a beam width of 1°. At the 

distances of the pilot catchments from the radars (i.e. 32 km – 50 km), the 1° beam 

width results in angular resolutions between ~ 560 km and 870 km. The UKMO radars 

have a scan repeat cycle of 5 min, time during which scans are conducted at 5 different 

elevations (0.5°, 1.0°, 2.0°, 3.0° and 4.0°). During the period of interest (i.e. duration of 

the local monitoring campaigns described in Section 4.2.3), the radars covering the pilot 

catchments had only single-polarisation capabilities. While the UKMO radars are being 

upgraded to dual-polarisation and Doppler capabilities (UKMO, 2013), radar QPEs at 

the UKMO are still being derived based upon single-polarisation non-Doppler data (i.e. 

no use is being made of dual-polarisation or Doppler parameters yet), making use of the 

Nimrod system described below.  

Radar QPEs for the two pilot catchments and for same period as the local monitoring 

campaigns (described in Section 4.2.3) were obtained through the British Atmospheric 

Data Centre (BADC). These estimates were available at spatial and temporal resolutions 

of 1 km and 5 min respectively, and correspond to a quality controlled multi-radar 

composite product generated with the UK Met Office Nimrod system (Golding, 1998). 

This product includes corrections for the different errors inherent to radar rainfall 

measurements, including identification and removal of anomalous propagation (e.g. 

beam blockage and clutter interference), attenuation correction and vertical profile 

correction, as well as an hourly-based nation-wide mean field bias correction (Harrison 

et al., 2000; Harrison et al., 2009). 

4.2.5. Storm event selection  

A total of 23 events were selected for analysis based on the rain gauge records available 

for the pilot locations. The selection process comprised three stages: 

i. Event separation: two successive storm events were identified as independent 

when a dry period of 6 hours or longer was observed between them. A time step 

was identified as ‘dry’ when over 80 % of the rain gauges of the network record 

zero values. The inter-event time (IET) was defined based upon values 
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recommended in the literature (Guo & Adams, 1998) and considering the 

response time of the pilot catchments. 

ii. Selection of ‘significant’ events: a storm event was identified as being ‘significant’ 

when the following criteria were met: 

• A minimum of 10 rain gauges recorded event accumulations ≥ 3 mm.  

• The areal-average event accumulation was ≥ 5 mm. 

• A minimum of 10 rain gauges recorded 5-min intensities ≥ 6 mm/h. 

These conditions are in line with WaPUG’s (Gooch, 2009) criteria for selection of 

storm events for urban drainage model verification, though some of the WaPUG’s 

criteria were relaxed so as to avoid excluding from the analysis localised storm 

events. Moreover, these conditions guarantee that the effective rainfall (defined in 

Chapter 2) is > 0 mm (thus ensuring runoff generation) and that data from a 

sufficient number of gauges are available so as to enable the analyses envisaged in 

this study.  

iii. Selection of events with a minimum number of common rain gauges: this filtering 

criterion aims at ensuring that, for each pilot location, the rain gauge network 

employed in the merging analysis remains as similar as possible between storm 

events. Ideally, the network of rain gauges should be the same for all storm events; 

however, after quality-controlling the rain gauge records for each event (Section 

4.2.3.1), this proved difficult. The number of common rain gauges in all ‘significant’ 

events (i.e. after filtering stage (ii)) was found to be below 50 % of the total 

number of gauges available for each pilot location. Employing such variable rain 

gauge networks (with less than 50 % of gauge in common) could lead to 

inconsistencies in the analysis. Conversely, filtering out too many events so as to 

achieve a very high proportion of rain gauges in common between the selected 

events would result in too few events left for analysis and loss of valuable 

information. A sensitivity analysis was conducted with the purpose of finding a 

balance between number of selected events and minimum number of rain gauges 

in common.  

Based upon these storm separation and selection criteria, for Edinburgh-Lothian 12 

‘significant’ storm events were identified with a minimum of 85 rain gauges in common, 

with some events having up to 96 valid rain gauges (i.e. rain gauge sites remaining after 



186 

 

quality-control). For Birmingham-Black Country 11 ‘significant’ storm events were 

identified with a minimum of 55 rain gauges in common, with some events having up to 

81 valid gauges. The dates and main statistics of the selected storm events for each of 

the pilot catchments, including the number of valid rain gauges available for each event 

as well as the event return period, are show in Table 4-3 (Edinburgh-Lothian events) 

and Table 4-4 (Birmingham-Black Country), respectively. Note that the characteristic 

length scale of the storm events (𝐿𝑐; last column in Table 4-3 and Table 4-4) was 

estimated following the methodology devised in Chapter 3 – Section 3.3.2.1, and the 

return period was calculated based upon the Flood Estimation Handbook software tool 

(Centre for Ecology & Hydrology, 2009). As can be seen from Table 4-3 and Table 4-4, 

the storm events selected for Edinburgh-Lothian fall within the UK winter months 

(December – March) and generally have longer characteristic lengths (Lc) and longer 

critical durations (i.e. durations leading to the highest return period), which is 

indicative of stratiform systems. Conversely, the Birmingham-Black Country events fall 

within the spring-summer months (April – June) and generally have shorter 

characteristic lengths and critical durations, which suggest the presence of more 

localised, short-lived and intense convective structures. The availability of data for 

winter and spring-summer events enables testing of merging techniques under both 

climatological conditions. With regards to the statistical representativeness of the 

selected storm events, it can be seen that the return periods range between <1 and 2.7 

years for winter storms and between <1 and 9.3 years for summer storms. 

Unfortunately, during the short-term monitoring campaigns no storm events of return 

periods close to the ones adopted for the design of sewer system (i.e. 30 years) were 

recorded (Parker et al., 2011). However, the selected storms do include commonplace 

events as well as some slightly rarer ones with a range of spatial-temporal features; as 

such, their analysis can provide useful insights into the performance and applicability of 

radar-rain gauge merging techniques for urban drainage modelling applications. 
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Table 4-3: Selected storm events over the Edinburgh-Lothian pilot catchment.  

    
Rain gauge  Radar at rain gauge location  

 
 

Event ID Date 
Duration 

(h) 

No. of 

RGs 

Accumulation  

(mm)  

Max Intensity 

(mm/h) 

 Accumulation  

(mm) 

Max Intensity 

(mm/h) 

 Characteristic 

Spatial Range Lc 

Return Period / 

Critical Duration 

    Avg Max Min Avg Max Min  Avg Max Min Avg Max Min  (km) (yr)/(min) 

EL-01 20-21 Dec 2013 11.0 95 9.00 14.60 2.20 5.96 36.48 1.50  8.62 13.27 4.94 3.22 15.91 4.09  19.83 1.0/330 

EL-02 21 Dec 2013 12.2 96 6.54 11.00 3.60 2.82 10.80 2.60  10.10 16.05 5.43 3.92 10.50 3.16  18.52 1.0/180 

EL-03 26-28 Dec 2013 26.8 95 16.03 31.40 6.40 3.02 12.60 2.70  24.71 38.43 15.38 3.23 18.59 5.38  17.53 <1.0/330 

EL-04 29-30 Dec 2013 18.0 96 20.46 29.80 14.20 5.11 13.20 4.00  29.63 37.87 22.34 4.03 12.47 4.88  19.27 2.7/360 

EL-05 02-03 Jan 2014 19.7 93 5.52 12.20 1.20 3.54 14.40 2.28  10.28 15.60 4.70 2.89 10.25 3.06  23.50 <1.0/240 

EL-06 06 Jan 2014 15.8 88 5.64 9.60 2.40 4.13 10.80 3.00  7.92 11.76 5.30 3.37 14.63 3.94  20.89 1.0/30 

EL-07 25 Jan 2014 13.5 96 10.32 16.40 6.80 7.99 22.91 6.00  13.08 16.79 9.79 6.95 16.31 7.34  19.52 2.3/150 

EL-08 01-02 Feb 2014 19.7 95 6.82 13.60 3.00 4.45 12.00 2.70  8.52 11.99 4.18 2.68 11.22 4.00  19.71 1.0/150 

EL-09 14-15 Feb 2014 23.0 96 9.79 15.00 5.80 6.32 12.00 3.00  12.71 15.96 9.34 2.23 14.13 3.56  21.45 1.1/120 

EL-10 23-24 Feb 2014 24.0 96 12.12 18.80 7.80 2.17 15.61 2.40  19.21 25.24 14.77 1.26 7.75 3.09  18.96 <1.0/300 

EL-11 06-07 Mar 2014 25.2 94 6.35 13.80 2.20 2.61 8.70 3.00  12.22 21.04 8.05 3.53 32.03 4.00  18.09 <1.0/300 

EL-12 20 Mar 2014 16.0 95 9.93 18.60 3.00 3.25 9.60 2.80  13.92 20.98 10.12 4.98 9.69 4.25  20.14 1.8/300 
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Table 4-4: Selected storm events over the Birmingham-Black Country pilot catchment. 

    
Rain gauge  Radar at rain gauge location  

 
 

Event ID Date 
Duration 

(h) 

No. of 

RGs 

Accumulation  

(mm)  

Max Intensity 

(mm/h) 

 Accumulation  

(mm) 

Max Intensity 

(mm/h) 

 Characteristic 

Spatial Range rc 

Return Period/ 

Critical Duration 

    Avg Max Min Avg Max Min  Avg Max Min Avg Max Min  (km) (yr)/(min) 

BB-01 08-10 Apr 2012 25.5 73 6.94 10.67 3.56 1.17 15.38 1.52  8.72 11.43 5.67 0.58 7.34 1.34  12.21 <1.0/30 

BB-02 18-19 Apr 2012 37.7 70 19.85 28.98 3.19 3.17 30.78 2.02  17.10 28.17 8.31 1.97 45.91 4.63  11.24 2.0/120 

BB-03 25-26 Apr 2012 28.2 69 20.83 31.11 3.86 3.80 34.43 1.26  18.42 28.68 12.28 2.75 36.69 4.28  19.88 1.3/360 

BB-04 28-29 Apr 2012 22.8 68 24.11 36.32 5.59 4.71 53.67 1.26  20.06 33.65 15.25 3.33 13.66 2.94  14.68 4.2/30 

BB-05 18-19 May 2012 15.0 82 6.78 10.71 0.00 1.40 9.14 0.00  1.63 3.08 0.58 0.59 3.41 0.53  12.15 1.0/30 

BB-06 02-04 Jun 2012 28.5 72 34.98 47.75 7.57 4.31 16.78 3.35  8.91 17.55 5.64 0.39 6.94 2.38  21.45 2.1/360 

BB-07 06 Jun 2012 9.2 69 9.45 21.98 1.83 5.47 82.71 2.13  6.84 11.18 2.96 3.49 46.63 2.19  11.72 9.3/30 

BB-08 07-08 Jun 2012 44.3 68 30.25 43.69 5.08 3.49 35.50 0.91  25.58 42.37 15.72 0.60 13.38 3.94  19.40 1.7/300 

BB-09 14-15 Jun 2012 10.5 70 16.11 25.91 2.13 4.73 18.33 1.22  10.95 18.46 4.19 1.69 9.00 2.22  18.73 3.6/330 

BB-10 15 Jun 2012 10.7 67 11.50 21.72 2.49 6.21 62.76 1.52  5.03 14.36 1.98 1.80 18.06 1.72  13.29 7.0/30 

BB-11 21-22 Jun 2012 32.3 67 12.76 22.61 1.73 2.26 26.09 0.91  11.72 21.40 6.16 2.82 8.91 2.84  20.97 1.0/90 
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4.3. Rainfall merging and interpolation techniques under 

consideration 

In this work three radar-rain gauge merging techniques are investigated: mean field 

bias (MFB) adjustment, kriging with external drift (KED) and Bayesian (BAY) merging6. 

In addition, rain gauge (only)-based rainfall fields, which serve as reference to evaluate 

the added value of radar observations in the merged products, were generated using 

two methods: Thiessen polygons (TP) and block-kriging (BK) interpolation. The former 

(i.e. TP) is the method most widely used by practitioners in the UK to generate rain 

gauge-based rainfall fields which can then be used as input to urban drainage models 

(Bailey et al., 2014), whereas the latter (i.e. BK) is a widely used interpolation method 

and is commonly used as reference for the evaluation of merged products  

(Goudenhoofdt & Delobbe, 2009; Jewell & Gaussiat, 2015; Nanding et al., 2015).  

A description of each of the rainfall processing techniques is provided in the following 

sections, starting with the rain gauge interpolation methods (TP and BK) and then 

moving onto radar-rain gauge merging techniques (MFB, KED and BAY). At the end of 

this section, a separate description is provided of the way in which random errors in 

rain gauge records (discussed in Section 4.2.3.1) are incorporated into the kriging 

system (which in turn is part of the BK interpolation, KED and BAY merging).   

4.3.1. Thiessen polygons (TP) 

Thiessen polygons (also known as Voronoy polygons) define individual areas of 

influence around each of a set of points. More precisely, the boundaries of these 

polygons define the area that is closest to each point in relation to all other points. 

Mathematically, they are defined by the perpendicular bisectors of the lines between all 

points (Han & Bray, 2006; Tchoukanski, 2011). The general n-dimensional case of this 

partitioning method was defined by Georgy Voronoy, but it was Alfred Thiessen who 

introduced their use in meteorology at the beginning of the twentieth century (Thiessen 

                                                        

6 These merging techniques were implemented ‘in-house’ as part of a collaboration between the author 
and other researchers of Imperial College London and KU Leuven, in the framework of the RainGain 
project. 
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& Alter, 1911). Since then, this partitioning method has played a very important role in 

hydrology and meteorology for estimating areal average hydrometeorological variables, 

such as rain and solar radiation.  

In this work, rain gauge-based Thiessen polygons were generated using the grid 

approach proposed by Han & Bray (2006). This approach entails two steps: (1) 

generation of a Cartesian grid covering the area of interest, with the pixel size of such 

grid being a function of number of gauges and area size (the resulting grid side length, 

for the different pilot locations and gauge density scenarios, ranged from 163 m to 

750 m); (2) use Euclidian distance to allocate each pixel to an individual (closest) rain 

gauge. A grid approach was chosen over a triangulation one on the grounds of 

computational efficiency and ease of generation of rainfall input files for subsequent 

urban drainage model simulations. 

4.3.2. Block-kriging (BK) interpolation 

Kriging (Matheron, 1962) is a widely used geostatistical technique that enables the 

prediction (or interpolation) of values at unknown locations. A detailed description of it 

can be found in Goovaerts (1997); Armstrong (1998); Chiles & Delfiner (2012). The 

epithet ‘block’ refers to the application of this technique to predicting (interpolating) 

areal averages over a grid-square rather than point values. In this work BK 

interpolation is used to obtain areal rainfall estimates at each radar grid location based 

upon available point rain gauge measurements. Besides allowing direct comparison 

with other types of areal rainfall estimates, the BK interpolated field serves as basis for 

the Bayesian merging method described in Section 4.3.5. 

Kriging interpolation requires the definition of a (semi-) variogram to characterise the 

spatial association of data values at different locations. For this purpose, an 

experimental variogram is first computed based upon available rain gauge records:  

𝛾(ℎ) =
1

2 ∙ 𝑁𝑅𝐺,ℎ
∑[(𝑍𝑅𝐺(𝐱) − 𝑍𝑅𝐺(𝐱 + ℎ))

2
] (4-5) 

where 𝑁𝑅𝐺,ℎ is the number of all pairs of rain gauges separated by a distance ℎ and 𝑍𝑅𝐺 

are the rainfall values at the respective rain gauge locations (i.e. 𝐱 and 𝐱 + ℎ). A 

theoretical variogram model is then fitted to the experimental one. A number of 
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theoretical variogram models exist (see de Marsily (1986) and Armstrong (1998)). In 

this work, an exponential model was adopted, which was fitted to the experimental 

variogram using the weighted least square (WLS) method (Cressie, 1985). The 

exponential model was adopted as it was found to produce a good fit to the 

experimental variogram and also based upon recommendations found in the literature, 

in which the exponential model has been widely-used for characterising spatial (and/or 

temporal) association at fine scales (Ciach & Krajewski, 1999; Bohling, 2005; Peleg et al., 

2013).  The exponential variogram function is the following: 

 
𝛾(ℎ) = 𝐶0 + 𝐶 [1 − exp (−

3 ∙ |ℎ|

𝑟
)] (4-6) 

where 𝐶0 is the nugget, 𝐶 is the sill, and 𝑟 is the (practical) spatial range at which 95% of 

the sill is reached.  

The BK interpolated rainfall value (𝑍BK
∗ ) at a given grid-square area (𝐀0) is estimated as 

the linear combination of the (known) rainfall measurements (𝑍𝑅𝐺) at surrounding 

point rain gauge locations (𝐱𝑖), weighted by factors 𝜆𝑖
𝐵𝐾: 

𝑍BK
∗ (𝐀0) =∑𝜆𝑖

𝐵𝐾 ∙ 𝑍𝑅𝐺(𝐱𝑖)

𝑛

𝑖=1

 (4-7) 

where n is the number of available rain gauge records.  

The optimal weighting factors (𝜆𝑖
𝐵𝐾) for the best linear unbiased estimator are 

determined by minimising the variance of the estimation errors, while accounting for 

the spatial association of the known rainfall measurements by means of the (semi-) 

variogram (𝛾). This is achieved by solving the so-called kriging system of (n+1) linear 

equations: 

∑𝜆𝑗
𝐵𝐾 ∙ 𝛾𝑖𝑗 + 𝜇

𝑛

𝑗=1

= �̅�𝑖0,           𝑖 = 1, 2, … , 𝑛 (4-8) 

∑𝜆𝑖
𝐵𝐾

𝑛

𝑖=1

= 1 (4-9) 
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where 𝛾𝑖𝑗 = 𝛾(𝐱𝑖, 𝐱𝑗) is the variogram value between rain gauge locations 𝐱𝑖 and 𝐱𝑗 , 

�̅�𝑖0 = �̅�(𝐱𝑖, 𝐀0) is the average of the variogram between rain gauge location 𝐱𝑖 and all 

points within target grid area 𝐀0, and 𝜇 is the Lagrange multiplier. Equation (4-9) is 

required to guarantee that the estimator is unbiased. Notice that the weights 𝜆𝑖 change 

as the prediction location (𝐀0) changes. This equation system can be re-written in the 

matrix form 𝐀𝛌 = 𝐛, where the unknown 𝛌 represents the set of weights (𝜆𝑖
𝐵𝐾), A is the 

variogram matrix with a term for each pair of rain gauges, and b is the variogram vector 

between all gauges and the prediction point 𝐀0: 
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 (4-10) 

As long as 𝛾 is an admissible variogram model, as is the case for the exponential 

variogram model adopted in this study, the solution of the above matrix system (i.e.  𝛌 =

𝐀−𝟏𝐛) always exists (i.e. A is non-singular) and is unique (Armstrong, 1998). It must be 

noted that the solution of this equation system may result in negative weights, which 

lack a physical meaning and may distort the interpolated values. This problem was dealt 

with based upon the ‘positive kriging’ method proposed by Barnes & Johnson (1984).  

In addition to providing the ‘best’ estimates (in this case of rain rates) at unknown 

locations, BK interpolation also provides an estimate of their associated uncertainty in 

terms of the estimation error covariance (𝐕𝜀𝐵𝐾). The estimation error-covariance is 

employed in the Bayesian merging technique to represent the uncertainty associated to 

rain gauge-based rainfall fields (Section 4.3.5). 

4.3.3. Mean field bias (MFB) adjustment 

As indicated in Section 4.1.1, the MFB adjustment is a simple and computationally 

efficient method which has been employed ever since radar QPEs started to be used 

(Wilson, 1970; Smith & Krajewski, 1991). The main assumption behind this method is 

that radar QPEs are affected by an uniform multiplicative error, which can be due, for 

example, to miscalibration of the radar or to the use of an erroneous coefficient in the 
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Z-R relationship (Equation 2-3) (Goudenhoofdt & Delobbe, 2009). The correction factor 

(𝐶𝑀𝐹𝐵) is estimated as a mean field bias:  

𝐶𝑀𝐹𝐵 =
∑ 𝑍𝑅𝐺(𝐱𝑖)
𝑛
𝑖=1

∑ 𝑍𝑅𝐷(𝐀𝑖)
𝑛
𝑖=1

 (4-11) 

where n is the number of available rain gauge records and 𝑍𝑅𝐺(𝐱𝑖) and 𝑍𝑅𝐷(𝐀𝑖) are, 

respectively, the rain gauge and co-located radar grid rainfall estimates during a given 

time interval (in this case, 5 min, which is the temporal resolution at which merging will 

be conducted). The MFB adjusted radar rainfall field (𝑍𝑀𝐹𝐵) is obtained by multiplying 

the correction factor by the original radar rainfall field (𝑍𝑅𝐷):  

𝑍𝑀𝐹𝐵 = 𝐶𝑀𝐹𝐵 ∙ 𝑍𝑅𝐷 (4-12) 

A maximum bias correction factor of 3.0 was set in order to avoid too large adjustments. 

4.3.4. Kriging with external drift (KED) 

KED is an extension of kriging interpolation in which external variables, in this case 

radar QPEs, are used as auxiliary information in the interpolation process. A description 

of this method can be found in Wackernagel (2003); Chiles & Delfiner (2012). KED 

follows the same basic scheme as kriging interpolation:   

𝑍KED
∗ (𝐀0) =∑𝜆𝑖

𝐾𝐸𝐷 ∙ 𝑍𝑅𝐺(𝐱𝑖)

𝑛

𝑖=1

 (4-13) 

∑𝜆𝑖
𝐾𝐸𝐷

𝑛

𝑖=1

= 1 (4-14) 

However, in the estimation of the KED weights (𝜆𝑖
𝐾𝐸𝐷) the following additional 

constraint is introduced which conditions the weights upon the spatial association 

between radar values at the target pixel (𝑍𝑅𝐷(𝐀0)) and at rain gauge locations (𝑍𝑅𝐷(𝐀𝑖), 

where 𝐀𝑖 is the radar pixel co-located with rain gauge i): 

𝑍𝑅𝐷(𝐀0) =∑𝜆𝑖
𝐾𝐸𝐷 ∙ 𝑍𝑅𝐷(𝐀𝑖)

𝑛

𝑖=1

 (4-15) 
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This additional constraint is included in the kriging error variance minimisation 

equation (Equation (4-8) in the case of BK), resulting in the following: 

∑𝜆𝑗
𝐾𝐸𝐷 ∙ 𝛾𝑖𝑗 + 𝜇𝑎 + 𝜇𝑏 ∙ 𝑍𝑅𝐷(𝐱𝑖)

𝑛

𝑗=1

= �̅�𝑖0,           𝑖 = 1, 2, … , 𝑛 (4-16) 

where 𝜇𝑎 and 𝜇𝑏 are the Lagrange multipliers. Similarly to the BK implementation, an 

exponential variogram model was employed in KED estimation. Furthermore, in this 

work, KED was applied in a point-to-block manner (as was done in the case of BK).  

Equation (4-16) along with the weights’ constraints (i.e. Equations (4-14) and (4-15)) 

make up the KED system of (n+2) equations, which, similarly to the BK system, can be 

written in a matrix form: 
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 (4-17) 

where 𝑍𝑅𝐷,𝑖 and 𝑍𝑅𝐷,0 denote, respectively, the radar estimation at rain gauge location 𝐱𝑖 

and target location 𝐀0.  

As indicated in Section 4.1.1, the reader must be reminded that in the KED estimation 

only the spatial association between radar values is taken into account. The actual radar 

estimates do not feed into the final KED linear estimation equation (Equation (4-13)).  

4.3.5. Bayesian (BAY) merging  

The underlying idea of the BAY data merging method (Todini, 2001) is to quantify the 

uncertainty of rainfall estimates (in terms of the covariance of estimation errors) from 

multiple data sources –in this case radar and rain gauges– and then combine these 

estimates in such a way that the overall estimation uncertainty is minimised. A detailed 

description of this method can be found in Todini (2001); Progea Srl (2009); Wang et al. 

(2015c).  
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The implementation of the BAY merging method includes the techniques of BK 

interpolation and Kalman filter (Kalman, 1960) and consists of the following steps: 

i. The point rain gauge measurements are interpolated into a rainfall field using 

the BK interpolation technique (Section 4.3.2). This results in a rain gauge-based 

field (𝑍𝐵𝐾) with areal estimates at each radar grid location, along with their 

associated BK estimation error covariance function (𝐕𝜀𝐵𝐾). As suggested in 

Todini (2001), in the BAY merging the 𝐕𝜀𝐵𝐾  is employed to represent the 

uncertainty of rain gauge estimates (i.e. 𝐕𝜀𝑅𝐺 = 𝐕𝜀𝐵𝐾).      

ii. An error field is computed as the difference between the interpolated rain gauge 

field (𝑍𝐵𝐾) and the radar field (𝑍𝑅𝐷):  

 휀𝑡 = 𝑍𝐵𝐾 − 𝑍𝑅𝐷 (4-18) 

The expectation of this error field is equal to the mean bias between radar and 

rain gauge data, and its covariance function (𝐕𝜀𝑡) is used to represent the overall 

uncertainty of rainfall estimates, which is the sum of the radar and rain gauge 

measurement covariances (i.e. 𝐕𝜀𝑡 = 𝐕𝜀𝑅𝐺 + 𝐕𝜀𝑅𝐷). The uncertainty of radar 

measurements can be then termed  

 𝐕𝜀𝑅𝐷 = 𝐕𝜀𝑡 − 𝐕𝜀𝑅𝐺  (4-19) 

iii. Using a Kalman filter (Kalman, 1960), the radar and rain gauge rainfall fields are 

optimally combined such that the overall estimation uncertainty is minimised. In 

the Kalman filter the unbiased radar field (𝑍𝑅𝐷
′ = 𝑍𝑅𝐷 + 𝜇𝜀𝑡 ) acts as ‘a priori’ 

estimate, whereas the interpolated rain gauge field (𝑍𝐵𝐾) acts as ‘measurement’. 

Based upon the degree of uncertainty of each type of estimate at each radar grid 

location, a gain value (the so-called Kalman gain, K) is calculated which 

determines the proportion of each type of estimate that is used to compute the 

merged output. The use of this gain value ensures the minimisation of the overall 

estimation uncertainty and is expressed as 

 𝐊 = 𝐕𝜀𝑅𝐷 ∙ 𝐕𝜀𝑡
−1 = 𝐕𝜀𝑅𝐷(𝐕𝜀𝑅𝐷 + 𝐕𝜀𝑅𝐺)

−1 (4-20) 
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and the optimally merged output, 𝑍𝐵𝐴𝑌 (i.e. the a posteriori estimate in the 

Kalman filter) can be obtained from 

 𝑍𝐵𝐴𝑌 = 𝑍𝑅𝐷
′ +𝐾(𝑍𝐵𝐾 − 𝑍𝑅𝐷

′ ) (4-21) 

It can be seen that the Kalman gain is a function of the covariances of radar and rain 

gauge estimation errors. When 𝐕𝜀𝑅𝐷 ≫ 𝐕𝜀𝑅𝐺  (i.e. radar estimates have significantly 

higher uncertainty than the rain gauge ones), the radar estimates are less trustworthy 

and the output estimates will be very similar to the interpolated rain gauge field. In 

contrast, when 𝐕𝜀𝑅𝐺 ≫ 𝐕𝜀𝑅𝐷 , the output will be closer to the radar estimates.  

4.3.6. Incorporation of rain gauge data random errors into the kriging system       

As indicated in Chapter 2 rain gauge data are subject to both systematic and random 

errors. The correction of the former can be straightforwardly applied to the original rain 

gauge data, as described in Section 4.2.3.1. The latter, on the hand, are hard to correct, 

but can eventually be accounted for in the merging process. Doing so is however not 

straightforward and is constrained by the underlying merging method. For example, 

due to the first-order nature of the MFB method, it is unfeasible to embed random 

errors into it and all that could be potentially done to account for such errors is to 

conduct the adjustment stochastically, which falls outside of the scope of this study. 

Conversely, it is possible to incorporate random errors into the kriging system 

employed in methods such as KED and BAY. The way in which this has been done in the 

present study is described next.  

As suggested in Ciach (2003), random errors in TBR data can be well characterised as a 

(zero-mean) Gaussian white noise, in which the variance is a function of the temporal 

resolution and the intensity of the rain gauge data. As temporal resolution becomes 

finer and intensity decreases, the variance of random errors was found to significantly 

increase. For a 5-min rainfall data value at a given rain gauge site and at a given time, 

the random error variance (𝜎T=5
2 ) can be expressed as follows: 

 
𝜎𝑖,T=5
2 (𝑅T=5) = (𝑎0,𝑇=5 +

𝑅0,𝑇=5
𝑅𝑇=5

)
2

 (4-22) 
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where 𝑅T=5is the input 5-min rain gauge rainfall intensity (in mm/h), and 𝑎0,𝑇=5 and 

𝑅0,𝑇=5 are empirical parameters to be determined for 5-min rain gauge data. In this 

work, the 5-min values given in Ciach (2003), namely 𝑎0,𝑇=5 = 0.018 and 𝑅0,𝑇=5 = 0.3, 

were adopted.  

This random error variance is then integrated into the kriging system (see Equations 

(4-10) and (4-17)) following the approach proposed in Mazzetti (2004). This requires 

modification of the variogram matrix between rain gauges (i.e. 𝐀, the variogram matrix 

in the left-hand-side of the kriging system) and the variogram vector between all gauges 

and the prediction location 𝐀0 (i.e. b, the variogram vector in the right-hand-side of the 

kriging system). For the variogram matrix, the non-diagonal elements (𝛾𝑖𝑗, where 𝑖 ≠ 𝑗) 

are modified using the following term: 

𝛾𝑖𝑗
′ = 𝛾𝑖𝑗 +

1

2
𝜎𝑖,T=5
2 +

1

2
𝜎𝑗,T=5
2  (4-23) 

For the variogram vector, elements are modified using the following term: 

�̅�𝑖0
′ = �̅�𝑖0 +

1

2
𝜎𝑖,T=5
2  (4-24) 

By substituting Equations (4-23) and (4-24) into Equations (4-10) (kriging system) and 

(4-17) (KED system), the random errors in rain gauge data can be integrated into BK 

interpolation (which is in turn employed in BAY merging) and KED merging.  

4.4. Experimental design 

As indicated in Section 4.1, in this chapter merging techniques will be applied following 

common practice and their performance will be tested under different climatological 

and infrastructural conditions. As discussed in Section 4.1.3, climatological and 

infrastructural factors are, respectively, not under the control of urban hydrologists and 

difficult to be modified by him/her in the short term. As such, all that can be done is to 

test merging methods under varying climatological and infrastructural conditions in 

order to understand the impact of these factors on merging performance and, based on 

it, make recommendations about the suitability of different techniques under given 
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conditions or about desirable infrastructural conditions. This is precisely the aim of the 

present experiment.  

4.4.1. Application of merging techniques following common practice 

The application following ‘common practice’ means that the merging techniques will be 

applied in their ‘standard’ form (as described in the previous section) and that no 

special treatments, such as those discussed in Section 4.1.3 (with the exception of rain 

gauge quality-control), will be applied to the radar or rain gauge data prior to or during 

the merging process. Given that radar QPEs are available at a temporal resolution of 

5 min and spatial resolution of 1×1 km2, and considering the resolution requirements 

for urban hydrological applications (see Chapter 3), merging will be applied 

dynamically at every 5-min time step and the same grid size as that of the original radar 

QPEs will be adopted. To attain agreement between the temporal resolution of radar 

and rain gauge records, the latter, originally available at a temporal resolution of 2 min, 

were linearly interpolated to 5 min intervals.  

4.4.2. Climatological conditions under consideration: winter and summer storms 

The climatological conditions under consideration in this study correspond to winter 

and summer. As indicated in Section 4.2, data for the Edinburgh-Lothian pilot catchment 

correspond to winter storms, which display a longer characteristic range. On the other 

hand, data for the Birmingham-Black Country pilot area correspond to spring/summer 

storms, which display generally shorter characteristic ranges and higher rainfall rates, 

typical of convective storm systems.     

4.4.3. Infrastructural factors under consideration: gauge density and quality of 

radar QPEs 

While the main infrastructural factor that we set out to analyse in this study was the 

density of the rain gauge network that is employed in the merging, the fact that the two 

pilot catchments are relatively far from one another and that they are covered by 

different radars inevitably means that there may be differences in the quality of the 

radar data available for each area. Although the technology and specification of the 

radars covering the two pilot areas is the same and that all radar reflectivity 

measurements are subjected to the same processing chain (i.e. that of the Met Office), 
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factors such as radar location, surrounding topography, obstacles within the radar 

range (e.g. presence of tree lines, high-rise buildings), distance to the sea, age and 

maintenance may lead to differences in radar performance and in the type of errors 

present in radar reflectivity measurements and corresponding radar QPEs. A detailed 

analysis of errors in radar QPEs is difficult to conduct without having access to raw 

reflectivity measurements and falls outside of the scope of this study. However, the fact 

that the quality of radar QPEs for the two pilot locations may be slightly different must 

be kept in mind when looking at the results of this study.  

Moving on to the rain gauge network density factor, in this study a methodology was 

devised to, based on the initially available merging gauges at each pilot catchment, 

gradually remove rain gauges in order to generate lower density networks. Before 

diving into the details of this methodology, it is important to mention that, for 

evaluation purposes, 15 rain gauges from each of the two pilot catchments were set 

aside to be used as reference in the evaluation of merged rainfall products (more details 

on this are provided in Section 4.5). As such, only the remaining gauges (i.e. after 

‘removal’ of the evaluation gauges) will be used for merging; these will be referred to as 

‘merging gauges’. The evaluation and merging gauges are respectively represented by 

red and black triangles in Figure 4-2 and Figure 4-3. Taking as starting point the 

merging gauges available at each pilot location for each storm event, the following steps 

were taken to generate rain gauge networks of varying densities: 

i. First, the rain gauge located nearest to the geographic centre of the study 

catchment and for which records were found to be of good quality for all storm 

events under consideration is identified. This gauge is kept fixed (i.e. it is not 

removed) throughout the density analysis process. 

ii. For each other merging gauge (besides the ‘central gauge’), the mean distance to 

the four nearest neighbouring rain gauges is computed. At each iteration, the 

rain gauge with shortest mean distance to its neighbours is removed from the 

merging network.  

iii. Repeat Step (ii) until a network with the desired gauge density (considering 

catchment size) is reached. Note that the mean distance to the neighbouring 

gauges (Step ii) is dynamically re-calculated at each iteration based upon the 

remaining rain gauges. 
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The devised methodology aims at generating realistic rain gauge networks by emulating 

the decision-making process that is undertaken when designing such networks. For 

example, given a limited budget, one may want to ensure that there is at least one gauge 

at the centre of the catchment and that the remaining gauges are generally uniformly 

distributed and cover as much of the area of interest as possible. These assumptions 

may not be fully appropriate for areas with strong orographic rainfall patterns; 

however, for the climatology of the adopted pilot catchments they are deemed to be 

appropriate. Following this methodology and considering the size of the pilot 

catchments and the maximum number of merging gauges available at each of them, rain 

gauge networks of densities ranging from 1 gauge every ~4 km2 to 1 gauge every 

~107 km2 were generated (note that the minimum number of gauges employed in 

merging was set to 4). Table 4-5 summarises the rain gauge densities selected for 

testing, as well as the number of gauges from each pilot catchment employed in each 

density scenario.  

To put the densities under consideration into context, the densities of some operational 

rain gauge networks in England and Wales are indicated in Table 4-6. As can be seen, 

multiple intermediate density scenarios (between the highest and lowest density ones) 

were adopted for testing, including densities similar to those of operational networks 

(which are generally low). This will enable assessing the impact of gradual changes in 

rain gauge density on merging performance, which will in turn shed light upon optimal 

rain gauge densities for urban hydrological applications. Whenever possible, common 

densities between the two pilot catchments were sought so as to enable inter-

comparison of results. However, no match could be achieved between the two 

catchments for the highest and lowest densities, as these are simply determined by the 

maximum number of available rain gauges and the catchments’ sizes.  
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Table 4-5: Rain gauge density scenarios adopted for testing of merging methods. 

Average area per 
rain gauge 

(km2) 

Average distance 
between gauges 

(km) 

Number of rain gauges used for merging 

Edinburgh –  

Lothian 

Birmingham – Black 
Country 

3.14 1.77 81.00 - 

3.50 1.87 73.00 - 

4.00 2.00 65.00 - 

4.50 2.12 57.00 - 

5.00 2.24 50.00 - 

6.00 2.45 42.00 - 

6.50 2.55 39.00 66.00 

7.20 2.68 35.00 60.00 

8.00 2.83 32.00 54.00 

9.00 3.00 28.00 48.00 

10.00 3.16 25.00 43.00 

11.50 3.39 22.00 37.00 

13.70 3.70 19.00 31.00 

16.00 4.00 16.00 27.00 

19.00 4.36 13.00 23.00 

23.00 4.80 11.00 19.00 

26.00 5.10 10.00 17.00 

28.00 5.29 9.00 15.00 

33.00 5.74 8.00 13.00 

36.00 6.00 7.00 12.00 

42.00 6.48 6.00 10.00 

50.00 7.07 5.00 9.00 

63.00 7.94 4.00 7.00 

72.00 8.49 - 6.00 

86.20 9.28 - 5.00 

107.50 10.37 - 4.00 
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Table 4-6: Examples of rain gauge densities of operational rain gauge networks in England and 
Wales. 

Location 
Area 

(km2) 

Rain gauge 
network 
operator 

Number of 
rain gauges 

Average 
area per 

rain gauge 
(km2) 

Average 
distance 
between 

gauges (km) 

England and 
Wales 

151160 
Met Office / 

Environment 
Agency* 

1064 142.07 11.92 

Greater 
London Area 

1594 
Environment 

Agency** 
33 48.30 6.95 

City of 
Birmingham 

267 
Environment 

Agency** 
4 66.95 8.18 

City of 
Bristol 

110 
Environment 

Agency** 
1 110.00 10.49 

Leeds 
District 

551 
Environment 

Agency** 
1 551.73 23.49 

Liverpool 
District 

133 
Environment 

Agency** 
1 133.54 11.56 

Manchester 
District 

115 
Environment 

Agency** 
2 57.82 7.60 

Sheffield 
District 

367 
Environment 

Agency** 
2 183.98 13.56 

Birmingham-
Black 

Country 
431 

Environment 
Agency** 

5 86.20 9.28 

Birmingham-
Black 

Country 
431 

Severn Trent 
Water*** 

8 53.88 7.34 

*Source: Jewell & Gaussiat (2015); **Estimated based upon rain gauge location information obtained from the 
Environment Agency through a Freedom of Information request; ***Information obtained through personal 
communication with RPS Clear consultants, who do asset management for Severn Trent Water. 
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4.5. Performance evaluation methodology 

Two complementary strategies have been adopted to assess the performance of the 

different rainfall products:  

(1) direct assessment of rainfall estimates, including comparison against measurements 

from an independent network of rain gauges and analysis of spatial features through 

comparison against radar images;  

(2) hydrological evaluation which entails quantitative and qualitative comparison of the 

outputs obtained by feeding the different rainfall estimates as input to the urban 

drainage models of the pilot catchments against available flow records.  

Both evaluation strategies have advantages and disadvantages. The first strategy is a 

natural and widespread way of assessing the performance of rainfall products. 

However, the fact that all precipitation estimates entail errors and that the true rainfall 

field is unknown, in addition to the differences in the spatial and temporal resolutions of 

RG and RD estimates (and the resulting merged rainfall products) renders any direct 

comparison of rainfall estimates imperfect (Brandes et al., 2001). The second strategy 

allows some of these limitations to be overcome, but has two main deficiencies: the fact 

that flow records (obtained based upon depth and velocity measurements) used in the 

evaluation contain errors, and the fact that the hydraulic modelling results encompass 

uncertainties from different sources in addition to rainfall input uncertainty (Deletic et 

al., 2012). In this regard, it is worth reminding the reader that the hydraulic models 

used in this study were calibrated using as input rain gauge data (applied through 

Thiessen polygons). Since the models were “attuned” to rain gauge inputs, they are 

likely to favour all rain gauge-derived (and RG-emulating) rainfall estimates. Moreover, 

the relatively coarse spatial resolution of rainfall inputs employed for calibration, 

deriving from the use of Thiessen polygons, may have led to further biases in the models 

(Kavetski et al., 2006). It would be desirable to re-calibrate the hydraulic model using as 

input the different rainfall products analysed in this study. However, this would entail a 

significant amount of work which falls outside of the scope of the present study. In spite 

of these limitations, both strategies provide useful and complementary insights into the 

performance of the different rainfall products. In what follows, a description is provided 
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of the two evaluation strategies, including the performance statistics employed in each 

of them.  

4.5.1. Direct rainfall evaluation strategy 

4.5.1.1. Quantitative assessment based upon an independent network of rain 

gauges: 

In order to evaluate the quantitative performance of the different rainfall products, 15 

rain gauges from each of the two pilot locations were assigned as ‘evaluation gauges’ 

(these are denoted with red triangles in Figure 4-2 and Figure 4-3). The evaluation 

gauges were not employed in the merging, but instead were used as independent 

reference to assess the performance of the different rainfall products under 

consideration. The evaluation gauges were manually selected so that they are roughly 

uniformly distributed across the respective catchment. Furthermore, evaluation gauges 

only include gauges the quality of which was assessed to be good during all storm 

events under consideration.  

The following performance statistics were calculated on a storm event basis between 

each pair of independent rain gauge time series (used as reference values and denoted 

as ‘observations’, ‘O’) and the gridded rainfall estimates at the gauge location (denoted 

as ‘modelled values’, ‘M’). The selected statistics provide complementary information 

about different aspects of the rainfall estimates under investigation.  

• Mean Absolute Error (MAE): MAE is a measure of the average magnitude of the 

errors (or differences) in rainfall estimates. It has been widely used as main 

performance indicator in recent merging evaluation studies (Goudenhoofdt & 

Delobbe, 2009; Jewell & Gaussiat, 2015; Nanding et al., 2015) and its use over other 

indicators, such as the root mean square error, has been favoured given its lower 

sensitivity to large errors. The MAE is computed as  

MAE =
∑ |𝑂𝑡 −𝑀𝑡|
𝑁𝑇𝑆
𝑡=1

𝑁𝑇𝑆
 (4-25) 

where sub-index 𝑡 corresponds to each (5 min) time step and 𝑁𝑇𝑆 is the total 

number of time steps in the storm event under consideration. A perfect fit between 
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the reference gauges and the gridded rainfall estimates corresponds to MAE = 0. As 

can be seen, the MAE only quantifies the overall differences between the observed 

(i.e. reference gauges) and modelled (i.e. the gridded rainfall products) values. 

However, it does not provide information about the direction and characteristics of 

the differences.   

• Event sample bias ratio (B): estimated as  

B =
∑ 𝑀𝑡
𝑁𝑇𝑆
𝑡=1

∑ 𝑂𝑡
𝑁𝑇𝑆
𝑡=1

 (4-26) 

B is used to quantify the cumulative event bias (i.e. unconditional bias) between the 

gridded rainfall estimates under investigation and the independent rain gauge 

estimates. B = 1 means no cumulative bias; B > 1 means that the accumulations of 

the gridded estimates are greater than those recorded by the independent gauges, 

and B < 1 the opposite. 

• Correlation coefficient (r): r is a measure of the linear correlation between two 

variables; in this case, the independent rain gauge records and the co-located 

gridded rainfall estimates. The correlation coefficient ranges between 1 and -1 

inclusive, where 1 indicates fully positive correlation, 0 no correlation, and -1 fully 

negative correlation. The correlation coefficient is estimated as 

r =
∑ (𝑂𝑡 − �̅�)(𝑀𝑡 − �̅�)
𝑁𝑇𝑆
𝑡=1

√∑ (𝑂𝑡 − �̅�)2
𝑁𝑇𝑆
𝑡=1

√∑ (𝑀𝑡 − �̅�)2
𝑁𝑇𝑆
𝑡=1

 
(4-27) 

In practical terms, r provides a measurement of the similarity between the patterns 

of the observed and modelled time series. This measure, however, cannot detect 

systematic bias (under- or over-estimation) of the modelled estimates (Krause et al., 

2005). 

• Regression coefficient (β): β corresponds to the slope or gradient of the linear 

regression analysis conducted between each pair of observed and modelled time 

series. This measure provides information about conditional bias of the modelled 

estimates. β=1 represents good agreement in the magnitude of observed and 

modelled estimates; β > 1 means that the modelled estimates are higher in the mean 
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(by a factor of β) than the observations; and β < 1 means the opposite. 

With the purpose of understanding the impact of different factors affecting merging 

performance, the adopted statistics were analysed in different ways, including as a 

function of rain gauge network density and as a function of the performance of rain 

gauge only products (in this case BK, which is the better gauge only product). The latter 

analysis aims at shedding light upon the added value of radar data and the ability of the 

different merging methods to benefit from it.  

In addition to the above performance statistics, an analysis of residuals was conducted 

in order to gain insights into the distribution of errors in rainfall estimates as a function 

of rain rate magnitude. For this purpose, the residuals -estimated at each pixel and time 

step as the difference between the observed and modelled value- were plotted against 

the observed values (i.e. against the rainfall rates recorded at the independent gauges). 

4.5.1.2. Qualitative and quantitative assessment of the spatial structure of rainfall 

fields through comparison against radar images 

The spatial structure of the merged rainfall products was evaluated through comparison 

against original radar images, which are deemed to provide a good ‘picture’ of the 

rainfall field. The assessment included visual inspection of the rainfall fields, as well as 

quantitative comparison based upon the following statistics. Note that the spatial 

performance statistics are computed for each pair of rainfall fields, at each time step. In 

doing so, radar QPEs are treated as reference or observations (‘O’), while other gridded 

rainfall products correspond to the modelled (‘M’) values. 

• Spatial correlation coefficient (spatial r): as indicated in the previous section, r is 

a measure of the linear correlation between two variables and ranges between 1 

(fully positive correlation) and -1 (fully negative correlation), inclusive. In addition 

to applying it to time series data, this measure can be applied to a pair of rainfall 

fields, at each time step, in order to quantify the similarity of their spatial structure. 

This application of r to quantify the spatial similarity between two-dimensional 

rainfall fields has been widely used, particularly in the field of nowcasting and 

temporal interpolation of radar images (Rinehart & Garvey, 1978; Tuttle & Foote, 

1990; Nielsen et al., 2014; Seo & Krajewski, 2015). The spatial r is estimated using 

the same equation as that of the ‘time series r’ (Equation (4-27)), with the difference 
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that the summation is done in space (for all pixels in the radar and gridded product 

images), as opposed as over time.   

• Relative coefficient of variation (relative CV): the coefficient of variation, also known 

as relative standard deviation, is a standardised measure of the dispersion of values 

around the mean and is estimated as standard deviation / mean. In this study, the 

coefficient of variation has been adopted to quantify the spatial variability of rain 

rates across a rainfall field and is estimated at each time step as the standard 

deviation of the rainfall field divided by its mean. Furthermore, to assess the 

difference in the spatial variability of a given gridded product in relation to that of 

the original radar image, the relative CV is estimated as the ratio between the CV of 

the gridded product (CVM) and that of the radar (CVO) 

relative CV =
CVO
CV𝑀

 (4-28) 

Relative CV > 1 indicates that the dispersion of rainfall values across the gridded 

rainfall product under consideration is higher than that of the radar field; a relative 

CV < 1 means the opposite.   

4.5.2. Hydrological evaluation 

As indicated above, the hydrological evaluation includes qualitative and quantitative 

comparison of observed vs. simulated flows. A qualitative analysis of the hydraulic 

outputs was carried out based upon visual inspection of observed vs. simulated flows 

(for the different rainfall inputs) at different points of the pilot catchments. For the 

quantitative evaluation the following performance statistics were computed on a storm 

event basis between each pair of observed (‘O’) and modelled (‘M’) flows: 

• Relative error in peak flow (RE):  

 RE = (𝑄𝑚𝑎𝑥𝑀 − 𝑄𝑚𝑎𝑥𝑂)/𝑄𝑚𝑎𝑥𝑂 (4-29) 

Where 𝑄𝑚𝑎𝑥𝑀 and 𝑄𝑚𝑎𝑥𝑂 are respectively the modelled and observed peak flows. 

Positive RE values indicate overestimation by the modelled peak flow, and vice-

versa. The RE has the advantage of being a ‘tangible’ statistic which evaluates the 

performance of a critical parameter as is the peak flow. It is important to note that 

very large RE values can be obtained when low flows are evaluated, even if the 
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absolute difference in peak flows is small. Hence RE values must be analysed with 

caution.  

• Mean absolute error (MAE) – see Equation (4-25) in Section 4.5.1.1. 

• Correlation coefficient (r) – see Equation (4-27) in Section 4.5.1.1. 

• Regression coefficient – see description in Section 4.5.1.1. 

As described in Section 4.2.3.2, the flow records employed in the hydrological 

evaluation were subjected to several quality checks and only records from monitors 

whose quality was deemed to be good and at which the urban drainage model provided 

a reasonable fit were considered in the analysis. In spite of this, both the flow records 

and urban drainage models employed in this study remain uncertain. This is especially 

so as the urban drainage models under consideration are highly complex (with 

thousands of subcatchments and conduits) and computationally expensive, which 

hinders thorough calibration. As such, the flow performance statistics must be analysed 

with caution and conclusions should only be drawn after close inspection of the 

hydrographs.   

4.6. Results and discussion 

4.6.1. Rainfall estimates results  

4.6.1.1. General performance of rainfall products at varying rain gauge densities 

Figure 4-6 shows the performance of the different rainfall products under consideration 

as a function of rain gauge density. Performance statistics are presented separately for 

winter and summer storms given that a different behaviour was observed in each case 

and, as such, it was considered appropriate to analyse them separately. The reader shall 

be reminded that winter and summer storms correspond, respectively, to the data 

collected at Edinburgh-Lothian (EL hereafter) and Birmingham-Black Country (BB 

hereafter) pilot catchments. 

A first feature that can be clearly observed from Figure 4-6 and that is important to 

examine before delving into the analysis of merged products, is the markedly different 

performance of radar QPEs at the two pilot locations and under the corresponding 

climatological conditions. Furthermore, for a fixed pilot location and climatological 
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condition, there is still high variability in radar QPE performance (see the wide 

inter-quartile ranges). The high variability in the performance of radar QPEs confirms 

the need for dynamic and localised adjustment of radar QPEs. In the case of winter 

storms (i.e. EL area), radar QPEs display a noticeably poorer performance in relation to 

gauge-based and merged products, whereas in the case of summer storms (BB area), the 

difference in radar and gauge-based and merged rainfall estimates performance is 

smaller. For winter storms, there is an overall large tendency of radar QPEs to 

overestimate rainfall accumulations (notice B > 1). The opposite is observed in the case 

of summer storms, although the magnitude of the summer underestimation is smaller 

than that of winter overestimation. One potential reason for the general overestimation 

of rainfall accumulation by radar in the case of winter storms is that radar QPEs can 

detect drizzle and light rain, which are common during winter and which are often not 

recorded or under recorded by tipping bucket rain gauges, given the nature of their 

rainfall measuring mechanism. Prolonged drizzle and light rain can therefore result in 

large differences in rainfall accumulation as measured by radar and rain gauges. 

Another potential reason for radar overestimation in winter time is that, during winter, 

the melting layer (i.e. the transition region in the atmosphere where ice-phase 

precipitation melts before becoming rain) is located at a lower altitude and can 

eventually be hit by the radar beam, which would result in strong return echoes and, 

consequently, in erroneously high rainfall rates. While corrections are implemented to 

deal with this, residual errors may remain in radar estimates. The general, yet milder, 

underestimation of rainfall accumulations by radar over the summer can be potentially 

explained by radar’s known tendency to underestimate high rainfall rates, which are 

typical of summer (convective) storms. Such limitation of radar derives mainly from the 

use of a fixed Z-R relationship in the conversion of radar reflectivity to rainfall rates 

(further details on this can be found in Chapter 2).  

Moving on to the performance of merged products, it can be seen that all of them (i.e. 

MFB, KED and BAY) provide improvements upon original radar QPEs. For almost all 

statistics (except for β in the case of winter storms7), under all rain gauge density 

                                                        

7 The better performance of radar in terms of β for the case of winter storms can be potentially explained 
by the fact that, despite large overestimation of some values (which caused B > 1), the slope of the linear 
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scenarios and both climatological conditions, merged products outperform radar QPEs, 

with improvements being particularly evident in the MAE and B indicators. The degree 

of improvement upon radar QPEs does however vary for each merging method and is 

also a function of rain gauge density, climatological conditions and possibly radar data 

quality. Likewise, these factors also determine the added value of radar data upon 

gauge-only rainfall products. In this regard, the following observations can be made 

based on the median performance statistics displayed in Figure 4-6: 

• In agreement with the theories underlying the merging methods under 

consideration (see review in Section 4.1.1), it can be seen that, out of the three 

methods, KED is the one taking more information from rain gauges. In fact, its 

performance is very similar to that of BK (gauge-only rainfall field), particularly 

when rain gauge density is high. MFB results, on the other hand, display a behaviour 

closer to that of original radar QPEs and, out of the three methods under 

consideration, provide the least improvement upon radar. Lastly, BAY estimates 

display features from both rain gauge and radar, which reflects the data integration 

that takes place in this method. As is discussed next, the amount of information that 

each method takes from radar and rain gauges impacts their sensitivity to rain gauge 

density and to the quality of radar QPEs.  

• Regarding rain gauge density, a general trend can be observed of merged products’ 

performance to decrease as the rain gauge density decreases. This is particularly 

noticeable in the MAE, r and β statistics, which are more dynamic in nature than the 

event cumulative bias (B). The impact of gauge density is strikingly stronger in the 

case of summer storms, which can be explained by the shorter ranges and higher 

spatial sampling requirements of convective systems. Furthermore, as would be 

expected, gauge density affects more strongly rainfall products which rely more 

upon gauge data, namely gauge-only products (i.e. TP and BK) and interpolation 

merged rainfall products (i.e. KED), as compared to other merged products. The 

merging method least sensitive to gauge density is MFB, while BAY displays a 

sensitivity to gauge density somewhere in between that of MFB and KED.  

                                                                                                                                                                            

regression simply remained close to 1. The analysis of residuals in the following section will shed more 
light on this. 
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• With regards to the performance of radar only vs. rain gauge only products, it can be 

seen that, while in winter time rain gauge-only products (i.e. TP and BK) display a 

generally good performance and always outperform radar QPEs, even at low rain 

gauge densities, in summer time their performance drops rapidly with rain gauge 

density, to the point that radar estimates outperform rain gauge-only products at 

lower densities. For example, in terms of the median value of MAE, radar QPEs start 

to outperform TP and BK rainfall estimates at densities of ~25 km2/RG and ~50 

km2/RG, respectively. These are equivalent to 17 and 9 rain gauges, respectively, 

within the BB area. This number of gauges is higher than the operational number of 

gauges over the BB area (see Table 4-6). As such, water managers in the area, who 

rely mostly upon rain gauge data, should really considering either increasing 

significantly the density of gauges, or, perhaps more practical, employ radar data for 

rainfall estimation, ideally in combination with rain gauges.   

• Closely related to the above point is the added value of radar data in merging. As a 

result of the smaller features of summer storms and higher sensitivity of gauge only 

products to rain gauge density during these storms, it is under summer conditions 

that the added value of radar QPEs is particularly evident. It can be seen that, during 

summer storms, merged products generally outperform rain gauge only products, 

with differences in performance being particularly large at lower gauge densities. In 

fact, in terms of MAE (which is often used as main performance indicator in merging 

studies), there is a critical rain gauge density -around 38 km2 per gauge- at which all 

merged products, even the less well performing ones, outperform the two gauge 

only products. Furthermore, it is interesting to note how, for the case of summer 

storms, the incorporation of radar information in rainfall estimation makes it 

possible to achieve the same quality of rainfall estimates with fewer gauges, than if 

no radar information were incorporated. Notice, for example, how KED estimates 

obtained with a gauge density of ~20 km2 per gauge display a similar performance 

as that achieved with BK interpolation based upon a network density of ~10 km2 

per gauge. This is even more evident when merged products are compared against 

TP: notice how merged products derived from a network of ~30 km2 per gauge 

display a similar performance (in terms of MAE) similar to that of TPs derived from 

a network of ~5 km2 per gauge. In the case of winter storms, however, the added 
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value of radar is rather limited, at least in terms of median statistics. It can be seen 

that rain gauge only products perform well, even at low densities, and only small 

improvements can be observed in merged products (namely in KED) in relation to 

rain gauge only products.   

• Overall and in terms of median statistics, the best performing merging method 

appears to be KED, with BAY being a close second and MFB providing the smallest 

improvements upon radar QPEs. The median performance of KED is markedly better 

than that of other merged products under high rain gauge densities and winter 

conditions. This can be explained by the fact that, under these conditions, the 

performance of gauge only products (hereafter referred to as rain gauge 

predictability) is generally high. Since KED is highly reliant upon rain gauges, when 

rain gauges perform well, so does KED. However, in the case of summer storms and 

low rain gauge densities, BAY and MFB’s ability to take more information from radar 

is advantageous and under these conditions their performance is similar to that of 

KED. BAY’s ability to incorporate more information from rain gauges under high 

density scenarios and gradually take less of it when density decreases and take more 

of radar makes it an adaptable method.  

• As described in Section 4.3, despite being a far from optimal spatial rainfall 

estimation method, TPs were included in this study as they are still the method most 

commonly used by practitioners. As such, it is important to make some observations 

about it. During winter storms, when rainfall spatial variability is low, TP display a 

good performance, which is only slightly poorer than that of BK. However, in the 

case of summer storms, TP performance is extremely poor and significantly worse 

than that of all other rainfall products, including radar QPEs alone. This confirms the 

unsuitability of this spatial estimation method, particularly for applications in which 

high spatial resolution rainfall information is need.   

It is important to note that the observations made above are simply based on general 

trends. However, as can be seen from the width of the inter-quartile ranges, the 

variability in the results can be very large. In the following sections more specific 

features of the different rainfall products will be analysed.   
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Figure 4-6: Performance statistics MAE, B, r and β for each rainfall product under consideration 

vs. rain gauge density. Performance statistics were estimated on an event basis using as 
reference the independent network of rain gauges. Main lines correspond to the median value of 

the given statistic at a given rain gauge density, while error bars indicate the first and third 
quartiles. In the case of the radar (RD), dashed lines were used to indicate the first and third 

quartiles. 
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4.6.1.2. Influence of rain gauge predictability on merging outputs 

To gain further insights into the performance of the different merging methods and 

their ability to benefit from radar information, the concept of rain gauge predictability 

will be introduced. Rain gauge predictability corresponds to the ability of rain gauges 

(alone) to well estimate spatial rainfall. In this study, the performance of BK 

interpolation (assessed based upon the independent network of rain gauges) will be 

adopted as a measure of rain gauge predictability. The reason to adopt BK performance 

as an indicator of rain gauge predictability instead of that of the other gauge only 

product (i.e. TP) is that BK shows a significantly better performance and, being the best 

linear rainfall estimator, it is a close indicator of how well you can estimate spatial 

rainfall with rain gauge data alone. As can be expected, rain gauge predictability is a 

function of storm spatial characteristics and of the ability of rain gauges to sample it. 

The latter, is, in turn, a function of rain gauge density and ‘luck’ (e.g. it may occur that, 

having only few gauges and under highly convective storm conditions, the core storm 

cells happen to (luckily) pass just above the available gauges; likewise, Murphy may 

play a role and the opposite can happen). 

Figure 4-7 and Figure 4-8 show plots of rainfall product performance as a function of 

rain gauge predictability, for winter and summer storms, respectively. Note that these 

plots include combined results for all rain gauge densities under consideration. When 

the data points in the predictability plots follow a 45° line, it simply means that, as rain 

gauge predictability decreases or increases, so does the performance of the rainfall 

product under consideration.  

As can be expected, in the predictability plots of TP (the other gauge-only product) data 

points generally follow a 45° line, with TP generally displaying a poorer performance in 

relation to that of BK. Moving on to radar, it can be seen that its performance shows 

little correlation with that of BK. This can simply be explained by the fact that radar and 

rain gauges provide an independent and rather different (in nature) measurement of 

the rainfall field. In general, radar performance is significantly poorer than that of BK, 

particularly in terms of performance indicators measuring accuracy (i.e. MAE, B and β). 

However, in terms of correlation and particularly in the case of summer storms, radar 

often displays a better performance than that of BK (see points above 45° line in radar 



215 

 

correlation coefficient plot in Figure 4-8), even in cases in which BK predictability is 

very poor. This shows the potential for radar to complement and improve upon the 

information provided by rain gauges alone.  

The predictability plots of the merged products confirm the findings of the previous 

section: the performance of KED is highly dependent upon rain gauge estimates, MFB 

performance is remarkably similar to that of radar and the method provides only small 

improvements upon radar, and BAY displays an intermediate behaviour. While KED 

displays an overall better statistical performance, by incorporating more information 

from radar, BAY has a better ability to yield better results in situations in which rain 

gauge predictability is low. Note, for example, how in the case of summer storms when 

gauge predictability is low, BAY estimates often display a significantly better 

performance than that of BK (see values below 45° line in MAE plots and above 45° line 

in r plots). This is certainly an advantage of the BAY method, which makes it more 

resilient to the ability (or inability) of rain gauges to well sample the rainfall field.   

 
Figure 4-7: Performance of rainfall products as a function of interpolated (BK) rain gauge 

predictability – Winter storms (EL). 



216 

 

 

 
Figure 4-8: Performance of rainfall products as a function of interpolated (BK) rain gauge 

predictability – Summer storms (BB). 

4.6.1.3. Analysis of residuals 

Figure 4-9 and Figure 4-10 show the distribution of residuals (i.e. difference between 

‘observed’ and ‘modelled’ rain rates) of the different rainfall products as a function of 

the observed rainfall rates at the independent rain gauges. These plots provide insights 

into merging performance at different rainfall intensities, which could not be analysed 

from the general statistics plots discussed previously.  

A feature that can be clearly observed from the residuals plots is the general tendency of 

all rainfall products to overestimate low rainfall rates and underestimate high rainfall 

rates. This tendency is particularly evident for summer storms. In the case of the radar, 

this can be explained by the limitations associated to the use of a single Z-R relationship 

(see Chapter 2), while in the case of BK it can be explained by the limited ability of 
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geostatistical interpolation to reproduce local enrichments and depletions. In the case of 

TP, a more random performance as well as some very large residuals can be observed, 

which can be explained by the way in which spatial rainfall estimation is conducted in 

this method. Merged products, on the other hand, show a similar tendency to that of the 

two original data sources (i.e. radar and rain BK); that is, to generally underestimate 

high rainfall rates and overestimate low rates. However, they do lead to certain changes 

over the original rainfall products. In this regard, the following interesting features can 

be observed from the residuals plots, which provide further insights into the relative 

performance of the different merging methods:  

• The spatially-uniform correction applied in MFB provides little improvements 

upon original radar QPEs and often leads to ‘over-correction’ of rainfall rates. 

Notice, for example, how the high rainfall rates initially underestimated by radar 

in the case of winter storms (Figure 4-9) end up being significantly 

overestimated by MFB at low rain gauge densities. This further confirms the 

limitations of this merging method and the need for localised adjustment of 

radar estimates.  

• While KED’s residuals are generally the smallest, BAY has a better ability to 

correctly reproduce higher rainfall rates (see residuals associated to rainfall 

rates > 10 mm/h, both in winter and summer storms). The superior ability of 

BAY to reproduce higher rainfall rates is particularly evident in the case of low 

rain gauge densities. 
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Figure 4-9: Winter storms - Distribution of residuals of different rainfall products (columns) vs. 

rainfall rates at independent gauges. Each row contains plots for a given rain gauge density 
(from high densities at the top to low densities at the bottom). 
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Figure 4-10: Summer storms - Distribution of residuals of different rainfall products (columns) 
vs. rainfall rates at independent gauges. Each row contains plots for a given rain gauge density 

(from high densities at the top to low densities at the bottom). 
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4.6.1.4. Spatial structure of rainfall fields 

Figure 4-11, Figure 4-12, Figure 4-13 and Figure 4-14 show the peak intensity 

snapshots of different rainfall products at different gauge densities for four selected 

events corresponding to those with the highest return periods, respectively amongst 

winter (EL-04, EL-07) and summer events (BB-07 and BB-10). The visual inspection of 

these snapshots confirms the higher sensitivity of TP, BK and KED to gauge density, as 

compared to that of MFB and BAY rainfall fields.  

At high rain gauge densities, the spatial structure of KED is always very similar to, yet 

slightly less smooth than, that of BK. As gauge density decreases, KED gradually takes on 

more features from radar, although not all rainfall structures can be successfully 

preserved at the lower densities. In agreement with the findings of the statistical 

analysis, the ability of KED to correctly reproduce rainfall features is highly dependent 

upon rain gauge predictability. For example, in Figure 4-13 it can be seen that if none of 

the rain gauges capture the main storm cells, the resulting KED rainfall field becomes 

extremely smooth simply fails to represent relevant rainfall features. Conversely, when 

rain gauges can well sample storm features, KED’s performance can remain very good, 

even at low gauge densities (e.g. Figure 4-11 and Figure 4-14). 

In the case of BAY, a similar transformation as that observed in KED occurs as gauge 

density decreases. That is, as gauge density decreases, BAY gradually takes more 

information from radar. However, the transformation is smoother and the impact of 

gauge density on BAY rainfall fields is clearly milder than on KED. In fact, due to its 

integration nature (instead of interpolation nature), BAY can better preserve radar 

features, even at the lower densities and in cases in which rain gauges fail to sample 

relevant rainfall structures (e.g. Figure 4-13).  

An interesting ‘incident’ worth analysing and which further illustrates the main features 

of KED and BAY is the presence of a highly inconsistent and potentially erroneous rain 

gauge record in storm event EL-07 (Figure 4-12). From the high rain gauge density 

images (densities 3.5-16 km2 / RG) of TP and BK estimates of this storm event, a gauge 

can be observed towards the North-East boundary of the catchment which displays 

rainfall rates close to zero. This gauge is located below one of the main rainfall cells 

captured by the radar. As such, that there is a high inconsistency between radar and 
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rain gauge records at this location. Being an interpolation method, KED relies on the 

rain gauge records and the resulting KED estimates display a ‘hole’ in this area (that is, 

an area with very small rainfall rates which looks rather unnatural). Conversely, BAY 

does not fully trust either source and simply adopts a portion of information from each 

based on their associated uncertainty. In this particular case, the BAY image shows a 

weaker, yet still clearly defined rainfall cell, suggesting that gauge records at the 

problematic location were found to be somewhat uncertain (despite the high gauge 

density), leading to the BAY method to take information from both radar and rain 

gauges in this area. This incident further illustrates the adaptive nature of the BAY 

method. 

As regards MFB, because it simply corresponds to a scaled radar image, its spatial 

structure is exactly the same as that of radar rainfall fields and the actual values are 

simply scaled up or down, depending on the radar-rain gauge bias.  

The findings from the visual inspection are confirmed by the spatial statistics presented 

in Figure 4-15. As expected, MFB rainfall fields display a perfect spatial correlation with, 

and equal degree of spatial variability as that of radar rainfall fields. KED displays a 

spatial structure closer to that of BK, including a lower degree of spatial variability as 

compared to that of radar fields. In contrast, BAY’s structure is closer to that of radar, 

both in terms of spatial correlation and spatial variability. Furthermore, the BAY and 

KED statistics (particularly the spatial correlation) reflect the change in spatial 

structure that occurs as gauge density decreases; that is, their spatial structure becomes 

more similar to that of radar at lower gauge densities. It is interesting to note how, in 

the case of summer storms, BAY’s spatial structure quickly becomes very similar to that 

of radar as gauge density decreases. This is however not the case for winter storms, 

where the variation in BAY’s spatial structures remains nearly unchanged with gauge 

density. This confirms BAY’s ability to take more or less of a given data source based 

upon the uncertainty associated to them. In the case of summer storms, the uncertainty 

in BK is likely high, which results in the BAY method quickly taking more information 

from radar. 
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Figure 4-11: Peak intensity images of the different rainfall products (columns) generated based 
upon different rain gauge densities (rows) – Winter storm EL-04 at 09:40 UTC on 30/12/2013.  
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Figure 4-12: Peak intensity images of the different rainfall products (columns) generated based 
upon different rain gauge densities (rows) – Winter storm EL-07 at 10:55 UTC on 25/01/2014.  
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Figure 4-13: Peak intensity images of the different rainfall products (columns) generated based 

upon different rain gauge densities (rows) – Summer storm BB-07 at 16:40 UTC on 
06/06/2012. 
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Figure 4-14: Peak intensity images of the different rainfall products (columns) generated based 

upon different rain gauge densities (rows) – Summer storm BB-10 at 16:35 UTC on 
15/06/2012. 
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Figure 4-15: Spatial statistics spatial r and relative coefficient of variation (CV) for each rainfall 

product under consideration vs. rain gauge density. Spatial statistics were estimated at each 
time step using as reference the original radar image. 
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4.6.2. Hydraulic modelling results 

Figure 4-16 and Figure 4-17 show the hydraulic performance statistics for the different 

rainfall inputs for storm events EL-04 and EL-07 in Edinburgh-Lothian (winter storms) 

and for events BB-07 and BB-10 in Birmingham-Black Country (summer storms), 

respectively. These statistics were estimated based on flow records from the flow 

monitors selected for analysis (see Section 4.2.3.2 for details of the flow monitor 

selection criteria and Figure 4-2 (b) and Figure 4-3 (b) for location of the selected 

monitors). In addition, hydrographs are shown in Figure 4-18 and Figure 4-19 of the 

observed and the simulated flow at three selected locations respectively for events 

EL-04 and BB-07, which are the highest return period storm events amongst the winter 

and summer events under investigation (see Table 4-3 and Table 4-4). The location of 

the flow monitors for which hydrographs are presented is also indicated in Figure 4-2 

(b) and Figure 4-3 (b). These flow monitors were selected based on their location (i.e. 

ensuring that they cover different areas of the pilot catchments) and on their response 

to rainfall (i.e. ensuring that they are in fact downstream of areas which received 

sufficient rainfall so as to generate runoff). Note that, due to the high computational 

requirements of the hydraulic simulations, these were only conducted for 4 storm 

events which, as can be seen from the storm characteristics in Table 4-3 and snapshots 

presented in Figure 4-11 - Figure 4-14, cover different conditions and illustrate 

different features of the merging methods.  

As can be seen, for winter storms, rain gauge-only (TP and BK) and KED rainfall 

products generally lead to better performance statistics than RD, MFB and BAY. This is 

particularly evident when gauge density is high (D1-D3). However, a significant 

performance drop in TP, BK and KED can be observed when gauge density decreases 

from D3 to D4. This drop in performance can also be observed in the flow hydrograph 

(see Figure 4-18); see how flow hydrographs resulting from TP, BK and KED rainfall 

inputs change when the rain gauge density decreases to 36 km2/RG. In agreement with 

the results from the rainfall analysis, amongst merged products, KED and BAY appear to 

significantly outperform MFB, with KED associated flows displaying the overall best 

performance. 
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The flow simulation results of summer storms are however very different from those of 

the winter storms.  Similarly to the result of rainfall analysis, the added value of radar 

data is very evident in summer time. In terms of MAE and correlation coefficient, it can 

be seen that RD, MFB and BAY largely outperform TP, BK and KED throughout all gauge 

densities under investigation. Furthermore, the performance of TP, BK and KED has 

been shown to be highly sensitive to gauge density. This can also be seen in their flow 

hydrographs in Figure 4-19, where the variation in the flow hydrographs resulting from 

TP, BK and KED rainfall inputs is noticeable when gauge density decreases to 25 

km2/RG. This suggests that, even with the highest gauge densities used in this work, it 

may not be sufficient for rain gauges to satisfactorily capture the variability of summer 

storms.  Although RD and MFB appear to perform well for summer storms, their 

performance in RE in flow peaks and β is poor. This means that, as indicated in rainfall 

analysis, RD tends to underestimate the peaks and MFB cannot effectively improve this 

shortcoming of RD rainfall estimates. BAY rainfall product, nonetheless, shows the 

ability to better overcome this shortcoming. This can be seen in Figure 4-17, where the 

simulated flow resulting from BAY appears to outperform MFB, in terms of RE in flow 

peaks and β. 
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Figure 4-16: Edinburgh-Lothian hydraulic performance statistics: MAE, Relative Error (RE) in 
peak flow, r and β for simulated flows resulting from different rainfall inputs generated with 
different rain gauge densities. Results correspond to winter storm events EL-04 and EL-07. 
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Figure 4-17: Birmingham-Black Country hydraulic performance statistics for events BB-07 and 

BB-10. Statistics MAE, Relative Error (RE) in peak flow, r and β for simulated flows resulting 
from different rainfall inputs generated with different rain gauge densities. 
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Flow hydrographs at selected flow monitoring locations – Winter storm EL-04 

 

 

 
Figure 4-18: Edinburgh-Lothian flow hydrographs for events EL-04 at three selected flow monitoring locations (M37, 168 and 278). 
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Flow hydrographs at selected flow monitoring locations – Summer storm BB-07 

 

 
Figure 4-19: Birmingham-Black Country flow hydrographs for events BB-07 at three selected flow monitoring locations (M13, 34 and 49).  
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4.7. Summary and conclusions 

With the aim of providing guidance on the suitability and application of merging 

techniques at urban scales, in this chapter a thorough review and evaluation was 

conducted of radar-rain gauge merging techniques at urban scales (and associated 

spatial-temporal resolutions), under varying climatological and rain gauge density 

scenarios. Based upon an in depth-review of existing merging methods, three merging 

techniques, namely Mean Field Bias (MFB) adjustment, kriging with external (KED) and 

Bayesian (BAY) combination, were selected for testing on grounds of performance and 

common use. In the present chapter the selected techniques were tested as they were 

originally formulated and as they are reportedly commonly applied, using typically 

available radar and rain gauge data. However, based on the review presented in this 

chapter, special treatments were identified which have the potential to improve the 

applicability of merging methods at the spatial-temporal resolutions characteristic of 

urban areas. The effectiveness of these treatments will be examined in the following 

chapter.   

The case study adopted for the evaluation of the merging methods corresponds to two 

urban catchments in the UK -Edinburgh-Lothian (254 km2) and Birmingham-Black 

Country (431 km2)-, for which exceptional rainfall and runoff datasets, along with urban 

drainage models were available. The performance of merging outputs was evaluated 

based upon an independent network on rain gauges, as well as through hydrological 

assessment (i.e. through comparison of urban drainage simulations and runoff records). 

The main findings of this investigation are the following: 

• All merging methods improve the applicability of radar QPEs for urban hydrological 

applications, leading to better rainfall estimates as compared to the original radar 

QPEs alone, which translates into better reproduction of urban runoff flows. 

Furthermore, in almost all cases, merged estimates outperform rain gauge-only 

products, thus demonstrating the added value of radar information. However, the 

degree of improvement provided by merging and the added value of radar 

information vary for each merging method and are also a function of climatological 

conditions and rain gauge density scenarios. 
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• The added value of radar information is particularly evident in the case of summer 

storms and low rain gauge density scenarios. Under these conditions, merged 

products clearly outperform rain gauge-only estimates.   

• Overall, KED displayed the best performance, with BAY being a close second and 

MFB providing the smallest improvements upon radar QPEs. The performance of 

KED is however more sensitive to rain gauge density and to the ability of rain gauges 

to sample critical features of the rainfall field (which is a function of storm 

characteristic range and gauge density, but also has a large random -or ‘luck’- 

component). By incorporating more information from radar than KED, BAY is less 

sensitive to rain gauge density and to poor rain gauge predictability and proved able 

to provide a good representation of convective cells even in cases in which gauges 

completely missed such structures.  

• Based on the findings of this study, it is recommended that KED be used when gauge 

densities are relatively high (of the order of 30 km2 per gauge or higher) and/or 

when the quality of radar QPEs is known to be very poor, in which case it is 

desirable to rely more upon rain gauge records. For low rain gauge density 

situations and QPEs of reasonable quality (as is the case of the radar QPEs provided 

by the UKMO), BAY may be a more appropriate choice. MFB should be the last 

choice; however, it is better than no correction at all. 
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5. Radar-rain gauge merging 
methods for urban drainage 
modelling – Part II: Improving 
upon common practice 

In this chapter two specific treatments will be tested which were identified in Chapter 4 

as having the potential to improve the performance of radar-rain gauge merging for 

urban hydrological applications and the feasibility and impact of which require further 

testing (further details can be found in Chapter 4 – Section 4.1.3). The treatments that 

will be tested are, respectively, reduction of temporal sampling errors in radar QPEs 

through temporal interpolation and singularity-based decomposition of radar QPEs 

prior to merging. These treatments ultimately aim at improving the correlation between 

radar and rain gauge records, which, as discussed in Chapter 4, is the chief factor 

affecting merging performance and is particularly challenging at the fine 

spatial-temporal resolutions typical of urban applications. While preliminary testing of 

these treatments has been reported in the literature, the extent of the evaluation has 

been limited to a single merging method at the time. Anagnostou & Krajewski (1999) 

and Thorndahl et al. (2014) have applied advection-based correction of radar QPEs 

prior to conducting mean field bias (MFB) adjustment, while Wang et al. (2015e) 

performed temporal interpolation of radar images to higher temporal resolutions prior 

to applying Bayesian (BAY) merging. As regards singularity decomposition, it has only 

been applied in combination with BAY merging (Wang et al., 2015c; Kumar et al., 2016). 

What is more, the combined effect of the two treatments remains to be investigated. In 

order to better understand the potential benefits of these treatments and provide 

guidance on their use, in this chapter their separate and joint effect will be tested in 

combination with the three merging methods selected for evaluation in Chapter 4 (i.e. 
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MFB, kriging with external drift (KED) and BAY). The testing will be conducted using the 

same dataset and following the same experimental design and direct rainfall 

performance evaluation methodology employed in Chapter 4. The resulting merged 

rainfall estimates will be compared against those obtained when applying the merging 

techniques following common practice (i.e. results of Chapter 4). 

In what follows a description is first given of the two treatments under consideration 

and the way in which they will be applied to radar QPEs prior to conducting merging. 

Afterwards, the results of the testing are presented and discussed. The chapter finishes 

off with conclusions on the added value of the special treatments under investigation 

and recommendations for the application of merging methods at urban scales.  

5.1. Methods 

5.1.1. Radar temporal sampling error correction through advection-based 

temporal interpolation 

As indicated in Chapter 2, radars provide instantaneous measurements of rainfall fields 

at a given frequency or time interval. However, in hydrological applications it is 

common practice to treat radar QPEs as if they were ‘cumulative’ rainfall estimates. 

Such an assumption leads to temporal sampling errors, the impact of which has been 

shown to be non-negligible (Thorndahl et al., 2014; Ochoa-Rodriguez et al., 2015c; Seo 

& Krajewski, 2015; Wang et al., 2015c).  

To cope with, and eventually reduce temporal sampling errors in radar measurements, 

recent studies have proposed making use of storm tracking techniques (known as 

advection interpolation; see Nielsen et al. (2014)). The basic idea is to firstly derive a 

field of motion vectors from observed radar images at two successive time steps (∆𝑡) 

using storm tracking techniques. Based upon the derived motion vectors and assuming 

that these remain constant in the time interval between the two successive time steps, 

intermediate radar images at a finer temporal resolution (∆𝜏) can be interpolated. 

Afterwards, the interpolated higher-frequency radar images can be aggregated to a 

(coarser) time interval of interest, thus generating ‘accumulated’ rainfall measurements, 

similar to those provided by tipping bucket rain gauges.  
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A number of storm tracking techniques have been applied to conduct advection-based 

temporal interpolation of radar images. These include TREC (tracking radar echoes by 

correlation), COTREC (continuity of TREC vectors) and optical flow estimation 

techniques (Thorndahl et al., 2014; Seo & Krajewski, 2015; Wang et al., 2015e). In this 

work, the interpolation method proposed by Wang et al. (2015e) will be employed. 

Wang’s method was developed based upon the optical flow estimation technique and 

has been shown to well capture small-scale rainfall structures and to generate accurate 

high-resolution intermediate radar images which are suitable for urban hydrological 

applications (Wang et al., 2015a; Wang et al., 2015b; Wang et al., 2015e).  

Optical flow estimation is a technique used to characterise image motion which has 

been widely applied in the field of computer vision (Ehrhardt et al., 2007; Herbst et al., 

2009; Sadek et al., 2012) and of meteorological data processing (Bowler et al., 2004, 

2006). The main governing equation of this technique is the so-called optical flow 

constraint (OFC, also known as the grey value constancy assumption) (Horn & Schunck, 

1981; Bab-hadiashar & Suter, 1998): 

𝑍(𝑥, 𝑦, 𝑡) = 𝑍(𝑥 + 𝑢, 𝑦 + 𝑣, 𝑡 + ∆𝑡), (5-1) 

where 𝑍(𝑥, 𝑦, 𝑡) is the grey value (in this case, radar rainfall rate) of a pixel located at 

𝐱 = (𝑥, 𝑦) of a given image 𝐙𝑡 at time step 𝑡, and 𝐰 = (𝑢, 𝑣) is the movement vector to 

be estimated between images 𝐙𝑡 and 𝒁𝑡+∆𝑡. As can be seen, this constraint indicates that 

image pixels only translate within ∆𝑡, but their grey values remain invariant. However, 

this is not always the case, particularly for natural scenes. For instance, in the case of 

high-resolution radar rainfall images, the decay or growth of rainfall cells’ intensities 

can be observed in a short time duration (Radhakrishna et al., 2012; Foresti & Seed, 

2014).  

Based upon the technique developed by Brox et al. (2004), Wang et al. (2015e) 

incorporated two additional constraints into the overall optical flow estimation in order 

to relax the original OFC (i.e. the gradient constraint) and to retain the smooth nature of 

velocity fields (i.e. smooth constraint), respectively. The gradient constraint is 

expressed as 
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∇𝑍(𝑥, 𝑦, 𝑡) = ∇𝑍(𝑥 + 𝑢, 𝑦 + 𝑣, 𝑡 + ∆𝑡), (5-2) 

and the smooth constraint is achieved by minimising the Laplacian of the storm 

movement fields, 𝐰 = (𝑢, 𝑣); that is,  

∆𝐰 = ∇2𝐰 = ∇2𝑢 + ∇2𝑣. (5-3) 

where ∇= (𝜕𝑥, 𝜕𝑦) denotes the spatial gradient.  

These three constraints (i.e. the original OFC and the two new constraints) were further 

incorporated into a single ‘penalty’ function:  

𝐸OF(𝑢, 𝑣) = ∫ 𝛹(|𝑍(𝐱 + 𝐰) − 𝑍(𝐱)|2)
𝛺

+ 𝛾 ∙ 𝛹(|∇𝑍(𝐱 + 𝐰) − ∇𝑍(𝐱)|2) +  𝛼

∙ 𝛹(∇2𝑢 + ∇2𝑣)d𝐱 

(5-4) 

where 𝛹(𝑠2) = √𝑠2 + 𝜖2 (𝜖 = 0.001) is the Charbonnier penalty function used to retain 

the convexity of the overall function, 𝛼 and 𝛾 are weight values respectively used to 

adjust the degree of gradient constraint and the smoothness of the movement fields. As 

suggested in Wang et al. (2015e) and Sun et al. (2010), 𝛼 and 𝛾 values of 0.5 and 50.0 

were respectively adopted in this work. Through (numerical) minimisation of Equation 

(5-4), a field of storm movements between two given successive radar images can be 

obtained. For a detailed description of the numerical discretisation and estimation 

‘tricks’, readers are referred to Brox et al. (2004) and Papenberg et al. (2006). 

The derived field of storm movements is then assumed to be consistent within the time 

interval between successive (observed) radar images 𝒁𝑡 and 𝒁𝑡+∆𝑡. The associated 

intermediate images can be therefore computed through a linear interpolation process 

(Sadek et al., 2012; Wang et al., 2015e):  

𝑍(𝐱𝑡+𝑖∆𝜏) = (1 − 𝛿) ∙ 𝑍(𝐱𝑡
𝑓
) + 𝛿 ∙ 𝑍(𝐱𝑡+∆𝑡

𝑓
) (5-5) 

where 𝑍(𝐱𝑡+𝑖∆𝜏) is the rainfall intensity of a given pixel at location 𝐱𝑡+𝑖∆𝜏 = (𝑥, 𝑦) of the 

ith intermediate image 𝐙𝑡+𝑖𝛥𝜏  (where 𝑖 = 1, 2, … , 𝑛 − 1  and 𝛥𝜏  = ∆𝑡/𝑛 ), 𝑍(𝐱𝑡
𝑓
)  and 

𝑍(𝐱𝑡+∆𝑡
𝑓

) are the associated pixel values in images 𝐙𝑡 and 𝐙𝑡+𝛥𝑡, and  𝛿 is the weight 

value termed 𝛿 = 𝑖 𝑛⁄ . 
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Based upon the above temporal interpolation technique and considering the 

suggestions given in Seo & Krajewski (2015), the 5-min UKMO (instantaneous) radar 

rainfall images (RD) were firstly used to interpolate intermediate images at a 6 s time 

intervals  (i.e. 𝛥𝑡 = 5 min and 𝛥𝜏 = 6 s). These intermediate images, together with the 

original (observed) radar image, were then aggregated back to 5 min time intervals by 

averaging over time. In this way ‘accumulated’ radar rainfall QPEs (aRD hereafter) were 

generated.  

A schematic of this temporal interpolation and temporal sampling error correction 

treatment is shown in Figure 5-1; the images included in this schematic correspond to 

summer storm event BB-07 over the Birmingham-Black Country pilot catchment (see 

Table 4-4). As can be seen in this schematic, intermediate radar rainfall images at 1-min 

temporal resolution are generated through advection-based temporal interpolation 

based upon two successively recorded radar images which were originally 5-min apart. 

Noteworthy is the visually realistic spatial structure of the interpolated images which 

provide details of the evolution of small scale rainfall features over time. The 

interpolated images were then aggregated back into a 5-min time interval, through 

averaging of rainfall rate values in time, thus yielding the ‘accumulated’ version of the 

radar rainfall image. Besides exemplifying the temporal sampling correction method, 

this schematic also provides a glimpse into its impact on radar rainfall estimates. It can 

be seen that, due to the temporal averaging process, the accumulated image possesses a 

slightly smoother spatial structure as compared to that of the original ‘instantaneous’ 

radar snapshots. Furthermore, slight changes in rainfall intensities can be observed 

between the original snapshot and the resulting accumulated radar image at time 𝑡 +

∆𝑡. While this treatment leads to changes in rainfall rates at short time intervals, given 

the nature of the (linear) temporal interpolation, its impact on event (or long term) 

accumulations is expected to be negligible. The impact of this treatment on radar 

estimates alone and on subsequent merged products will be further analysed and 

discussed when looking at the results (Section 5.2.1).   
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Figure 5-1: Schematic of temporal sampling error correction in radar data based upon advection-based temporal interpolation. 
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5.1.2. Radar data decomposition prior to merging using local singularity analysis  

As indicated in Chapter 4 (Section 4.1.3), the use of singularity-based radar data 

decomposition prior to radar-rain gauge merging was introduced by Wang et al. 

(2015c), who initially tested it in combination with the BAY merging method. This 

technique aims at improving interpolation and integration methods involving 

geostatistical modelling by (1) improving the compliance of radar rainfall fields with 

model assumptions (i.e. that the rainfall field can be well approximated as a Gaussian 

random variable), and (2) ensuring preservation of fine-scale singularity structures 

(local non-Gaussian features of the rainfall field) which have been found to be 

smoothed-out by geostatistical merging methods. The distribution of singularity 

structures is highly consistent with that of local extremes (Wang et al., 2012a), hence 

the importance of preserving them, particularly for applications requiring high spatial 

resolution rainfall estimates.  

The proposed technique consists in decomposing the radar field into two fields, 

respectively a non-singular radar (NSRD) field and a singularity index field, prior to 

merging. This is done based upon a local singularity analysis (LSA). The resulting NSRD 

radar field is smoother, more normal (hence more compliant with geostatistical 

assumptions) and also more likely to display better correlation with rain-gauge based 

rainfall fields. The NSRD rainfall field (rather than the original radar field) is merged 

with rain gauge records, yielding a non-singular merged rainfall field. Afterwards, the 

singularity indices (in the form of local scaling multipliers) are reintroduced back and 

proportionally to the merged rainfall field, yielding a ‘singularity-sensitive’ (SIN) 

merged rainfall field. A schematic of this treatment applied in combination with the 

Bayesian data merging method is presented in Figure 5-2, using as example images 

from summer storm event BB-07 over the Birmingham-Black Country pilot catchment 

(see Table 4-4).    

A brief description of the LSA, upon which the radar data decomposition is based, is 

provided next. 
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Figure 5-2: Schematic of the singularity decomposition treatment applied in combination with 

Bayesian data merging. 
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LSA is a geo-chemical concentrations analysis method originally proposed by Cheng et 

al. (1994) and which was later employed in the analysis of rainfall fields by Wang et al. 

(2012a). LSA employs the definition of the coarse Hölder exponent to characterise 

‘singularities’ from geo-data (Evertsz & Mandelbrot, 1992). Singularity is defined as the 

property of anomalous amounts of energy release or mass accumulation which is often 

associated with structures depicting fractality or multifractality (Lovejoy & Mandelbrot, 

1985; Schertzer & Lovejoy, 1987; Cheng, 1999; Agterberg, 2007). In the case of rainfall 

fields, as mentioned above, the distribution of singularities is highly consistent with that 

of local extreme magnitudes (Wang et al., 2012a). The LSA model is expressed as 

follows (Cheng et al., 1994; Wang et al., 2015c): 

𝑍𝜖(𝐱) = 𝑐(𝐱) ∙ 𝜖
𝛼(𝐱)−𝐸  (5-6) 

where 𝑍𝜖(𝐱) represents the (mean) density measure (in this case, rainfall intensity) 

over a square area of spatial scale 𝜖 centred at a specific location 𝐱, 𝑐(𝐱) is a (locally) 

scale-invariant constant density value at the same location 𝐱, 𝛼(𝐱) is the singularity 

exponent (or the coarse Hölder exponent), and 𝐸 is the Euclidean dimension, which in 

this case is 2 (as we are working on a 2-dimensional field).  

A brief description, adapted from the supplement of Wang et al. (2015c), is given here of 

the estimation of the constant value 𝑐(𝐱) and singularity index 𝛼(𝐱) from gridded 

rainfall data. For a given pixel with centre 𝐱 (centre of top plot in Figure 5-3), the ‘mean’ 

rainfall intensities at different spatial scales (centred at 𝐱), from the known scale 

upwards, are calculated (i.e. rainfall intensities 𝑍𝜖1 , 𝑍𝜖2 , … , 𝑍𝜖𝑛  respectively at scales 

𝜖1, 𝜖2, … , 𝜖𝑛). In this work a range of 5 spatial scales was employed in the LSA (i.e. 𝑛 =

5); thus, the side length of the scales under consideration (𝑙𝑖 in Figure 5-3) take values 

of 1, 3, 5, 7 and 9 times the original pixel-length (i.e. 1 km), with 𝐿𝑂, the outer scale, 

therefore being 9 km. Afterwards, the logarithms of the mean intensity values are 

plotted against the logarithms of the associated spatial scales as ratios of the outer scale 

(bottom plot in Figure 5-3). The constant value 𝑐(𝐱) and singularity index 𝛼(𝐱) of the 

dataset can be derived by applying a simple linear regression analysis, where the ‘slope’ 

and the ‘y-intercept’ of the regression line correspond, respectively, to the terms 

(𝛼(𝐱) − 𝐸) and ln 𝑐(𝐱). 
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Going back to the LSA model, it can be seen that Equation (5-6) can be used to 

decompose the areal rainfall intensity at a given pixel location 𝐱 into two components: 

(1) the background (or non-singular) magnitude 𝑐(𝐱), which is invariant as measuring 

scale 𝜖 changes and is more approximately normal than the original field, and (2) the 

local singularity index (or scaling multiplier) field 𝑟𝜖(𝐱) = 𝜖
𝛼(𝐱)−𝐸 , the magnitude of 

which changes according to the local singularity index 𝛼(𝐱) as the measuring scale 𝜖 

changes. When 𝛼(𝐱) < 2, the rainfall magnitude strikingly increases as the measuring 

scale 𝜖 decreases (namely local enrichment); this corresponds to a ‘peak’ singularity. In 

contrast, when 𝛼(𝐱) > 2, the rainfall magnitude decreases as ϵ decreases (i.e. local 

depletion). When 𝛼(𝐱) = 2, there is no singularity; that is, the rainfall intensity 𝑍𝜖(𝐱) 

within a 𝜖×𝜖 area remains the same as the scale changes (i.e. 𝑍𝜖(𝐱) = 𝑐(𝐱) ). 

 

 

Figure 5-3: Schematic of the local singularity analysis (adapted from Wang et al. (2015c)).  
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5.1.3. Application and evaluation of special treatments 

In this chapter the separate and joint effect of the two radar data treatments will be 

tested (whenever possible) in combination with the three merging methods under 

consideration (i.e. MFB, KED and BAY). As previously mentioned, the singularity 

decomposition treatment is only aimed at improving the performance of methods 

involving geostatistical modelling; as such, it will only be applied in combination with 

KED and BAY, and will not be applied to MFB merging. Note that the combined 

application of the two treatments entails generation of ‘accumulated’ radar QPEs (aRD) 

first, based upon temporal interpolation, and subsequent application of the singularity 

decomposition treatment.  

Table 5-1 provides a summary of the combination of data treatments and merging 

methods under investigation. As can be seen, the intermediate results of the singularity 

decomposition treatment -that is, the non-singular (NS) merged fields- will also be 

analysed. The reason for this is that the singularity removal alone is likely to lead to 

improvements in merging, as it can significantly improve the compliance of the radar 

field with geostatistical assumptions.  

In the same as was done in Chapter 4, the merging methods with the different 

treatments will be applied dynamically at 5 min time steps and at a spatial resolution of 

1 x 1 km2. Furthermore, merging performance will be assessed under the same 

climatological and rain gauge density conditions considered in Chapter 4. Performance 

will be evaluated following the direct rainfall evaluation strategy devised in Chapter 4 

and the impact of the special data treatments will be assessed through comparison 

against the results of the original merging methods (i.e. applied following common 

practice, as was done in Chapter 4). Due to the high computational requirements 

associated to running the urban drainage models of the pilot catchments, hydrological 

evaluation will not be undertaken.  
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Table 5-1: Combinations of special treatments, rainfall products and merging methods under 
consideration.  

 
Rainfall products* 

TP BK RD MFB KED BAY 

S
p

e
ci

a
l 

T
re

a
tm

e
n

ts
 

Advection-based 
correction of 
radar QPEs 

- - aRD aMFB aKED aBAY 

Singularity 
decomposition of 

radar QPEs 
- - - - 

nsKED 

sKED 

nsBAY 

sBAY 

Combined - - - - 
ansKED 

asKED 

ansBAY 

asBAY 

*The notation used in this table will be employed throughout this chapter. 

5.2. Results and discussion 

As mentioned above, the performance of merging methods in combination with the 

special treatments was assessed following the same direct rainfall evaluation strategy 

devised in Chapter 4. However, including all performance plots for each of the 

treatments under investigation (including the joint application of the two treatments) 

would take up too much room and would hinder readability. In order to keep this 

section concise, only those figures with noticeable changes caused by the special 

treatments and which serve to highlight their impact are shown. A compilation of all 

figures generated as part of the direct rainfall evaluation strategy can be found in 

Appendix A.  

5.2.1. Impact of advection-based correction of radar QPEs 

Figure 5-4 shows performance statistics vs. rain gauge density for the different rainfall 

products under consideration (i.e. rain gauge-only (TP and BK), original radar (RD) and 

merged estimates (MFB, KED and BAY), and ‘accumulated’ radar (aRD) and merged 

rainfall (aMFB, aKED and aBAY) estimates). Note that, to facilitate readability, only the 

median value lines of these performance measures are plotted here. However, it is 

important to keep in mind that the uncertainty of the performance measures resulting 

from some rainfall products (e.g. RD and MFB) can be large (see Figure A- 1 for the 
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‘complete’ version of Figure 5-4).  Figure 5-5 and Figure 5-6 show predictability plots 

for the products under consideration. 

From Figure 5-4 it can be seen that the temporal interpolation treatment effectively 

improves the performance statistics of radar rainfall estimates for both winter and 

summer storms, with improvements being particularly evident in the correlation 

coefficient and MAE statistics. This confirms that the temporal interpolation treatment 

can indeed improve the consistency between radar and co-located rain gauge rainfall 

estimates, especially in terms of ‘pattern’ and rain rates at short time intervals. As 

expected, this treatment has a negligible effect on the event sample bias; that is, on the 

rainfall accumulations or mass balance over the event duration.  

The improvement in the consistency between radar and rain gauge rainfall estimates 

further propagates to the merged rainfall products, leading to improvements which are 

particularly evident in the MFB and BAY rainfall products. This can be explained by the 

fact that, due to their underlying theories, MFB and BAY methods tend to make use of 

more features from radar data; as a result, their ‘accumulated’ rainfall products (aMFB 

and aBAY) can benefit more from the improvement in radar data quality. Conversely, 

the impact on KED estimates is smaller. In fact, the performance statistics of KED and 

aKED for winter storms are almost the same and only small improvements are observed 

in β. The impact is slightly more noticeable for summer storms.    

For winter storms, although rain gauge-only and KED-based products still outperform 

other rainfall estimates in almost all performance statistics, their difference with other 

rainfall products is largely reduced by the temporal interpolation treatment. 

Noteworthy are the improvements in both aMFB and aBAY in terms of correlation 

coefficient, whose performance becomes very close to that of BK, KED and aKED rainfall 

estimates, particularly at the lower rain gauge densities. For summer storms, the 

temporal interpolation treatment improves radar estimates to the point that the aRD 

estimates outperform rain gauge only products even at the highest rain gauge densities. 

For example, in terms of MAEs, the density at which TP and RD lines intersect increases 

from ~25 km2/RG to ~10 km2/RG when the temporal interpolation treatment is 

applied. This means that in order for TP to provide equivalent performance to radar, the 

number of rain gauges has to increase from 17 to 43 after temporal interpolation 
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treatment is applied. Similarly, for BK, the number of rain gauges has to increase from 9 

(~50 km2/RG) to 13 (~33 km2/RG) in order for it to outperform aRD. In addition, this 

improvement in radar data has led to significantly enhanced performance of the original 

MFB and BAY products (see aMFB and aBAY lines in Figure 5-4). In fact, it can be 

observed that aMFB and aBAY outperform KED and aKED rainfall estimates in terms of 

correlation coefficients when the gauge density is lower than ~30-35 and ~40-50 

km2/RG, respectively. 

The predictability plots in Figure 5-5 and Figure 5-6 further illustrate the impact of 

temporal interpolation treatment. Similarly to the tendency shown in the density 

analysis, the impact of temporal interpolation treatment tends to be more significant for 

summer storms than for winter storms and for BAY- and MFB-based estimates than for 

KED-based rainfall estimates. It can be observed from the difference between aKED’s 

and KED’s predictability plot that temporal interpolation treatment somewhat improves 

a KED’s ability in cases in which rain gauge predictability is low. However, as compared 

to BAY- and MFB-based products, this improvement is rather small. The changes 

between BAY and aBAY and between MFB and aMFB are much more noticeable. It can 

be seen that, in terms of correlation coefficients, BAY’s and MFB’s ability to make use of 

radar data to improve their performance when BK’s predictability is low is significantly 

improved when temporal interpolation treatment is applied.  

As regards spatial structure, as would be expected, the temporal interpolation 

treatment leads to slightly smoother spatial structures for both radar and merged 

products (Figure 5-15 - Figure 5-18). The impact is generally more noticeable in MFB- 

and BAY-based products and for summer storms. In addition, according to the relative 

coefficient of variation (CV) statistics in Figure 5-19 and Figure 5-20, the spatial 

variability of the aRD fields is generally smaller than that of the original radar rainfall 

fields by 10-30%. This decrease in spatial variability is found to propagate to the 

merged rainfall estimates, particularly to the BAY- and MFB-based products for the case 

of summer storms. For example, the relative CV of the aBAY estimates for summer 

storms can be up to 25% smaller than that of the BAY estimates as the rain gauge 

density is low. However, the difference of aKED and KED in relative CV statistics can be 

barely noticed.  
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Figure 5-4: Performance statistics MAE, B, r and β for each rainfall product under consideration 

vs. rain gauge density. Performance statistics were estimated on an event basis using as 
reference the independent network of rain gauges. Each line corresponds to the median value of 

the given statistic at a given rain gauge density.  
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Figure 5-5: Performance of rainfall products as a function of interpolated (BK) rain gauge predictability – Winter storms (EL). 
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Figure 5-6: Performance of rainfall products as a function of interpolated (BK) rain gauge predictability – Summer storms (BB).  
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5.2.2. Impact of singularity radar data decomposition 

Figure 5-7 shows performance statistics vs. rain gauge density, respectively resulting 

from BK, RD, original merged (KED and BAY), ‘non-singular’ merged (nsKED and 

nsBAY) and ‘singularity-sensitive’ merged rainfall (sKED and sBAY) estimates. Same as 

in Figure 5-4, to facilitate readability, only the median values of the performance 

statistics are shown. The reader should bear in mind that the uncertainty of the 

performance measures resulting from some rainfall products (e.g. RD) could be large 

(see Figure A- 7 for the ‘complete’ version of Figure 5-7).  

It can be seen that, in terms of median statistics (Figure 5-7), the singularity radar data 

decomposition (SIN) treatment has a minor impact on KED performance. However, it 

has a rather tangible impact on the spatial structure of KED rainfall fields. As can be 

seen from  Figure 5-8, as compared to the original KED product, nsKED and sKED 

display higher spatial similarity to radar rainfall fields, both for winter and summer 

storms. From the snapshots of peak intensity rainfall fields, for winter storms (see 

‘nsKED’ and ‘sKED’ columns in Figure 5-15), it can be seen that nsKED and KED 

snapshots display a similarly smooth spatial structure under different rain gauge 

density conditions and fail to reproduce small rainfall features which are present in the 

original RD field. However, after singularities are reintroduced into the rainfall field 

(sKED), some of those small features observed in the original RD field can now be seen 

in the sKED. For summer storms (see ‘nsKED’ and sKED columns in Figure 5-17), it can 

be seen that the storm ‘outline’ (i.e. the storm background envelope) in nsKED displays 

more features from radar images than the original KED, and this is increasingly evident 

as gauge density decreases. However, the application of singularity back to nsKED fields 

does not always lead to realistic spatial structures. In fact, some highly isolated and 

discrete features can be observed in the sKED snapshots at high gauge densities. A 

potential reason for this is the following: when gauge density is high, the spatial 

structure of nsKED fields tends to be very similar to that of gauge-interpolated (BK) 

fields, given that the dense presence of gauges determines both interpolated fields; this 

structure however can be quite different from that of radar rainfall fields. When the 

singularities are applied back to a nsKED field which possesses a very different spatial 

structure from radar rainfall fields, artefacts may  appear.  
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Unlike KED, the impact of SIN treatment on the performance statistics of BAY rainfall 

estimates is more noticeable. However, the impact is not always positive. In Figure 5-7 it 

can be seen that the nsBAY estimates tend to perform better in terms of correlation 

coefficient and MAE, as compared to the original BAY estimates. This improvement is 

similar to that caused by the temporal interpolation treatment. The reason for this is 

that both treatments lead to smoother radar rainfall fields (see spatial statistics in 

Figure 5-8) and these lead to better performance in correlation coefficient and MAE. 

The application of singularities back to the nsBAY fields can largely increase the spatial 

variability of the merged fields and therefore decreases certain performance statistics 

(i.e. correlation coefficient and MAE). However, the increased variability provides sBAY 

estimate the potential to better capture high rainfall intensities. This can be seen from 

the enhanced performance in β (see Figure 5-7) and in residuals plots (see ‘sBAY’ 

columns in Figure 5-12 and Figure 5-14, where the residuals are reduced for high 

rainfall intensities). The increased variability also increases the similarity in spatial 

structure between sBAY and the original radar images (see Figure 5-8) and helps retain 

more spatial structure details from radar images (see snapshots in Figure 5-16 and 

Figure 5-18). In addition, it can be seen that, due to the ‘integration’ nature of the BAY 

method and the fact that it takes more information from radar as compared to KED, the 

application of SIN treatment to BAY rainfall estimate does not create artefacts such as 

those observed in some of the sKED rainfall fields. 

5.2.3. Combined impact of advection-based correction of radar QPEs and 

singularity radar data decomposition 

Figure 5-9 and Figure 5-10 show performance statistics vs. rain gauge density 

respectively resulting from rain gauge-only (TP and BK), RD-only (RD and aRD), KED-

based and BAY-based rainfall products (including original merged products, 

‘accumulated’ (a), non-singular (ns), accumulated + non-singular (ans), singularity 

sensitive (s) and accumulated + singularity sensitive (as) products). Note that to 

facilitate readability only the median value lines of the performance measures are 

plotted here. The reader should bear in mind that the uncertainty of the performance 

measures resulting from some rainfall products (e.g. RD) could be large (see Figure A- 

13 and Figure A- 14 for the ‘complete’ version of Figure 5-9 and Figure 5-10). 
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It can be seen that the combined application of temporal interpolation and SIN 

treatments generally results in the best performance for both KED and BAY rainfall 

estimates. The resulting products -asKED and asBAY- appear to have successfully 

retained the advantages from each treatment; that is, the improvement in correlation 

coefficient and MAE caused by the temporal interpolation treatment and the better 

preservation of spatial features provided by the SIN treatment.  

For KED, the combined application largely improved its performance for summer 

storms. As can be seen in Figure 5-9, similarly to aKED, the correlation coefficient line of 

asKED product is found to be always higher than that of the original RD estimate, for all 

rain gauge densities. Furthermore, the gauge density at which aRD ‘overtakes’ asKED 

has also been decreased due to the combined application of the treatments to KED. As 

regards spatial structure, asKED rainfall fields display a less smooth and more realistic 

spatial structure than that of aKED rainfall fields (see Figure 5-19, where asKED has 

better performance in spatial statistics; see Figure 5-15 and Figure 5-17, where asKED 

fields are found to retain more spatial structure details than aKED and KED rainfall 

fields).  

Similarly to KED, the combined application of the two treatments to BAY led to 

enhanced performance. For both winter and summer storms, large improvements in 

correlation coefficient and β can be observed (see Figure 5-10). In addition, the 

advantages that are introduced by the SIN treatment are retained in the combined 

application. That is, similarly to sBAY, asBAY rainfall estimate have reduced residuals at 

high rainfall intensities (see ‘asBAY’ columns in Figure 5-12 and Figure 5-14). In terms 

of spatial structure, although not as realistic as sBAY fields, asBAY rainfall fields display 

a slightly higher variability and more realistic features than aBAY (see Figure 5-16 and 

Figure 5-18 for the peak images and see Figure 5-20 for spatial statistics). 
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Figure 5-7: Performance statistics MAE, B, r and β for each rainfall product under consideration 

vs. rain gauge density. Performance statistics were estimated on an event basis using as 
reference the independent network of rain gauges. Each line corresponds to the median value of 

the given statistic at a given rain gauge density.  
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Figure 5-8: Spatial statistics spatial r and relative coefficient of variation (CV) for each rainfall 
product under consideration vs. rain gauge density. Spatial statistics were estimated at each 

time step using as reference the original radar image. 
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Figure 5-9: Performance statistics MAE, B, r and β for rain gauge-only, RD-only and KED-based 

rainfall product under consideration vs. rain gauge density. Performance statistics were 
estimated on an event basis using as reference the independent network of rain gauges. Each 

line corresponds to the median value of the given statistic at a given rain gauge density.  
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Figure 5-10: Performance statistics MAE, B, r and β for rain gauge-only, RD-only and BAY-based 

rainfall product under consideration vs. rain gauge density. Performance statistics were 
estimated on an event basis using as reference the independent network of rain gauges. Each 

line corresponds to the median value of the given statistic at a given rain gauge density.  
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Figure 5-11: Winter storms - Distribution of residuals of radar-only, rain gauge-only and KED-based products (columns) vs. rainfall rates at 
independent gauges. Each row contains plots for a given rain gauge density (from high densities at the top to low densities at the bottom). 
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Figure 5-12: Winter storms - Distribution of residuals of radar-only, rain gauge-only and BAY-based products (columns) vs. rainfall rates at 
independent gauges. Each row contains plots for a given rain gauge density (from high densities at the top to low densities at the bottom). 
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Figure 5-13: Summer storms - Distribution of residuals of radar-only, rain gauge-only and KED-based products (columns) vs. rainfall rates at 

independent gauges. Each row contains plots for a given rain gauge density (from high densities at the top to low densities at the bottom). 
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Figure 5-14: Summer storms - Distribution of residuals of radar-only, rain gauge-only and BAY-based products (columns) vs. rainfall rates at 

independent gauges. Each row contains plots for a given rain gauge density (from high densities at the top to low densities at the bottom).  
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Figure 5-15: Peak intensity images of the radar-only, rain gauge-only and KED-based products (columns) generated based upon different rain gauge 

densities (rows) – Winter storm EL-04 at 09:35 UTC on 30/12/2013.  
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Figure 5-16: Peak intensity images of the radar-only, rain gauge-only and BAY-based products (columns) generated based upon different rain gauge 

densities (rows) – Winter storm EL-04 at 09:35 UTC on 30/12/2013.
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Figure 5-17: Peak intensity images of the radar-only, rain gauge-only and KED-based products 
(columns) generated based upon different rain gauge densities (rows) – Summer storm BB-07 

at 16:45 UTC on 06/06/2012. 
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Figure 5-18: Peak intensity images of the radar-only, rain gauge-only and BAY-based products 
(columns) generated based upon different rain gauge densities (rows) – Summer storm BB-07 

at 16:45 UTC on 06/06/2012. 
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Figure 5-19: Spatial statistics spatial r and relative coefficient of variation (CV) for RD-only, rain 
gauge-only and KED-based rainfall products under consideration vs. rain gauge density. Spatial 

statistics were estimated at each time step using as reference the original radar image. 
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Figure 5-20: Spatial statistics spatial r and relative coefficient of variation (CV) for RD-only, rain 
gauge-only and BAY-based rainfall products under consideration vs. rain gauge density. Spatial 

statistics were estimated at each time step using as reference the original radar image.
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5.3. Summary and conclusions 

In this chapter two specific treatments were tested which had been identified (based on 

the review conducted in Chapter 4) as having the potential to improve the performance 

of radar-rain gauge merging for urban hydrological applications. The treatments under 

consideration are, respectively, reduction of temporal sampling errors in radar QPEs 

through temporal interpolation and singularity-based decomposition of radar QPEs 

prior to merging. These treatments ultimately aim at improving the correlation between 

radar and rain gauge records, which has been identified as the chief factor affecting 

merging performance and is particularly challenging at the fine spatial-temporal 

resolutions required for urban applications.  

The temporal interpolation treatment was initially applied to radar QPEs and the 

resulting estimates (namely aRD) were used as input to the three merging methods 

under consideration (i.e. MFB, KED and BAY). The singularity treatment, however, is 

only suitable for merging methods involving geostatistical modelling and, as such, was 

only applied to KED and BAY. Furthermore, the two treatments were applied 

simultaneously to KED and BAY. The impact of these treatments on merging 

performance was tested using the same pilot locations and dataset as those employed in 

Chapter 4 (i.e. Edinburgh-Lothian and Birmingham-Black Country catchments). The 

performance of merging outputs was evaluated based upon an independent network of 

rain gauges, following the ‘direct rainfall’ evaluation strategy devised in Chapter 4.  

In general, the two treatments under consideration showed to successfully improve 

overall merging performance at the spatial-temporal resolutions required for urban 

drainage modelling, with the benefits being particularly evident at low rain gauge 

densities.  

The correction of sampling errors in radar QPEs led to large improvements in the 

performance of radar QPEs and significantly improved the consistency between radar 

and rain gauge records. For example, in terms of median values, the correlation 

coefficient between radar and coincidental (independent) rain gauge estimates 

increased from 0.58 to 0.67 for summer storms and from 0.62 to 0.73 for winter storms. 

In turn, this improvement led to quantitative improvements in all merging methods 

(especially in terms of MAE and r). For example, at ~50 km2/RG density (which is 
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equivalent to the density of the operational EA gauge network in the Greater London 

area), the median values of the correlation coefficients of both KED and BAY products 

increased from 0.63 to 0.69 for summer storms, while for MFB an increase from 0.61 to 

0.69 was observed.  

The singularity decomposition treatment, on the other hand, proved effective in 

preserving small convective features in rainfall fields throughout the merging process, 

leading to more realistic rainfall fields and increased ability of merging methods to 

reproduce high rainfall rates (as reflected e.g. in reduced residuals at higher rainfall 

rates). However, this treatment sporadically led to artefacts in rainfall fields and caused 

a small decrease in some performance statistics, such as correlation coefficient.   

Greatest benefits were achieved when the two treatments were applied simultaneously 

to KED and BAY. The resulting rainfall fields successfully preserved the benefits of the 

two methods; that is, the improvement in correlation coefficient and MAE provided by 

the temporal interpolation treatment and the better preservation of spatial features 

provided by the SIN treatment. In fact, when the two treatments are applied in 

combination, the artefacts caused by the SIN treatment are no longer present. As 

mentioned above, the benefits of the treatments are particularly evident in the case of 

low rain gauge densities, such as those of operational rain gauge networks. 

Based on this results, it is strongly recommended that these treatments be applied in 

combination with merging techniques, as they allow optimal use of typically available 

radar and rain gauge information, leading to high quality rainfall estimates suitable for 

urban hydrological applications.  
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6. Conclusions and outlook 

This PhD research focused on the identification of rainfall requirements for urban 

drainage modelling applications and investigation of ways to meet these requirements. 

More specifically, it aimed at answering the following research questions: 

• What are the actual rainfall input resolution requirements for urban drainage 

modelling?  

• How to best combine currently available radar and rain gauge rainfall products 

in order to generate higher accuracy rainfall estimates at the spatial-temporal 

resolutions required for urban drainage modelling?  

To address the first question, a multi-storm, multi-catchment analysis was conducted on 

the impact of rainfall input resolution on urban stormwater modelling results. The 

analysis employed high resolution rainfall measurements from an X-band radar 

(originally available at spatial-temporal resolutions of 100 m and 1 min, respectively), 

along with operational urban drainage models of 4 pilot urban catchments in the UK 

and Belgium. Variations in simulated sewer flows resulting from changes in rainfall 

input resolution were analysed in light of catchment and storm characteristics, based 

upon a novel storm characterisation and analysis methodology that was developed as 

part of this PhD research. The main findings of this study are the following: 

• The sensitivity of urban drainage modelling outputs to rainfall input resolution 

can be largely explained in terms of two main factors: drainage area under 

consideration and spatial-temporal characteristics of the storm event. In general, 

the impact of the coarsening of rainfall input spatial-temporal resolution upon 

simulated sewer flows was found to decrease logarithmically as the drainage 

area increases. Also, a strong negative correlation was found between 

theoretically-derived spatial-temporal storm characteristics and urban drainage 

model sensitivity to rainfall resolution (i.e. the smaller the spatial-temporal 
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characteristics of storms, the larger the sensitivity of models to variations in 

rainfall input resolution).  

• In general, the coarsening of temporal resolution of rainfall inputs affects 

hydrodynamic model results more strongly than the coarsening of spatial 

resolution.  

• There is a strong interaction between the spatial and temporal resolution of 

rainfall input estimates and in order to avoid losing relevant information from 

the rainfall fields, the two resolutions must be in agreement with each other. 

• Based upon the results of this study and in light of typically acceptable predictive 

performance criteria (as per UK WaPUG (2002) standards), the following critical 

spatial-temporal rainfall input resolutions were identified for urban drainage 

modelling applications: 

- With regards to temporal resolution, rainfall measurements or estimates must 

be taken/generated at intervals smaller than 5 min (i.e. sampling frequency 

< 5 min). These estimates may then be used to generate cumulative-like 

rainfall estimates (i.e. rain rates averaged over time) at temporal resolutions 

of up to 5 min and still lead to satisfactory hydrodynamic modelling results 

(i.e. |RE|̅̅ ̅̅ ̅̅  < 0.20, R2̅̅ ̅ > 0.80 and  |1 − β|̅̅ ̅̅ ̅̅ ̅̅ ̅ < 0.15, as per WaPUG (2002) acceptable 

predictive performance criteria). However, using rainfall ‘snapshots’ (such as 

those provided by radars), sampled at intervals of the order of 5 min or larger, 

as direct input to urban drainage models and assuming that the rainfall field 

remains static during the given time interval (as is often done by practitioners 

based upon the data provided by national meteorological services) can lead to 

large errors (below acceptable thresholds) in simulated sewer flows. These 

results highlight the importance of keeping in mind the instantaneous nature 

of the rainfall estimates provided by weather radars, a point which is often 

overlooked. 

- As regards spatial resolution, in general, except for very small drainage areas 

(i.e. DA1 < 10 ha), 1 km resolution rainfall inputs (which are typically 

available from national radar networks) appear to be sufficient, leading to 

acceptable sewer flow estimates. For all drainage area sizes, the 3000 m 

spatial resolution, which is comparable to distances between rain gauges (in 
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the case of relatively dense rain gauge networks), led to large errors in sewer 

flow simulations, falling below acceptable performance criteria. As such, when 

only rain gauges are used to force urban drainage models, the magnitude of 

the errors incurred in as a result of the coarse spatial resolution must be kept 

in mind. 

While higher spatial and temporal resolution rainfall estimates are desirable, resolution 

comes at a cost and resources are limited. Based on the results of this study, rainfall 

monitoring strategies should consider prioritising improvements in temporal resolution 

(e.g. modifying radar scanning strategies, using local X-band radars which have higher 

rotation rates, employing temporal interpolation techniques). Of course, in so doing, it is 

important to bear in mind the dependence between temporal and spatial resolutions, as 

well as the fact that measuring rainfall at higher resolutions can lead to improvements 

in accuracy. 

To address the second research question, and building upon the results of the rainfall 

resolution investigation, a thorough review and testing was conducted of radar-rain 

gauge merging methods at urban scales and at the spatial-temporal resolutions 

required for urban drainage modelling applications. Three merging techniques, namely 

Mean Field Bias (MFB) adjustment, kriging with external (KED) and Bayesian (BAY) 

combination, were selected for testing on grounds of performance and common use. 

They were initially tested as they were originally formulated and as they are reportedly 

commonly applied using typically available radar and rain gauge data. Afterwards, they 

were tested in combination with two special treatments which were identified in this 

study as having the potential to improve merging applicability for urban hydrology. The 

treatments under consideration are, respectively, reduction of temporal sampling 

errors in radar QPEs through temporal interpolation and singularity-based 

decomposition of radar QPEs prior to merging. These treatments ultimately aim at 

improving the correlation between radar and rain gauge records, which has been 

identified as the chief factor affecting merging performance and is particularly 

challenging at the fine spatial-temporal resolutions required for urban applications. The 

original and ‘modified’ merging techniques were tested under varying climatological 

conditions and rain gauge density scenarios using as case study two urban catchments 

in the -UK -namely Edinburgh-Lothian and Birmingham-Black Country- for which large 



274 

 

and dense radar-rain gauge datasets, urban drainage models and sewer flow records 

were available. The main findings of this investigation are the following: 

• All merging methods improve the applicability of radar QPEs for urban 

hydrological applications, leading to better rainfall estimates as compared to the 

original radar QPEs alone. Furthermore, in almost all cases, merged estimates 

outperform rain gauge-only products, thus demonstrating the added value of 

radar information. However, the degree of improvement provided by merging 

and the added value of radar information vary for each merging method and are 

also a function of climatological conditions and rain gauge density scenarios. 

• The added value of radar information is particularly evident in the case of 

summer storms and low rain gauge density scenarios. Under these conditions, 

merged products clearly outperform rain gauge-only estimates.   

• Overall, KED displayed the best performance, with BAY being a close second and 

MFB providing the smallest improvements upon radar  QPEs. The performance of 

KED is however more sensitive to rain gauge density and to the ability of rain 

gauges to sample critical features of the rainfall field (which, as discussed in 

Chapter 4, is a function of storm characteristic range and gauge density, but also 

has a large random -or ‘luck’- component). By incorporating more information 

from radar than KED, BAY is less sensitive to rain gauge density and to poor rain 

gauge predictability and proved able to provide a good representation of 

convective cells even in cases in which gauges completely missed such 

structures.  

• Based on the findings of this study, it is recommended that KED be used when 

gauge densities are relatively high (of the order of 30 km2 per gauge or higher) 

and/or when the quality of radar QPEs is known to be very poor, in which case it 

is desirable to rely more upon rain gauge records. For low rain gauge density 

situations and QPEs of reasonable quality (as is the case of the radar QPEs 

provided by the UKMO), BAY may be a more appropriate choice. MFB should be 

the last choice; however, it is better than no correction at all. 

• The two special treatments under consideration successfully improved overall 

merging performance at the spatial-temporal resolutions required for urban 

hydrology, with benefits being particularly evident at low rain gauge density 
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conditions. In general, the correction of sampling errors in radar QPEs led to 

large improvements in the consistency between radar and rain gauge records. In 

turn, this led to improvements in all merging methods. The singularity 

decomposition treatment, on the other hand, helped preserve small convective 

features in rainfall fields when applying KED and BAY merging. This is reflected 

in the more realistic appearance of the sKED and sBAY rainfall fields, which also 

display a higher spatial similarity to the original radar image, as well as in the 

smaller residuals associated to the highest rainfall rates. Greatest benefits were 

achieved when the two treatments were applied simultaneously to KED and BAY. 

• By optimally applying merging techniques at urban scales, it is possible to make 

up for the poorer quality of rainfall estimates resulting from a reduction in the 

density of the rain gauge network. For example, in the case of summer storms, 

merged products obtained with a gauge density of 25 km2 per gauge display a 

similar performance in terms of MAE as that achieved with BK interpolation 

based upon a network density of 15 km2 per gauge. The difference is even 

starker when merged products are compared against Thiessen polygons: merged 

products derived from a network of ~38 km2 per gauge lead to a performance 

similar to that of Thiessen polygons derived from a network of 5 km2 per gauge. 

The possibility of using fewer gauges to obtain good quality rainfall estimates 

could lead to significant savings in monitoring campaigns such as those 

conducted for urban drainage model calibration purposes. Nonetheless, the 

importance of rain gauges in urban areas should by no means be 

underestimated, as they are essential to correct radar QPEs. 

As can be seen, the findings of this PhD research have the potential to significantly 

improve stormwater management in cities, not only by improving the quality of rainfall 

estimates which in turn can lead to better representation of urban runoff, but also by 

providing stormwater managers with information to guide the optimisation of 

resources. While some of the topics investigated in this research had been preliminarily 

analysed in previous studies, what makes this research unique is the depth of the 

analyses and the more general conclusions that were drawn based upon the rich 

datasets that were adopted, the methodology that was developed and the detailed 

experiments that were devised.     
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Future research into improving rainfall estimates for urban hydrological applications 

should focus on the following work: 

• Priority should be given to gathering high resolution rainfall datasets alongside 

high resolution local urban runoff records and the implementation of higher 

resolution urban drainage models, which enable a better assessment of the 

added value of high resolution rainfall data and models, as well as further testing 

of merged rainfall estimates. Such datasets are currently scarce and, as a result, a 

lot of the urban hydrological investigation is limited to sensitivity tests. While 

these provide insights into the response of urban catchments and factors 

affecting them, verification of results is lacking.  

• Further investigation is required into individual catchment and urban drainage 

model characteristics affecting model sensitivity to rainfall input resolution (e.g. 

slope, degree of imperviousness, presence of control elements, spatial 

homogeneity/heterogeneity, amongst others). 

• While rainfall estimates at urban scales can be significantly improved through 

high resolution measurements and further post-processing, as was done in this 

research, rainfall estimates will never be perfect and the true rainfall field is, by 

definition, unknown (Ciach & Krajewski, 1999). Quantifying the residual errors 

in rainfall estimates is crucial in order to understand their reliability, as well as 

the impact that their uncertainty may have in subsequent runoff estimation. 

While the quantification of errors in rainfall estimates has been an active topic of 

research for decades, existing rainfall error models have several shortcomings 

and are not well suited for urban hydrological applications (Ochoa-Rodríguez et 

al., 2016). A new rainfall error model is therefore required for urban hydrology 

and the findings of this research can serve as starting point for it. Essential 

features of an error model suitable for urban hydrology include: 

o An explicit representation of relevant errors sources (arising from 

insufficient accuracy and/or resolution in rainfall estimates),  

o the ability to incorporate multiple data sources, while enabling their 

combination, so that uncertainty is not only quantified, but also reduced.  

The Bayesian merging method tested in this study has the potential to fulfil these 

requirements, as it allows the explicit representation of uncertainties in the 
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different data sources and combines them in such a way that the overall 

uncertainty is minimised. Furthermore, the findings of the investigation into 

rainfall resolution conducted as part of this PhD thesis could be used as a starting 

point for the quantification of errors arising from insufficient resolution, which 

could in turn be incorporated into the Bayesian model. 

• Lastly, more effort should be put into stakeholder engagement and 

communication of research results in the area of urban hydrology, to ensure that 

the research findings are adopted by practitioners. Unfortunately, in this area 

there is a large gap between research and practice. Efforts to reduce this gap 

have the potential to bring about a step change in the effectiveness of urban 

stormwater management. 
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Appendix A – Performance statistics 

figures for Chapter 5 

Impact of advection-based correction of radar QPEs 
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Figure A- 1: Performance statistics MAE, B, r and β for each rainfall product under consideration 

vs. rain gauge density. Performance statistics were estimated on an event basis using as 
reference the independent network of rain gauges. Main lines correspond to the median value of 

the given statistic at a given rain gauge density, while error bars indicate the first and third 
quartiles. In the case of the radar (RD and aRD), dashed lines were used to indicate the first and 

third quartiles.
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Figure A- 2: Winter storms - Distribution of residuals of different rainfall products (columns) vs. rainfall rates at independent gauges. Each row 

contains plots for a given rain gauge density (from high densities at the top to low densities at the bottom).  
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Figure A- 3: Summer storms - Distribution of residuals of different rainfall products (columns) vs. rainfall rates at independent gauges. Each row 

contains plots for a given rain gauge density (from high densities at the top to low densities at the bottom). 
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Figure A- 4: Performance of rainfall products as a function of interpolated (BK) rain gauge predictability – Winter storms (EL). 
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Figure A- 5: Performance of rainfall products as a function of interpolated (BK) rain gauge predictability – Summer storms (BB). 
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Figure A- 6: Spatial statistics spatial r and relative coefficient of variation (CV) for each rainfall 

product under consideration vs. rain gauge density. Spatial statistics were estimated at each 
time step using as reference the original radar image.
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Impact of singularity radar data decomposition 
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Figure A- 7: Performance statistics MAE, B, r and β for each rainfall product under consideration 

vs. rain gauge density. Performance statistics were estimated on an event basis using as 
reference the independent network of rain gauges. Main lines correspond to the median value of 

the given statistic at a given rain gauge density, while error bars indicate the first and third 
quartiles. In the case of the radar (RD and aRD), dashed lines were used to indicate the first and 

third quartiles.
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Figure A- 8: Winter storms - Distribution of residuals of different rainfall products (columns) vs. rainfall rates at independent gauges. Each row 

contains plots for a given rain gauge density (from high densities at the top to low densities at the bottom). 
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Figure A- 9: Summer storms - Distribution of residuals of different rainfall products (columns) vs. rainfall rates at independent gauges. Each row 

contains plots for a given rain gauge density (from high densities at the top to low densities at the bottom). 
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Figure A- 10: Performance of rainfall products as a function of interpolated (BK) rain gauge predictability – Winter storms (EL). 
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Figure A- 11: Performance of rainfall products as a function of interpolated (BK) rain gauge predictability – Summer storms (BB). 
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Figure A- 12:   Spatial statistics spatial r and relative coefficient of variation (CV) for each 

rainfall product under consideration vs. rain gauge density. Spatial statistics were estimated at 
each time step using as reference the original radar image.
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Combined impact of advection-based correction of radar QPEs and 

singularity radar data decomposition 
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Figure A- 13: Performance statistics MAE, B, r and β for rain gauge-only, RD-only and KED-based 

rainfall products under consideration vs. rain gauge density. Performance statistics were 
estimated on an event basis using as reference the independent network of rain gauges. Main 
lines correspond to the median value of the given statistic at a given rain gauge density, while 
error bars indicate the first and third quartiles. In the case of the radar (RD and aRD), dashed 

lines were used to indicate the first and third quartiles. 
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Figure A- 14: Performance statistics MAE, B, r and β for rain gauge-only, RD-only and BAY-based 

rainfall products under consideration vs. rain gauge density. Performance statistics were 
estimated on an event basis using as reference the independent network of rain gauges. Main 
lines correspond to the median value of the given statistic at a given rain gauge density, while 
error bars indicate the first and third quartiles. In the case of the radar (RD and aRD), dashed 

lines were used to indicate the first and third quartiles. 
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Figure A- 15: Winter storms - Distribution of residuals of RD-only, rain gauge-only and KED-based rainfall products (columns) vs. rainfall rates at 

independent gauges. Each row contains plots for a given rain gauge density (from high densities at the top to low densities at the bottom). 
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Figure A- 16: Winter storms - Distribution of residuals of RD-only, rain gauge-only and BAY-based rainfall products (columns) vs. rainfall rates at 

independent gauges. Each row contains plots for a given rain gauge density (from high densities at the top to low densities at the bottom).  
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Figure A- 17: Summer storms - Distribution of residuals of RD-only, rain gauge-only and KED-based rainfall products (columns) vs. rainfall rates at 

independent gauges. Each row contains plots for a given rain gauge density (from high densities at the top to low densities at the bottom).  
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Figure A- 18: Summer storms - Distribution of residuals of RD-only, rain gauge-only and BAY-based rainfall products (columns) vs. rainfall rates at 

independent gauges. Each row contains plots for a given rain gauge density (from high densities at the top to low densities at the bottom).  
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Figure A- 19: Performance of TP, RD-only and KED-based rainfall products as a function of interpolated (BK) rain gauge predictability – Winter 

storms (EL). 
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Figure A- 20: Performance of TP, RD-only and BAY-based rainfall products as a function of interpolated (BK) rain gauge predictability – Winter 

storms (EL). 
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Figure A- 21: Performance of TP, RD-only and KED-based rainfall products as a function of interpolated (BK) rain gauge predictability – Summer 

storms (BB). 

 

 

  



324 

 

 
Figure A- 22:  Performance of TP, RD-only and BAY-based rainfall products as a function of interpolated (BK) rain gauge predictability – Summer 

storms (BB).
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Figure A- 23: Spatial statistics spatial r and relative coefficient of variation (CV) for RD-only, rain 
gauge-only and KED-based rainfall products under consideration vs. rain gauge density. Spatial 

statistics were estimated at each time step using as reference the original radar image. 
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Figure A- 24: Spatial statistics spatial r and relative coefficient of variation (CV) for RD-only, rain 
gauge-only and BAY-based rainfall products under consideration vs. rain gauge density. Spatial 

statistics were estimated at each time step using as reference the original radar image.  
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