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Abstract 

This work presents an analysis of extreme rainfall in Great Britain (GB) using a new storm 

identification algorithm to obtain ~70,000 independent rainstorms associated with annual 

maxima (AM) for rainfall intensities from sub-hourly to daily durations. To do this a new rain 

gauge dataset with sub-hourly resolution was compiled and quality controlled. The high 

temporal resolution of rainfall data was found to improve the ability of quality control to 

identify faults in rain gauge records, as aggregated hourly or daily rainfall totals mask rapid 

changes to rainfall intensity that can indicate quality problems. The high temporal resolution 

oŦ ǘƘŜ ŘŀǘŀǎŜǘ ŀƭƭƻǿŜŘ ŦƻǊ ǘƘŜ ŦƛǊǎǘ ƭŀǊƎŜ ǎŎŀƭŜ ŎƘŀǊŀŎǘŜǊƛǎŀǘƛƻƴ ƻŦ D.Ωǎ ǎǳō-hourly rainfall. 

The seasonality and geographical distribution of AM-generating rainstorms had good 

correspondence with known characteristics of GB rainfall at hourly and daily timescales. 

Extreme short duration (<4-hr) events have peak frequency during the summer, while the 

largest long duration (>12-hr) rainstorms occur in winter at rain gauges with high elevation. 

On average each rainstorm contributed ~3 AMs of different durations, this demonstrated 

important overlaps between AMs that pose a challenge for conventional rainfall design and 

analysis methods. Empirical annual exceedance probabilities were calculated at a regional 

level for rainstorms of different durations, this revealed similar quantiles for the most extreme 

short rainstorms across GB and major differences for long-duration rainstorms related to 

orographic effects and prevailing wind direction.  

Hyetographs of all AM-generating rainstorms were determined using sub-hourly resolution 

data, allowing an unprecedented exploration of the temporal characteristics of rainstorms in 

GB. These profiles showed significant variation with event duration, but events of similar 

duration but different seasons had similar profiles, contradicting key results from the 1975 

Flood Studies Report (FSR). Hyetographs showed limited sensitivity to other variables such as 

rainstorm volume and geographical location. Only 22.6% of all rainstorms had centrally 

peaked hyetographs, therefore most events were unlike the FSR profiles currently used in UK 

rainfall design methods. 

This analysis has implications for all infrastructure and studies that use the FSR rainfall design 

profiles in the UK, including sustainable urban drainage systems and flood risk studies. A move 

away from centred design hyetographs towards the use of hyetograph ensembles is 

recommended, and current univariate extreme value frequency analysis methods are 

challenged.  
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Chapter 1. Introduction 

1.1. Motivation 

¢Ƙƛǎ ǘƘŜǎƛǎ ƛǎ ǘƘŜ ǊŜǎǳƭǘ ƻŦ ŀ ǎƛƳǇƭŜ ǉǳŜǎǘƛƻƴΥ ά5ƻ ǊŜŀƭ ǎǘƻǊƳǎ ƭƻƻƪ ƭƛƪŜ ŘŜǎƛƎƴ ǎǘƻǊƳǎΚέ ¢ƘŜ 

answer is important because extreme rainfall (under the right conditions) triggers floods that 

have generally negative impacts on human society. Design storms are a key tool used by 

engineers and analysts to design infrastructure and evaluate flood risk, and the properties of 

design storms influence the resulting design and floods. Therefore, a faithful representation 

of rainfall is key to robust design and flood estimation.  

This thesis attempts to answer the question above for Great Britain (GB), and it follows the 

steps required to do so rigorously. An overview of the relevant key topics is presented in this 

Introduction along with the research aims and objectives, scope and limitations, and the thesis 

structure. 

1.2. Flooding 

Flooding is one of the common natural disasters, it has severe economic and health impacts 

(Alderman et al., 2012; Centre for Research on the Epidemiology of Disasters, 2020), it has 

increased in frequency since the 1960s (Razavi et al., 2020), and the risk and costs associated 

with flooding are expected to increase due to anthropogenic global warming (IPCC, 2021b; 

Dottori et al., 2018). In the United Kingdom (UK) context, flooding has been categorised as 

one of the leading causes of climate-related threats (Jaroszweski et al., 2021), and a key 

contributor to future economic damages of climate change to the UK in the order of 1% of 

GDP per annum (DEFRA, 2022). 

Floods can be categorised according to the mechanisms that cause them. Fluvial floods result 

from the overflow of a river channel onto the surrounding area, usually called a flood plain. 

Pluvial floods, also known as surface water flooding, occur when rainfall volumes exceed the 

drainage capacity of natural and human systems. Groundwater flooding occurs when the 

water table rises above the ground surface, and finally coastal flooding occurs when sea levels 

rise over coastal areas (Pitt, 2008). Examples of significant fluvial and pluvial UK floods can be 

found in the literature review (Section 2.1).  

The simplicity implied in the classification above is deceptive, as floods are complex processes 

that arise from the interplay of extreme rainfall with catchment characteristics such as 

elevation, soil type, vegetation, and size (e.g., Raudkivi, 1979; Chow et al., 1988; Maidment, 
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1993; Do et al., 2017), with antecedent conditions such as soil moisture (Sharma et al., 2018; 

Hettiarachchi et al., 2019; Wasko, Nathan, et al., 2021), and with human interventions such as 

urbanization, drainage and its characteristics (Butler & Davies, 2011; Cristiano et al., 2018; 

IǳŀƴƎ Ŝǘ ŀƭΦΣ нлмфΤ {ȊŜƭŊƎ Ŝǘ ŀƭΦΣ нлннύ. The link between rainfall and flooding is strongest 

(most immediate) in urban settings, where high imperviousness impedes (but does not 

eliminate) natural evapotranspiration and infiltration processes that moderate floods in rural 

settings (Woods Ballard et al., 2015; Zhu et al., 2018; Hettiarachchi et al., 2019; Acquaotta et 

al., 2019).  

The significant impacts associated with flooding, and its close relationship with extreme 

rainfall make the study of the latter worthwhile. Beyond the obvious impact of volume (a 

heavier rainfall event will, ceteris paribus, tend to produce a larger flood), the duration over 

which rainfall presents itself and the temporal variations in rainfall intensity within storms are 

key factors in determining flood response in a variety of catchments (Ball, 1994; Sordo-Ward 

et al., 2014; Ochoa-Rodriguez et al., 2015; Cristiano et al., 2017; Dullo et al., 2017; Cristiano et 

al., 2018; Bárdossy et al., 2022).   

1.3. Extremes of GB rainfall 

The climate of GB is controlled by its location in the north-eastern Atlantic Ocean. It lies in the 

latitude of predominantly westerly winds that drive depressions and associated weather 

fronts over GB in an easterly direction, and has relatively warm waters to the west, moderating 

seasonal temperature variation and resulting in cooler summers and milder winters relative 

to the European continent. Annual rainfall totals are mainly controlled by the action of 

depressions and the local orography, with higher annual totals found along the west coast and 

its associated high ground in Scotland, northwest England, Wales, and southwest England. The 

most intense rainfall events tend to be associated with summer convective events, while 

winter frontal rainfall tends to be of a lower intensity (Chandler & Gregory, 1976; Hulme & 

Barrow, 1997; Hand et al., 2004; Met Office, 2013). 

These large scale forcings of GB rainfall are expressed as geographic and seasonal variations 

in rainfall extremes. Winter rainfall has a well-established east-west split. The western coast 

of GB, with its higher elevation and exposed position to prevailing winds, receives heavier 

winter rainfall than the eastern lowlands which lie in its rain shadow. Daily extremes are most 

frequent during the summer for eastern regions, and in the autumn for all other regions. 

(Faulkner, 1999; Hulme & Barrow, 1997; Jones et al., 2014; Darwish et al., 2021). Summer daily 



3 
 

rainfall, especially its extremes, show a north-south pattern, where heavier convective events 

occur in southern GB as a result of stronger local heating (as it lies at lower latitudes) and the 

influence of the European continent close to southeast England (Stewart et al., 1999; Hulme 

& Barrow, 1997).  

Despite the importance of rainfall duration, most analysis of GB rainfall extremes have been 

carried out using fixed-duration daily (Osborn & Hulme, 2002; Osborn et al., 2000; Fowler & 

Kilsby, 2003; Jones et al., 2014; Osborn & Maraun, 2008) or hourly (Darwish et al., 2018, 2021; 

Blenkinsop et al., 2017; Kendon et al., 2018) rainfall totals. The only two studies of GB sub-

hourly events known to the author are the analysis of depth duration frequency (DDF) 

relationships for a small set of 19 rain gauge stations within England and Wales (Prosdocimi 

et al., 2017) which relied on fixed-duration totals for its analysis and left a gap in the study of 

sub-hourly precipitation extremes for most of the GB, and the ŀǳǘƘƻǊΩǎ a{Ŏ ŘƛǎǎŜǊǘŀǘƛƻƴ ǿƘƛŎƘ 

studied 59 rain gauges with 1-min data in the UK (Villalobos Herrera, 2017).  

The fixed-duration approach contrasts with events-based modelling of rainfall where 

independent rainstorms are extracted from timeseries data (Restrepo-Posada & Eagleson, 

1982; Serinaldi & Grimaldi, 2007; Serinaldi & Kilsby, 2013; De Michele & Ignaccolo, 2013; Jun 

et al., 2018). In this thesis rainstorms are periods of continuous or near-continuous rainfall 

that are separated by sufficiently long dry spells (more details are provided in Section 4.2.2). 

The main difference between these two approaches is that rainstorm duration is not 

constrained in event-based approaches, instead events and their durations are determined 

using statistical or empirical methods which, based on the method used and its assumptions, 

may contain some degree of arbitrariness. The use of events allows for a determination of the  

duration of the rainstorms that result in hourly or daily rainfall accumulation extremes 

(Barbero et al., 2019), it also better reflects the properties of rainfall as artificial constraints 

on event duration are avoided. Scale-invariant methods of analysis provide an alternative to 

fixed duration or event-based characterisations of rainfall, these methods have been used to 

generate synthetic rainfall fields (De Michele & Bernardara, 2005) and to estimate sub-hourly 

rainfall extremes in locations where no sub-hourly data is available (Bonaccorso et al., 2020).  

Event-based studies of GB rainfall exist for small samples of extreme events. They show clear 

differences in forcing mechanisms of extreme rainstorms under or over 4-hr duration, with 

convective or frontally forced convection ς including mesoscale convective systems ς 

dominating shorter extremes while longer extremes tend to be frontally or orographically 
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driven (Hand et al., 2004; Clark & Webb, 2013; Lewis & Gray, 2010). Prior to this thesis, no 

large scale, events-based study had been carried out for UK rainfall.  

1.4. UK design rainfall and synthetic hyetographs 

The Flood Studies Report, FSR, the Flood Estimation Handbook, FEH, and their updates have 

represented the state of the art in flood estimation methods in the UK (and hence in GB) since 

1975 (Institute of Hydrology, 1975; Faulkner, 1999; Kjeldsen, 2007; Stewart et al., 2013; HR 

Wallingford, 2016). Two types of flood estimation procedures have been included: peak flood 

estimates which are based on flow gauging and the use of discharge records to estimate peak 

floods; and rainfall-runoff methods, which rely on a design rainfall input to generate an 

estimated discharge.  

The rainfall runoff method currently in use is the Revitalised Flood Hydrograph Model 2, ReFH2 

(HR Wallingford, 2016). It is an update of the Revitalised Flood Hydrograph Model, ReFH 

method (Kjeldsen, 2007) and it is capable of estimating flows generated by any rainfall event. 

The rainfall-runoff model is conceptual in nature, and ƛǘΩǎ ŎƻƳǇƻǎŜŘ ƻŦ a loss model, a routing 

model, and a base flow model. ReFH2 recommended for use flood estimation in non-urban 

catchments and for green field runoff and volume estimation while urban drainage models 

such as SWMM, CityCAT or HiPIMS (Rossman, 2017; Glenis et al., 2018; Xia et al., 2019) are 

recommended for use in predominantly urban areas (Woods Ballard et al., 2015; SEPA, 2019a; 

Environment Agency, 2020).  

Suitable rainfall input is needed for the ReFH2 or other rainfall-runoff models. The rainfall 

frequency analyses which have generated extreme rainfall volume estimates suitable for 

design have been an integral part of the FSR and FEH projects. Since the FEH was published, 

rainfall volume estimates in the UK are produced using DDF models. The original model is 

commonly known as the FEH99 DDF model (Faulkner, 1999) and its update  - which represents 

the most up to date model of UK rainfall frequency ς is known as the FEH13 model (Stewart 

et al., 2013). An update of the FEH DDF model is expected soon (Vesuviano et al., 2021).  

Volume estimates calculated using DDF models need to be distributed in time, this is usually 

done using a design hyetograph or rainfall profile. These hyetographs can be observed 

(derived from real events) or synthetic (conceptually derived or averaged from multiple 

observations), and it is common practice to rely on different profiles for different design 

situations. In the UK context, two synthetic design hyetographs are used, a summer profile is 



5 
 

recommended for use in urban areas, while a winter profile is recommended for rural 

catchments (Faulkner, 1999). These two profiles have centred, symmetrical shapes and differ 

mainly in the peak intensity, as the summer profile reaches about twice the peak intensity of 

the winter profile. UK design guidance recommends these profiles for events of any duration 

(Institute of Hydrology, 1975; CIWEM, 2015; HR Wallingford, 2016; Faulkner, 1999; Kjeldsen, 

2007). Both hyetographs were derived by the FSR and have not been updated since 1975.  

1.5. GB rainfall data and quality control 

The quality control (QC) of weather observations is an essential prerequisite for the use of 

meteorological data. High-quality rain gauge measurements are necessary for a wide gamut 

of applications, including climatological analyses, as input for reanalysis and forecast models, 

climate model validation, agricultural management, water resources planning, design rainfall 

estimation for civil engineering applications, and others (Estévez et al., 2011). In particular, 

the analysis of extremes, including their climatology and statistical properties, requires high 

confidence in the veracity of the extreme values present in weather observations (Dunn et al., 

2012; Blenkinsop et al., 2017).  

The World Meteorological Organization (WMO) guidelines on climatological practices and on 

quality control of surface observations recommend that all meteorological data be subject to 

a wide range of tests (Chambers et al., 2018; WMO, 2021). These guidelines aim to ensure 

that datasets compiled and distributed by meteorological services, for example, the UK Met 

Office (UKMO), are of high-quality. For example, the UKMO and US National Oceanic and 

Atmospheric Administration (NOAA) maintain near-real time QC procedures which are 

capable of identifying and correcting or removing errors on a daily or hourly basis (Qi et al., 

2016; Kim et al., 2009; Met Office, 2020b). However, their methods are not open and not well 

suited for the post-hoc QC analyses carried out during the compilation of a new dataset which 

must be capable of identifying a wide range of errors potentially present in raw (pre-QC) rain 

gauge records.  

QC procedures are not standardised across meteorological services and multiple sources of 

hydrometeorological data exist outside of these institutions. In GB this includes the 

Environment Agency (EA) in England, Natural Resources Wales (NRW) and the Scottish 

Environment Protection Agency (SEPA). Data from these diverse sources are available to users 

with varying degrees of QC which does not meet WMO guidelines, and therefore, may require 

additional QC by users compared to data provided by institutions such as the UKMO. However, 
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data from the EA, NRW and SEPA networks underpins a significant amount of research (e.g. 

Jones et al., 2013; Dale et al., 2015; Darwish et al., 2020) and policy, including UK design 

rainfall methods (Stewart et al., 1999; Kjeldsen, 2007; Stewart et al., 2013).  

Due to the varied nature of rain gauge measurement errors and the accumulation of errors 

over time (Morbidelli et al., 2017, 2018), the QC of large datasets compiled from multiple 

sources is a complex procedure best approached with automated algorithms. These have been 

used for the development of large global datasets such as the Global Historical Climatology 

Network (GHCN) Daily (Durre et al., 2010), the sub-daily (Dunn et al., 2012), and the Global 

Sub-Daily Rainfall (GSDR) dataset (Lewis et al., 2019, 2021). GSDR and its QC built upon 

previous work which quality-controlled a large hourly rainfall dataset for the UK (Blenkinsop 

et al., 2017) which were expanded with tests against neighbouring gauges to generate a 

gridded hourly rainfall dataset for the UK (Lewis et al., 2018). The work in this thesis 

complements the hourly GSDR QC.  

While sub-hourly data allows for a greater detail when examining rainfall timeseries, as 

periods of suspiciously high tipping-rates can be identified (Upton & Rahimi, 2003), available 

rain gauge datasets with sub-hourly resolution are often not be subject to the same level of 

QC as those available at lower resolutions. In the UK, quality-controlled hourly datasets 

derived from sub-hourly data exist (e.g. Lewis et al., 2018b; Met Office, 2020); however, the 

original sub-hourly data is provided by its holders either with much more limited or no QC (EA, 

NRW, and SEPA) or only for a reduced number of gauges and limited number of years (UKMO). 

In Germany, 1-minute and 10-minute precipitation data are freely available from the German 

weather service, Deutscher Wetterdienst (DWD), which also provides hourly data (DWD, 

2019)Τ ƘƻǿŜǾŜǊΣ ǘƘŜȅ ǿŀǊƴ ǘƘŀǘ άthe quality of the high resolution observations cannot be as 

high as the quality of the hourly etc. aggregated data, because the latter are checked more 

thoroughlyέ (DWD, 2017). Overall, these differences in QC create barriers to the use of sub-

hourly data as their quality is perceived as inferior to hourly or daily products. 

The paucity of sub-hourly analyses of GB rainfall can be explained by the relative novelty of 

measurements at this resolution, which only became widespread since 2000, and the difficulty 

in obtaining quality-controlled data at this resolution. Given the relative maturity of the 

available data, and advances and expertise in the automatic QC of rainfall data within 

Newcastle University, the compilation and QC of a sub-hourly rainfall database was deemed 

feasible. This dataset has been used here to extend knowledge of GB rainfall extremes into 
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the sub-hourly domain and to carry out an unprecedented event-based analysis of rainstorms 

in GB 

1.6. Research aims and objectives 

The overall aim of this project is to improve the current understanding of the climatology and 

hyetographs of extreme rainfall events within GB, with a special emphasis on short-duration 

extremes.  

To achieve this a suitable dataset of good-quality rainfall time series data is required. This can 

then be used to identify a sample of extreme events that will be characterised using their time 

series and summary statistics. The climatological behaviour of these extreme events can then 

be described, before finally studying the properties of their associated hyetographs. The 

analysis is then rounded out by a discussion of how the findings impact current and future 

flood estimation in the UK.  

This thesis will address the following research objectives: 

¶ Conduct a comprehensive and thorough review of the literature surrounding 

rainfall extremes in GB, their climatology, how they relate to flooding, how they are 

represented in flood estimation methods, and how they are expected to change in 

the future.  

¶ Compile and quality control available sub-hourly rain gauge observations in GB.  

¶ Identify and extract the time series information of extreme rainfall events observed 

at a sub-hourly resolution in GB.  

¶ Describe the climatology of the extreme events, with emphasis on their seasonal 

and geographical variations.  

¶ Examine the incumbent method of event hyetograph analysis in GB and determine 

its suitability for further use, provide an alternative as needed.  

¶ Determine the key variables that control variability in rainfall event hyetographs.  

¶ Discuss possible changes to current UK flood estimation methods based on this 

ǘƘŜǎƛǎΩ ŦƛƴŘƛƴƎǎ. 

1.7. Scope 

The project is geographically constrained to locations in the UK with suitable sub-hourly 

rainfall records. While tip-time data is preferred, data is stored in the form of 15-minute 

rainfall totals in Wales and parts of England and Scotland. No source of sub-hourly data was 
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found for Northern Ireland, therefore, the data available allows for complete coverage of GB. 

Data requests were submitted in 2018 therefore most data obtained concludes in summer 

2018.  

A point representation of rainfall is used throughout this thesis, this simplification is required 

to constrain the research project within the timeframe expected of a PhD. From a modelling 

point of view, the uniform spatial distribution of rainfall within an event is a frequent 

assumption when using design rainfall methods in urban design and in small catchments, 

ǘƘŜǊŜŦƻǊŜ ƛǘΩǎ ŎƻƴǎƛŘŜǊŜŘ ŀƴ ŀŎŎŜǇǘŀōƭŜ ǎƛƳǇƭƛŦƛŎŀǘƛƻƴ ŦƻǊ ǘƘƛǎ ǇǊƻƧŜŎǘΦ  

1.8. Thesis structure 

The literature review is presented as Chapter 2. Chapter 3 describes the sub-hourly rainfall 

dataset, the QC it was subject to, and the impact QC has on extreme values present in the 

dataset, this material has been resubmitted after revision for publication to the Quarterly 

Journal of the Royal Meteorological Society (QJRMS). Chapter 4 explains how independent 

rainstorms were extracted from the quality-controlled time series data and describes their 

climatology. Chapter 5 examines the FSR method for synthetic hyetograph estimation as well 

as the use of dimensionless mass curves as alternative, three different methods for the 

estimation of alternative synthetic hyetographs are explored. As chapters 3-5 have been 

written as papers, Chapter 6 provides the link between the previous chapters by discussing 

the overall implications for flood estimation methods that arise from the results in previous 

chapters.  

 



9 
 

Chapter 2. Literature review 

A wide variety of topics are required to contextualise this thesis, its methods, and results. This 

chapter presents a broad review of the most important literature to the topics of flooding, 

extreme value analysis, rainfall quality control, UK rainfall and flood estimation methods, 

design hyetographs and climate change  

2.1. Flooding 

The flood threats faced by GB are varied, they include coastal, ground-water, fluvial and pluvial 

sources (Pitt, 2008), as well as events where two or more flood sources coincide in space or 

time, or where flooding coincides with other extremes such as wind (Zscheischler et al., 2020; 

Owen et al., 2021). This review focuses on fluvial and especially pluvial flood sources.  

GB floods can be broadly categorised as summertime floods and wintertime floods, as the 

processes that force these events vary seasonally (Ledingham et al., 2019 and references 

therein). Winter (DJF) is the dominant season for fluvial floods in GB, with a tendency towards 

an earlier peak in autumn (SON) in wetter areas to the west and north. Very few river gauging 

sites ς mainly urban and small catchments ς have peak flood frequency in the summer (Bayliss 

& Jones, 1993; Black & Werritty, 1997). The main forcing behind these seasonal patterns is 

believed to be changes in soil moisture, as fluvial floods are triggered at high soil saturation 

points where excess rainfall is converted to runoff more rapidly, and these high soil saturation 

levels are commonly found in the UK wintertime (Cunderlik & Burn, 2002; Ledingham et al., 

2019).  

Examples of recent, large-magnitude GB winter floods include the 2009 Cumbria floods, forced 

by then record-breaking rainfall and which set new maximum flow records in 17 flow gauging 

stations (Miller et al., 2013). These were followed by the widespread and long-lasting 

December 2013 and February 2014 floods, triggered by persistent heavy rainfall and the 

wettest winter on record since 1910 ς when records began ς (Muchan et al., 2015; Thorne, 

2014). The winter 2015/2016 floods once again broke rainfall records (with the wettest 

December, and second wettest winter on record at the time) and witnessed widespread and 

severe flooding, notably in Cumbria (Barker et al., 2016).  The February 2020 floods, which 

were particularly severe in Wales and were forced by record-breaking rainfall in Wales, 

England, and Northern Ireland (Davies et al., 2021). More recently (2022), flooding in the 

Severn catchment has followed after heavy rainfall from a sequence of 3 winter storms within 
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a week (BBC, 2022). These events were all fluvial in nature and associated with prolonged 

rainfall over saturated or near-saturated soils. Note that the record-breaking aspect of rainfall 

and river flows associated to these floods is unsurprising given the short length of existing 

data records and the underlying spatio-temporal dependencies involved (Serinaldi & Kilsby, 

2018; Vesuviano et al., 2021).  

GB summertime floods tend to be more localised than wintertime floods as higher 

temperatures and evapotranspiration keep soil moisture levels low. Notable exceptions to this 

include the summer 2007 and 2019 floods. The former had direct impacts on over 60,000 

people in northern England during June, and on over 350,000 people during the July floods in 

southern England. Flooding was both pluvial and fluvial in nature, as heavy sustained rainfall 

combined with severe thunderstorms to both saturate soils and overwhelm local drainage 

systems (Pitt, 2008). While less widespread, the 2019 floods also resulted from combined 

frontal and convective rainfall which caused both pluvial and fluvial flooding in England, of 

particular note was the evacuation of Whaley Bridge after damage to Toddbrook Reservoir in 

the Peak District (Sefton et al., 2021).  

Beyond these widespread summertime events, multiple examples of severe localised flooding 

have been recorded, including the 2004 Boscastle floods, the 1975 Hampstead Heath storm, 

ŀƴŘ ǘƘŜ нлмн Ψ¢ƻƻƴ aƻƴǎƻƻƴΩ (Golding et al., 2005; Hand et al., 2004; Clark & Webb, 2013). 

These events are a small sample among at least 3,706 historical flash floods for which records 

exist. These generally occur in small catchments (area under 100 km2) and have response 

times that range from near instantaneous to under 1-hr (Archer et al., 2019). Flash floods 

require intense rainfall, however no absolute threshold can be defined as catchment 

characteristics moderate hydrological responses to rainfall (Loczy et al., 2012; Archer et al., 

2019). In addition, urban areas are susceptible to pluvial flooding due to heavy downpours 

due to the presence of impervious land cover and (locally) insufficient drainage capacity (e.g. 

Cristiano et al., 2017; Veldhuis et al., 2018).  

Barring natural events such as snowmelt or coastal floods, and human causes such as dam 

failures, most fluvial flooding and (by definition) all pluvial flooding are caused by rainfall. 

There is considerable debate regarding the coincidence of extreme rainfall and flooding, in 

particular related to the return periods (RP) or annual exceedance probabilities (AEP) of 

flooding associated to rainfall of certain AEP given that soil moisture conditions moderate 

floods even within urban catchments (Ledingham et al., 2019; Cunderlik & Burn, 2002; Wasko, 
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Nathan, et al., 2021; Hettiarachchi et al., 2019; Fidal & Kjeldsen, 2020; Vesuviano et al., 2020). 

Nevertheless, rainfall-driven flood estimation methods are widespread, and they present a 

series of advantages over flow gauge derived statistical analysis, including generally more 

plentiful rainfall records and the ability to provide useful information for use in ungauged 

catchments (Faulkner, 1999).  

2.2. Extreme value analysis 

Statistical models are the preferred tool for the analysis of rainfall extremes. As with rainfall 

events, statistical models of rainfall can be classified into univariate (e.g., the growth curves 

that underlie intensity duration frequency (IDF) and DDF models) or multivariate (e.g., copula-

based) models. An overview of these methods, their main uses, and limitations is provided 

ƘŜǊŜ ŀǎ ƴŜŎŜǎǎŀǊȅ ŎƻƴǘŜȄǘ ŦƻǊ ŦƭƻƻŘ ŜǎǘƛƳŀǘƛƻƴ ƳŜǘƘƻŘǎ ŀƴŘ ǘƘƛǎ ǘƘŜǎƛǎΩ ƳŜǘƘƻŘǎ ŀƴŘ 

discussion.  

The fundamental goal of extreme value analysis is to describe the behaviour of a process at 

unusually large (or small) levels. It is frequently used to estimate the magnitude of events that 

are of a greater (smaller) magnitude than have been observed and to estimate the probability 

of occurrence of such extreme events. Extreme value models are often asymptotic in nature 

ς they model the expected behaviour of a quantity as the number of observations tends to 

infinity ς and are derived using an idealised set of assumptions which may differ from the 

physical process that generates the observations being modelled. As such, users should be 

aware of limitations inherent to extreme value models (Chow et al., 1988; Stedinger et al., 

1993; Coles, 2001). 

2.2.1. Univariate analysis  

Classic introductions to the field of hydrologic statistics can be found in Chow et al. (1988) and 

Stedinger et al. (1993). Coles (2001) represents a highly cited general introduction to the 

statistical modelling of extreme values. Three general types of models are used in univariate 

analysis of extreme rainfall: block maxima, peaks-over-threshold, and regional models. 

Block maxima models arise from grouping long sequences of identically distributed, 

independent observations ὢȟὢȟȣ  into blocks of length n, for some large value of n. The 

largest value within each m block is extracted to form a series of block maxima ὓ ȟȟȣȟὓ ȟ . 

Calendar years or hydrologic years are frequently used to define blocks, which leads to the 

customary designation of block maxima as annual maxima (AM). In general, larger values of 
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m and n, increase the information about the underlying statistical process and improve 

statistical modelling (Coles, 2001).  

The ὓ  values of a block maxima series converge to the generalised extreme value (GEV) 

distribution family: 

 
0Òὓ ᾀ ὋὉὠᾀ  Ὡὼὴ ρ ‚

ᾀ ‘

„

ϳ

ȟ Equation 2.1 

where ‘ is the location parameter, „ is the scale parameter and ‚ is the shape parameter. The 

GEV is defined on the set ᾀȡρ ‚ π where Њ ‘ Њ, „ π, and Њ ‚

Њ. Extreme quantiles ᾀ of the AMS distribution can be estimated by inverting Equation 2.1: 

 
ᾀ

‘
„

‚
ρ ÌÎρ ὴ ȟ Ὢέὶ ‚ π

‘ „ÌÎρ ÌÎρ ὴ ȟ Ὢέὶ ‚ π
 Equation 2.2 

where ὋὉὠᾀ ρ ὴ, ὴ is the AEP of the return level ᾀ, with a return period ρȾὴ (Coles, 

2001). The use of return periods is known to lead to confusion, especially in multivariate or 

non-stationary settings (Serinaldi, 2015), however it is still referred to in most literature 

regarding rainfall extremes as well as UK guidance (e.g. Stewart et al., 2013).  

The value of ‚ determines the family of the GEV and the behaviour of the tail (superior) end 

of the distribution and its shape. The case ‚ π is referred to as the Gumbel (GEV type I) 

distribution which has a linear, un-bounded, return level plot (a plot of (ÌÎ ρ ὴ, ᾀ) 

commonly used to diagnose GEV goodness of fit). Fréchet (GEV type II) distributions meet the 

condition ‚ π and are considered heavy tailed as their return level plots are concave and 

have no finite bound. Finally, the Weibull (GEV type III) distribution occurs when ‚ π, it has 

a convex return level plot that is limited as ὴO Њ at ‘ „Ⱦ‚. Note that ‚ values and their 

interpretations are frequently reversed in the literature as the minus sign present in the 

exponent of Equation 2.1 may be missing (Chow et al., 1988; Stedinger et al., 1993; Coles, 

2001). 

The global studies of ‚ for daily precipitation (Papalexiou & Koutsoyiannis, 2013; Serinaldi & 

Kilsby, 2014; Ragulina & Reitan, 2017) have shown a tendency towards positive ‚ values and 

heavy tailed distributions of extreme rainfall. Changes in ‚ with duration are not frequently 

reported in the literature, with no discernible trend in Dutch sub-daily data studied by 

Overeem et al. (2008) which justified their selection of a DDF model with a fixed ‚ value. 
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Similar results were obtained by Stephenson et al. (2016) using Australian data.  The limited 

study of relationships between ‚ and duration may be due to the relative brevity of sub-daily 

records, which limits the robustness of GEV parameter estimation, and the widespread use of 

IDF/DDF models for which ‚ has long been considered constant with duration (Koutsoyiannis 

et al., 1998).  

!ǎ ōƭƻŎƪ ƳƻŘŜƭǎ ƻƴƭȅ ǎŀƳǇƭŜ ǘƘŜ ƭŀǊƎŜǎǘ ǾŀƭǳŜ ƛƴ ŜŀŎƘ ōƭƻŎƪ ǘƘŜȅ ŀǊŜ ΨǿŀǎǘŜŦǳƭΩ ŀǎ ƻǘƘŜǊ ƭŀǊƎŜ 

values within each block are dismissed, even if they are larger than the maximum at another 

block. Threshold models try to ŀǾƻƛŘ ǘƘƛǎ ƛǎǎǳŜ ōȅ ǎŀƳǇƭƛƴƎ ŀƭƭ ΨƭŀǊƎŜΩ ƻōǎŜǊǾŀǘƛƻƴǎΣ ǿƘŜǊŜ 

ΨƭŀǊƎŜΩ ƛǎ ŘŜŦƛƴŜŘ ǳǎƛƴƎ ŀ ǎǳƛǘŀōƭȅ ƘƛƎƘ ǘƘǊŜǎƘƻƭŘ ǾŀƭǳŜΦ If block maxima have an approximating 

GEV distribution, then the excesses over a high threshold ὢ ό of an independent and 

identically distributed random variable ὢ that are larger than a sufficiently large threshold ό 

have a corresponding approximate distribution within the generalised Pareto (GP) distribution 

family: 

0Òὢ ό ώȿ ὢ ό Ὃὖώ  ρ
‚ώ

„

ϳ

ȟ Equation 2.3 

where ‚ is equal to that of the corresponding GEV distribution and „ = „ ‚ό ‘. 

Interpretations of ‚ made for the GEV family also hold for the GP family of distributions 

(Stedinger et al., 1993; Coles, 2001).  

The phrase peak-over-threshold (POT) is usually used to describe threshold models as they 

sample the values (peaks) that exceed a threshold. AM block maxima models are often 

preferred in applications such as the derivation of IDF curves (e.g., Hogg et al., 1985; Stedinger 

et al., 1993; Koutsoyiannis et al., 1998; Papalexiou & Koutsoyiannis, 2013; Van de Vyver, 2015; 

Mantegna et al., 2017; Lutz et al., 2020; Roksvåg et al., 2021) or DDF (e.g., Overeem et al., 

2008, 2009) due to ease of sampling and interpretation of frequency results. Despite the 

additional complication of threshold selection in POT models (Stedinger et al., 1993; Coles, 

2001; Deidda, 2010; Langousis et al., 2016), they remain as a popular alternative to block 

maxima models (e.g., Serinaldi & Kilsby, 2014; Jones et al., 2014; Lee et al., 2019).  

The models above assume that the underlying process consists of a sequence of independent 

random variables, however temporal independence may be an unrealistic assumption when 

studying rainfall extremes. Random variables which may be mutually dependent, but where 

the underlying stochastic properties are homogeneous over time, are stationary. Stationary 
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processes may be modelled using the block-maximum and POT models described above, 

however care must be taken during POT modelling to avoid the inclusion of more than one 

variable from clustered, temporally dependent extremes. The alternative to a stationary 

process is a process where the stochastic properties of random variables are heterogeneous 

or time-dependent, these are known as non-stationary processes (Coles, 2001). Important 

considerations when contemplating the use of non-stationary models include thorough 

exploratory data analysis that establishes a well-defined mechanism as cause for non-

stationarity, though there is concern that the additional uncertainty introduced into statistical 

models by non-stationarity reduces the reliability of modelling results (Serinaldi & Kilsby, 

2015).  

Regional frequency analysis represents a family of methods that are used to aggregate data 

ŦǊƻƳ ƳǳƭǘƛǇƭŜ ǎƛǘŜǎ ǘƻ ΨŜȄǘŜƴŘΩ ŀ ǊŜŎƻǊŘ ŀƴŘ may provide better estimates of long return period 

extremes than single-site estimates using the above methods (Stedinger et al., 1993; Hosking 

& Wallis, 1997). These methods commonly rely on the standardisation of records by an index 

variable, commonly referred to as an index flood when used in flood estimation. They can be 

categorised into fixed-region (Hosking & Wallis, 1997) or region of influence (ROI) (Reed et al., 

1999; Stewart et al., 2013; Ball et al., 2019) methods based on how each method defines a 

region with homogeneous extreme rainfall characteristics. ROI methods generate flexible 

regions centred around a point and sequentially aggregate data from different observation 

sites as needed, while fixed region methods define sets of homogeneous sites and present the 

problem of possibly sharp changes in return level estimates along region boundaries.  

2.2.2. Multivariate analysis  

Multivariate analysis of hydrological processes such as floods and rainfall has been in 

development at least since 1980. Among others, multivariate Gaussian, lognormal, and 

exponential distributions were used to model joint probabilities of hydrological events (see 

Yue & Rasmussen, 2002 and references therein). These models are limited by the need for 

clearly defined marginal distributions, a lack of extension beyond the bivariate case, and lack 

of an explicit model for variable dependence (Favre et al., 2004).  

Copulas ς from the Latin copulaΥ Ψ ŀ ƭƛƴŜΣ ǘƛŜ ōƻƴŘΩ ς are functions that represent the 

dependency structure between two or more variables and their link with one-dimensional 

marginal distributions (Sklar, 1959; Nelsen, 2006). They represent a practical and efficient 

method to model dependence between two or more variables, with the advantage that 
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copulas are not determined by the marginal distributions associated with each variable (hence 

the dependency structure can be studied separately to each marginal distribution), and that 

they can be extended beyond the bivariate case (Chen & Guo, 2019).  

Without loss of generality, consider the bivariate case: let Ὂ  be a joint distribution function 

with marginal functions Ὂ and Ὂ. Then there exists a bivariate copula (2-copula) ╒ such that 

Ὂ ὼȟώ ╒Ὂ ὼȟὊ ώ ȟ Equation 2.4 

for all real ὼȟώȢ If Ὂ and Ὂ are continuous then ╒ is unique; it is useful for applications to 

consider both marginal functions as continuous and strictly increasing functions. Conversely, 

if ╒ is a copula function, then Ὂ  is a joint probability function with marginals Ὂ and Ὂ 

(Salvadori et al., 2007; Chen & Guo, 2019).  

The first applications of copulas (Sklar, 1959) to hydrological processes (De Michele, 2003; 

Salvadori & De Michele, 2004; Favre et al., 2004) demonstrated the superiority of this 

framework over prior multivariate models in hydrology as copulas can explicitly model 

complex dependencies between variables, and unlike previous multivariate models, they can 

be constructed with any marginal distribution. Copulas have since become well established in 

hydrology, and they have been used in a wide range of applications including: multivariate 

return period estimation (Salvadori & De Michele, 2004; Salvadori et al., 2011; GǊɉaler et al., 

2013; Serinaldi, 2015), design hyetographs and hydrographs (Grimaldi & Serinaldi, 2006; Kao 

& Govindaraju, 2008; Serinaldi & Kilsby, 2013; Liu et al., 2018), event based and continuous 

rainfall generators (Serinaldi, 2009; Vandenberghe et al., 2010; Vernieuwe et al., 2015; Callau 

Poduje & Haberlandt, 2018; Jun et al., 2018), regional frequency analysis (Chebana & Ouarda, 

нллтΤ aŀǎǎŜƭƻǘ Ŝǘ ŀƭΦΣ нлмтΤ ~ƛƳƪƻǾłΣ нлмтΤ tŀǇǇŀŘŁ Ŝǘ ŀƭΦΣ нлмуύ, and to decompose 

multivariate dependency structures (Villalobos-Herrera et al., 2021). The basics of copulas and 

their use in hydrologic applications have been discussed by Salvadori et al. (2007) and Chen 

and Guo (2019).  

2.3. Quality control of rain gauge data 

The QC of large datasets of meteorological observations are generally carried out by national 

meteorological or hydrological agencies as part of their functions, usually in a semi-regular 

process as data is ingested and stored; or whenever a dataset is compiled from multiple 

sources by a third party. This section establishes the need for QC, followed by the QC 

requirements expected by the WMO for high-quality data. This is followed by an overview of 
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the literature relevant to the QC of rain gauge data from multiple sources, with a focus on 

large datasets, automatic procedures, and multi-source data.  

2.3.1. The need for QC 

Systematic errors in rainfall measurements include wind loss or under-catch (Pollock et al., 

2018), wetting loss, evaporation loss, and tipping errors (McMillan et al., 2012). The 

accumulation of these errors may result in 30% or higher underestimates of precipitation that 

reaches the ground, yet these errors are generally uncorrected. Tipping-bucket rain gauges 

have additional sources of error due to their operating mechanism: they have a finite 

resolution (conventionally 0.2 mm) and the finite time taken by the bucket when it tips may 

cause appreciable errors for rainfall intensities over 250 mm hr-1 (WMO, 2008). In addition, 

rain gauge funnels are prone to obstructions, particularly by snow or vegetation. The removal 

of these blockages may produce sharp spikes in rainfall records (Wood et al., 2000). 

Rain gauge data is not the only source of rainfall information, for example satellite and radar 

rainfall estimates are available for large portions of the globe and developed countries 

respectively. However both radar and satellite rainfall estimates have errors (Bárdossy & 

tŜƎǊŀƳΣ нлмтΤ {ǳƴ Ŝǘ ŀƭΦΣ нлмуΤ hŎƘƻŀπwƻŘǊƛƎǳŜȊ Ŝǘ ŀƭΦΣ нлмфΤ ¢ƛŀƴ Ŝǘ ŀƭΦΣ нллфύ that make them 

unreliable for the automated QC of complex datasets, even though they are valuable as a 

confirmation during manual checks. 

2.3.2. International guidelines 

The WMO guidelines on surface station data quality control are a relatively high-level 

document intended for use by national meteorological and hydrological services or other 

entities with interest in the QC of meteorological observations (WMO, 2021). It distinguishes 

between quality assurance (QA) and QC as separate but complementary practices: QA 

ǊŜǇǊŜǎŜƴǘǎ άǘƘŜ ǇǊƻŎŜǎǎ ŦƻǊ ƳŀƛƴǘŀƛƴƛƴƎ a satisfactory level of quality in a data set or data 

collection so that the data available to potential users are sufficiently reliable and complete 

and can be used with confidenceέ (WMO, 2021) and concerns itself with the diagnosis of 

systemic patterns of error in the data life cycle. Meanwhile they refer to QC as the tools and 

practices employed to verify if observations are representative of the phenomenon being 

observed by ensuring that errors in the data or its continuity are detected and flagged. This 

second definition aligns well with the processes used in this thesis to check rain gauge 

ƻōǎŜǊǾŀǘƛƻƴǎΣ ŀǎ ǘƘŜ ǊŜǎƻƭǳǘƛƻƴ ƻŦ ǎȅǎǘŜƳƛŎ Ŧŀǳƭǘǎ ƛǎ ōŜȅƻƴŘ ǘƘŜ ǘƘŜǎƛǎΩ ǎŎƻǇŜΦ {ƛƳƛƭŀǊƭȅΣ ǘƘŜ 

WMO distinguishes between QC, homogenization, infilling missing data, and the 
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disaggregation of cumulative precipitation as separate processes (WMO, 2021), this approach 

is followed here.  

QC principles that are of high importance and relevance include the need to ensure: 

¶ Proper documentation and process traceability. 

¶ Record-keeping of the outcome of every objective QC test. 

¶ Storage of the QCd and original data.  

Other principles, such as the representativeness of each observation site regarding its 

surroundings, instrument calibration, and network upkeep are clearly relevant to network 

operators, but not to a post-hoc QC process (WMO, 2021).  

WMO guidelines distinguish three QC categories: automated, semi-automated, and manual. 

Of these, manual checks are labour-intensive, subjective and depend on operator knowledge 

and access to corroborating information, and is only recommended when a small amount of 

data must be checked or when access to QC software is limited. Fully automated QC scans the 

data and assigns flags without operator intervention, though great care should be taken to 

avoid flagging too many or too few potentially suspect values, some error is deemed inevitable 

at this stage. The future potential of machine learning techniques is mentioned as a way of 

improving automated QC. Finally, semi-automated QC is a compromise between both 

methods, where a manual follow-up check is carried out on observations flagged by an 

automated QC. As before, this process can be subjective and depends on suitable access to 

corroborating information by the QC operator (WMO, 2021). 

The WMO classifies QC tests into five categories (WMO, 2021): 

¶ Constraint (tolerance) tests are range tests that ensure observations fall within the 

theoretical limits of the observing sensor and the physical phenomenon under 

observation. 

¶ Consistency tests ensure that data from two or more sources are consistent. This 

can be sub-classified into: 

o Internal consistency refers to observations of different variables (e.g., 

rainfall and sunshine) at the same location. 

o Temporal consistency refers to checks against the time-of-year and between 

consecutive observations. 
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o Spatial consistency compares observations of the same variable at two or 

more adjacent locations. 

o Summarization consistency ensures that summations at different durations 

(e.g., daily and hourly rainfall totals) agree with each other.  

¶ Heuristic tests rely on experience to test for inconsistent/unlikely values. 

¶ Data provision (completeness) tests seek to identify faults related to gaps between 

observations or observation timing or formatting errors.  

¶ Statistical tests are varied and can analyse observations against historical data, look 

for signs of unexpected spatial or temporal variability such as spikes and streaks in 

the data. Many spatial and temporal consistency tests tend to be part of this 

category.  

High-frequency data, such as sub-hourly rain gauge observations, should be subject to 

consistency tests and domain (constraint) tests, with the explicit inclusion of spike tests, rapid 

change tests, and flat line (streak) tests (WMO, 2021).  

Note that these classifications and recommendations are largely identical to those included in 

the draft guidance published in 2018 which was used throughout the development of this 

thesis (Chambers et al., 2018), the final published guidelines was published after the QC work 

had been completed but it was developed by the same authors and is consistent with the draft 

guidance. A notable difference is the exclusion of completeness tests from the recommended 

tests for high-frequency data in the final guidelines.  

2.3.3. QC of daily rainfall data 

The global historical climatology network (GHCN)-daily is a large dataset ς with over 

ρȢυ ρπobservations at over 40,000 observation sites ς of historical daily meteorological 

data compiled and maintained by the National Climatic Data Center (NCDC) ƻŦ ǘƘŜ ¦{!Ωǎ NOAA 

(Durre et al., 2010; Menne et al., 2012). The QC system developed for this database consists 

of 19 automated checks on 5 meteorological variables. Fully automatic procedures have been 

developed as a semi-automatic QC was deemed impractical due to the need for constant 

reprocessing and updates to the dataset which would make a manual check on flagged values 

prohibitively time-consuming. The precipitation checks used are presented in Table 2.1 as 

classified using the draft WMO guidelines classification (Chambers et al., 2018), note that 

completeness, summarization consistency, and spike tests are not included. Overall, the QC 
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procedures remove about 0.24% of all GHCN-Daily observations, with most removals taking 

place due to internal and temporal consistency checks (Durre et al., 2010). Similar methods 

were adopted in the preparation of the HadISD synoptic report database (Dunn et al., 2012), 

though this dataset does not quality control precipitation data (Dunn et al., 2016).  

2.3.4. QC of hourly rainfall data 

Hourly observations from rain gauges operated by the U.S. Geological Survey (USGS), the U.S. 

Army Corps of Engineers (USACE) and Remote Automated Weather Stations (RAWS) operated 

ōȅ ǘƘŜ ¦Φ{Φ 5ŜǇŀǊǘƳŜƴǘ ƻŦ !ƎǊƛŎǳƭǘǳǊŜΩǎ ό¦{5!Ωǎύ CƻǊŜǎǘ {ŜǊǾƛŎŜ ŀǊŜ ŎƻƭƭŜŎǘŜŘ ŀƴŘ ǎǳōƧŜŎǘ ǘƻ 

ΨǊŜŀƭ-ǘƛƳŜΩ ŀǳǘƻƳŀǘƛŎ v/ ōȅ ǘƘŜ IȅŘǊƻƳŜǘŜƻǊƻƭƻƎƛŎŀƭ !ǳǘƻƳŀǘŜŘ 5ŀǘŀ {ȅǎǘŜƳ όI!5{ύ ƻŦ ǘƘŜ 

US National Weather Service (NWS). The QC checks include formatting, tolerance, spatial, 

temporal, and internal consistencies, and occasional manual. Particularities of interest include 

the use of lightning data as an indicator of thunderstorm activity which relaxes the use of the 

spatial consistency checks due to the highly local nature of the rainfall associated with these 

ŜǾŜƴǘǎΦ LƴǘŜǊƴŀƭ ŎƻƴǎƛǎǘŜƴŎȅ ŎƘŜŎƪǎ ƳŀƪŜ ǳǎŜ ƻŦ b²{Ωǎ ŀŎŎŜǎǎ ǘƻ ǊŀŘŀǊ ŀƴŘ ǎŀǘŜƭƭƛǘŜ ǊŀƛƴŦŀƭƭ 

ŜǎǘƛƳŀǘŜǎ ǘƻ ǘŜǎǘ ŦƻǊ ΨǎǘǳŎƪΩ Ǌŀƛƴ ƎŀǳƎŜǎ ǘƘŀǘ ŀǊŜ ƴƻǘ ǊŜƎƛǎǘŜǊƛƴƎ ǊŀƛƴŦŀƭƭ ǿƘŜn it occurs. Manual 

checks by on-duty forecasters were also used. (Kondragunta & Shrestha, 2006; Kim et al., 

2009). The multi-sensor checks were expanded upon to develop three-dimensional radar and 

quantitative precipitation estimate (gauge-corrected re-analysis precipitation fields) mosaics 

(Qi et al., 2016). As before, the precipitation checks used in these papers are presented in 

Table 2.1 and classified using the draft WMO guidelines classification (Chambers et al., 2018), 

note that no completeness, summarization consistency, streak or spike tests are included. 

The QC procedures used in this thesis have been developed in the context of a long-running 

QC development at Newcastle University that started with the publication of Blenkinsop et al. 

(2017). QC of hourly resolution data presented here became the basis for the QC of the sub-

hourly data used in this dissertation. Data was sourced from the UK Met Office Integrated 

Data Archive System (MIDAS), SEPA, and the EA for the period 1990-2014, SEPA and MIDAS 

data were of hourly resolution while EA data was a mix of tip-time data and 15-min 

accumulations. MIDAS and EA data were subject to internal QC, including the use of check 

gauges by the EA. This QC was used as a starting point (for example data marked as suspect 

by the EA was treated as missing) however some suspicious records were still observed in the 

remaining dataset. Temporal changes in the quality of EA data were also observed, with a 

sharp increase in unchecked data after 2003.  
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In total eleven QC procedures were used, most of which have been incorporated or 

superseded in further work developed to QC a gridded hourly dataset for the UK (Lewis et al., 

2018) and a global sub-daily rain gauge dataset (Lewis et al., 2019, 2021), and which are 

discussed in detail in Chapter 3. A test which was not carried forwards was the comparison of 

24h totals accumulated from the hourly data using the standard record time of 0900 with the 

QCd UKCP09 5km gridded daily rainfall dataset from the Met Office. Rain gauges that were 

excluded by this test were not included in posterior checks of UK data as they had already 

been deemed untrustworthy.  

2.3.5. Sub-hourly QC 

Little work is available regarding QC at sub-hourly timescales, partly due to a lack of available 

data and analysis at these durations. Upton and Rahimi (2003) established the usefulness of 

tip-time records as part of automated QC procedures. Using 2 years of observations from a 

small network of gauges around Bolton, England, they determined that 0.2 mm tips separated 

by 3-seconds or less were never credible. Two additional single-site tests were described and 

used to detect slow-tipping or increasing inter-tip times associated with blocked gauges. The 

3-second threshold informed the sub-hourly QC described in Chapter 3 (Upton & Rahimi, 

2003). The QC of Dutch citizen science observations was the first large-scale application of QC 

procedures exploiting sub-hourly rainfall data. All tests (see Table 2.1) involved checks against 

neighbouring gauges, and omitted most of the checks suggested by the WMO (de Vos et al., 

2019).-
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Table 2.1. Precipitation checks found in referenced automatic QC methods, classified according to draft WMO guidelines (Chambers et al., 2018) 

WMO test class 
GHCN ς Daily (Durre et al., 2010)  

U.S. NWS ς NOAA (Kondragunta & Shrestha, 2006; Kim 
et al., 2009; Qi et al., 2016) 

Dutch citizen-science observations 
(de Vos et al., 2019) 

Daily rainfall data that meets the following conditions is flagged: 
Hourly data that meets the following conditions is 

flagged 
5-min accumulations were flagged 

based on: 

Format 
Observations flagged as multi-day accumulations in metadata  
hōǎŜǊǾŀǘƛƻƴǎ ǘƘŀǘ ŀǊŜ ŦƭŀƎƎŜŘ ŀǎ Ψ¢ǊŀŎŜΩ ƛƴ ƳŜǘŀŘŀǘŀΦ 

Gross error checks 
None 

Completeness None None None 

C
o
n

si
st

e
n

cy 

Internal Snow observations when temperature is above freezing. 
Multi-sensor test using radar and satellite rainfall 
ŜǎǘƛƳŀǘŜǎ ǘƻ ƛŘŜƴǘƛŦȅ ΨǎǘǳŎƪΩ ƎŀǳƎŜǎ ǘƘŀǘ ǊŜƎƛǎǘŜǊ ȊŜǊƻ 
values during rainfall events.  

None 

Temporal Duplicate [annual and monthly] values  

Checked by comparing hourly rain gauge and radar 
ƻōǎŜǊǾŀǘƛƻƴǎΣ ƛŦ ōƻǘƘ ŀǊŜ җ л ǘƘŜƴ Ǌŀƛƴ ƎŀǳƎŜ ƻōǎŜǊǾŀǘƛƻƴǎ 
are deemed valid. If radar estimates are zero and rain 
observations exceed a threshold, the rain gauge data is 
flagged. 

None 

Spatial 
Checks for observations that differ significantly from totals and percentiles at neighbouring 
gauges reported on the preceding, current and following days.  

{ǘŀǘƛǎǘƛŎŀƭ ŎƘŜŎƪ ŀƎŀƛƴǎǘ ƻǘƘŜǊ ƎŀǳƎŜǎ ǿƛǘƘƛƴ ŀ мɕ ōȅ мɕ 
grid where outlier gauges are identified, subject to a 
convective rainfall screening procedure 

Multi-ƎŀǳƎŜ ǘŜǎǘ ǘƻ ƛŘŜƴǘƛŦȅ ΨǎǘǳŎƪΩ ƎŀǳƎŜǎ ǘƘŀǘ ǊŜƎƛǎǘŜǊ 
zero values during rainfall events. 

Faulty zeros, high influx, and 
station outlier tests were all based 
on checks against neighbouring 
gauges.  

 

Summarization None None None 

Tolerance/ 
range 

Values exceeding the world record (1828.8 mm/day)  

Rainfall under 0 mm 

Values more than 300 mm larger than any other observations in a given location and calendar 
month 

Daily totals that exceed the 29-day climatological 95th percentile by a factor of 9 or 5 if 
temperature is above or below freezing, respectively. 

Rainfall under 0 mm 

Outliers are identified by comparison with 25th and 75th 
quantiles and an estimate of mean deviation in each 
gauge 

None 

Streak 

Runs of 20 or more consecutive values (missing values and zeros are skipped). 

ф ƻǊ ƳƻǊŜ ƻǳǘ ƻŦ мл ŎƻƴǎŜŎǳǘƛǾŜ ǾŀƭǳŜǎ ŀǊŜ ƛŘŜƴǘƛŎŀƭ ŀƴŘ ŜȄŎŜŜŘ ǘƘŜ ƭƻŎŀǘƛƻƴΩǎ олth percentile 

8 or more out of 10 consecutive values are identical and exceed the ƭƻŎŀǘƛƻƴΩǎ рлth percentile 

т ƻǊ ƳƻǊŜ ƻǳǘ ƻŦ мл ŎƻƴǎŜŎǳǘƛǾŜ ǾŀƭǳŜǎ ŀǊŜ ƛŘŜƴǘƛŎŀƭ ŀƴŘ ŜȄŎŜŜŘ ǘƘŜ ƭƻŎŀǘƛƻƴΩǎ тлth percentile 

р ƻǊ ƳƻǊŜ ƻǳǘ ƻŦ мл ŎƻƴǎŜŎǳǘƛǾŜ ǾŀƭǳŜǎ ŀǊŜ ƛŘŜƴǘƛŎŀƭ ŀƴŘ ŜȄŎŜŜŘ ǘƘŜ ƭƻŎŀǘƛƻƴΩǎ флth percentile 

None 

None 

Spike None None None 
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2.4. Climatology of GB rainfall and its extremes 

2.4.1. General characteristics of GB rainfall 

The GB climate is determined by its position in the northern hemisphere off the north-western 

coast of Europe, in the latitude of predominantly westerly winds, and its surrounding bodies 

of water (Met Office, 2013). The warm North Atlantic Drift and the seas around the British 

Isles moderate temperature extremes and represent moisture sources which give GB an 

oceanic climate with cool, wet winters and warm, wet summers according to the Köppen 

climate classification (Peel et al., 2007; Hulme & Barrow, 1997). The location of GB near the 

polar front jet stream puts it close to the normal path of low-pressure systems (depressions) 

that tend to pass over Britain in less than two days (Chandler & Gregory, 1976) and European 

windstorms associated with frontal rain bands. These are separated by anticyclonic, high-

pressure ridges associated with drier conditions; this alternating sequence of synoptic systems 

means GB weather is highly changeable (Met Office, 2013; Hulme & Barrow, 1997). .  

Precipitation is generally caused by the upward motion of air parcels which are adiabatically 

cooled to their dew point, causing water vapor to condense into droplets which coalesce and 

precipitate (Chow et al., 1988). The mechanisms that motivate air parcels to rise and hence 

that force GB rainfall are frontal systems (generally associated with low-pressure systems 

embedded in the predominant westerly circulation), atmospheric uplift by hills and mountains 

that leads to orographic precipitation, and local atmospheric instability which leads to 

convective precipitation (Hulme & Barrow, 1997). Substantial seasonal and geographic 

variations in the frequency and occurrence of these mechanisms ultimately control G rainfall 

variability.  

The predominantly westerly circulation that drives moist oceanic airmasses, and the high 

ground along the western coasts of Britain cause a remarkable east-west pattern in GB rainfall. 

Western Scotland, Snowdonia and the Lake District register average annual rainfall (AAR) that 

is up to 20 times larger than that in East Anglia and the Thames estuary because they are 

nearer to the normal track of low-pressure systems and their associated rain fronts, and due 

to orographic precipitation and enhancement. This geographic pattern is present year-round 

though it is stronger in autumn and winter when the frequency of low-pressure systems is 

highest (Met Office, 2013; Hulme & Barrow, 1997).  
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Convectively forced rainfall is strongly seasonal, more intense, and more localised than frontal 

and orographic precipitation, with peak frequency in England between May and August. This 

seasonal pattern mirrors seasonal variations in surface temperature (Hulme & Barrow, 1997; 

Met Office, 2013). Organized convection in the form of mesoscale convective systems (MCSs) 

is rare in GB, with an average frequency of one or two systems per year, and are often 

associated with plumes of unstable air that move from Spain towards northern France and 

southern England (Lewis & Gray, 2010).  

2.4.2. Spatial and temporal variability of GB rainfall extremes 

General studies of extreme GB rainfall have largely been associated with design rainfall efforts, 

they have studied the characteristics of extremes as defined by monthly, seasonal and annual 

maximum values of hourly to multi-day rainfall accumulations (Institute of Hydrology, 1975; 

Faulkner, 1999; Dales & Reed, 1989; Stewart et al., 2013). As expected from large-scale studies 

with considerable overlapping data (especially regarding daily and multi-day rainfall 

accumulations), their results are consistent and mirror in many ways the general 

characteristics of GB rainfall discussed in Section 2.4.1. 

Geographic variation in extreme daily rainfall follows closely the variation in AAR reported in 

Section 2.4.1 with larger values expected along the elevated, western coast of GB and low 

daily totals expected in the east (Institute of Hydrology, 1975; Faulkner, 1999; Stewart et al., 

2013). A principal components analysis (PCA) of descriptors of extreme daily rainfall, including 

distribution parameters (GEV and GP), created comprehensive extreme rainfall regions for the 

UK that reflect geographic variations in maxima magnitude (which is similar to variation in 

AAR) and variance (which is greater along the eastern coast of GB) as well as seasonal 

variations that are congruent with other analyses of daily extremes discussed below (Jones et 

al., 2014).  

Geographic variation in hourly extreme rainfall follows a north-south pattern that is also 

modulated by orographic effects. In general, London, the Thames estuary and southern 

England, as well as some high elevation regions of western GB (Snowdonia, the Lake District, 

and the western Highlands around Ben Nevis) have higher hourly median annual maximum 

rainfall (RMED), while eastern Scotland has the lowest hourly RMED values (Faulkner, 1999). 

This general pattern was tempered with updates as part of the FEH13 model which increased 

the amount of hourly data available, however eastern Scotland remains as the region with 

lower expected hourly extremes (Stewart et al., 2013). Changes in hourly estimates between 
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FEH99 and FEH13 (see Section 2.5.2) reflect the pitfalls of short rainfall records and show how 

data updates (and methodological improvements) can alter results over time. A PCA akin to 

that in Jones et al., 2014 was combined with an analysis of the weather patterns associated 

with hourly extremes (AM) between 1992-2014 to define five homogeneous regions for the 

UK that reflect the effect of orographic, large-scale circulation, and thermodynamic drivers of 

UK hourly rainfall extremes. Regional estimates of 20%, 4% and 2% AEP hourly rainfall totals 

show a NW to SE gradient, with higher values surrounding London and the Thames Estuary 

and lower values to the west and north (Darwish et al., 2021).  

Seasonal variation in extreme rainfall has been studied since the FSR (Institute of Hydrology, 

1975)), which classified rain gauges in the UK by AAR, a similar classification was re-visited 

during the FEH13 preparation process. Both analyses found congruent results. Annual 

extremes with durations under 6-hr are all dominated by summer extremes, summer 

extremes also dominate annual extremes across all other durations considered (up to 25-day 

in FSR and up to 8-Řŀȅ ƛƴ C9Iмоύ ƛƴ ŀƭƭ ŘǊƛŜǊ ό!!w Җ мллл ƳƳύ ǊŜƎƛƻƴǎ ƻŦ ǘƘŜ ¦YΦ !ǎ !!w ŀƴŘ 

duration increase there is a clear trend for winter extremes to dominate AM extremes 

(Institute of Hydrology, 1975; Stewart et al., 2013). Both studies used similar winter 

(November to April) and summer (May to October) definitions, care should be used as the 

winter season spans two years, which can result in mismatched seasonal and annual extremes. 

Studies of hourly and multi-hour AMs in a 1992-2014 UK dataset found congruent results, as 

short duration AMs (1 and 3-hr accumulations) have a clear, summer-dominated seasonality, 

while 12 and 24-hr AM accumulations behave similarly across all regions and have a wider 

seasonal spread (Darwish et al., 2018; Blenkinsop et al., 2017). The contribution of seasonal 

1-hr maxima to daily (wet day) totals has been found to be important (> 50%) for summer 

extremes in the south of England, larger proportions across all seasons follow a north and 

west to east and south split, with lower values in western and northern regions where 

orographic and frontal mechanisms dominate rainfall (Blenkinsop et al., 2017).  

Dales & Reed (1989) studied the concentration of 1-day extremes across regions, showing that 

over a third of all AM accumulations in northeast, eastern and central England occur in July 

and August, presumably due to a convective origin of these extremes and a leeward position 

from high ground further west which is dominated by heavy frontal rainfall. Western regions 

show much more evenly distributed monthly AM frequencies, with peak occurrence in late 

autumn and winter (Dales & Reed, 1989; Faulkner, 1999). Similar results have been reported 
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using a 1961-2009 daily rainfall dataset, with a pattern of unimodal seasonal peaks in both 

north-western Scotland and southeast England, suggesting a dominance of a single 

mechanism controlling the timing of extreme rainfall in each of these locations, with large-

scale (winter) systems in Scotland and convective (summer) events in England. Other regions 

of the UK show combinations of these two mechanisms (Jones et al., 2014, 2013). 

Only two studies have been carried out regarding UK sub-hourly precipitation. Villalobos 

Herrera (2017) studied geographic and seasonal patterns, as well as the behaviour of extremes 

for data from 59 Met Office gauges with one-minute resolution from 1986-2005. Winter 

extremes of 10-min accumulation show an east-west gradient that is congruent with that 

reported elsewhere in the literature for winter hourly and daily extremes. Other seasons show 

a north-south divide, with higher values in southern Britain. A comparison of median AM 

values across different accumulation periods shows that the north-south pattern for sub-

hourly and hourly periods (with higher values in southern GB and low values in Scotland), is 

replaced by an east-west pattern at 24-hr accumulations, 6-hr accumulations show a pattern 

with a coastal influence, where south and west coasts have higher values than rain gauges 

inland or along the north and east coasts. Once again, this is congruent with previous findings 

and seasonal and geographic variation in different rainfall forcing mechanisms in GB. A 

regional frequency analysis of sub-hourly totals using l-moments and the GEV distribution 

found that 1-min and 15-min accumulations (calculated for three large regions covering all the 

UK) have 50-year return levels of approximately 3.5 and 15 mm respectively, though large 

error bands were present due to the relatively short records used for this analysis (Villalobos 

Herrera, 2017). Prosdocimi et. al. (2017) compared DDF curve estimates from a set of 19 rain 

gauges with sub-hourly (time of tip and 15-min accumulations) resolution to FSR and FEH99 

DDF estimates. It concluded that the FEH99 model yields acceptable results when compared 

to a DDF model based on sub-hourly observations (Prosdocimi et al., 2017).  

2.4.3. Event-based analysis of rainfall 

Rainfall, when considered as a point-process, can be described using discrete or events-based 

frameworks. In a discrete framework, rainfall is simply studied using fixed-duration totals 

which are generally multiples of hourly or daily accumulations, usually associated with clock 

hour measurements, calendar day measurements, or 9:00-9:00 24-hr measurements (e.g. Met 

Office, 2020b)Φ ¢Ƙƛǎ ƛǎ ƪƴƻǿƴ ǘƻ ǳƴŘŜǊŜǎǘƛƳŀǘŜ ΨǘǊǳŜΩ ǾŀƭǳŜǎ ƻŦ ǊŀƛƴŦŀƭƭ ŀǎǎƻŎƛated with these 

durations as the discrete measurement process is unlikely to coincide with the start and end 
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times of rainfall pulses, requiring the use of correction factors to approximate the values 

ŜȄǇŜŎǘŜŘ ŦǊƻƳ ΨǘǊǳŜΩ ŦƛȄŜŘ-duration extremes (Dwyer & Reed, 1995; Faulkner, 1999; Stewart 

et al., 2013; Morbidelli et al., 2017, 2018). For example, in the UK rainfall accumulated using 

a 60-min window that can start at any moment is, on average, 1.16 times larger than the 

equivalent clock hour measurement (Stewart et al., 2013). Fixed duration accumulation 

windows that start at any point in time are known as rolling or sliding window accumulations 

can be calculated using high-resolution rainfall observations, however they are discrete 

representations of rainfall due to their fixed duration.  

Alternatively, rainfall can be considered to occur as a series of individual events that have start 

and end points that are unique to each event, this is referred to as an event-based 

representation of rainfall. The main challenge within this framework is the definition of event 

start and end times in a rigorous and consistent way. The most widely used approach relies 

on defining a minimum time dry spell window that is then used to segregate rainfall events 

(e.g. Restrepo-Posada & Eagleson, 1982; Bonta & Rao, 1988; Koutsoyiannis & Mamassis, 2001; 

De Michele, 2003; Grimaldi & Serinaldi, 2006; Kao & Govindaraju, 2008; Vandenberghe et al., 

2010; Grimaldi et al., 2012; Molnar et al., 2015; Jun et al., 2017, 2018; Marra et al., 2020; Jun 

et al., 2020, 2021), this time can be ŘŜŦƛƴŜŘ ǳǎƛƴƎ ŜȄǇŜǊǘ ƪƴƻǿƭŜŘƎŜ ƻŦ ŀ ǊŜƎƛƻƴΩǎ ŎƭƛƳŀǘŜ ƻǊ 

through theoretical considerations.  

Theoretically, in a point-process representation of rainfall a minimum time between events 

can be defined using the Poisson arrival process as a basis. According to this the distribution 

of intervals between the arrival of completely random events with zero duration is exponential 

in nature. It has been argued that a stationary series of events that has interarrival times that 

are exponentially distributed are also a Poisson process (Cox & Lewis, 1966). This was 

exploited by Restrepo-Posada and Eagleson (1982) to develop an algorithm that efficiently 

calculates the minimum interarrival time necessary to define an independent population of 

rainfall events. This method is applied in this thesis, with more details provided in Chapter 4. 

The Poisson arrival process is also used in continuous rainfall simulation models (e.g., 

Cowpertwait et al., 1996; Burton et al., 2008).  

Independent events are desired for the analysis of rainstorm hyetographs (Huff, 1967; Bonta, 

нллпΤ 5ƻƭǑŀƪ Ŝǘ ŀƭΦΣ нлмсύ. The dependence of hyetographs with the minimum time between 

events is not well studied, a single study has shown that the Huff curve method for synthetic 
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hyetograph derivation is robust to errors in estimating the minimum time between events (J. 

V. Bonta & A. R. Rao, 1987) 

Catalogues of extreme rainfall events for the UK have existed since the original FSR and have 

been instrumental in demonstrating the need to improve flood and rainfall estimation 

methods as observed events have exceeded probable maximum precipitation estimates 

(Institute of Hydrology, 1975; Faulkner, 1999; Hand et al., 2004; Stewart et al., 2013). Of these 

studies, Hand et al. (2004) is most interesting as it explores the meteorological processes that 

generate these very extreme events, most of which were short-duration convective events, 

demonstrating both the capacity of localised events to generate large rainfall totals, and 

limitations to the understanding of short duration extremes. Common features were found 

for most events, including the influence of orographic enhancement and west to southwest 

airflows on large winter extremes, and the relatively slow-moving nature of systems 

associated with frontal extremes. Finally, events were successfully classified according to their 

drivers (convective, frontal, orographic, or frontal and convective combinations), events under 

~4-hr in duration were all found to contain a convective aspect, while events with longer 

durations were predominantly forced by frontal systems and orography (Hand et al., 2004). 

Work on updating existing extreme event catalogues is ongoing as part of EA project FRS19222 

ΨImproving Probable Maximum Precipitation (PMP) and Probable Maximum Flood (PMF) 

estimation for reservoir safetyΩ (UK Government, 2021).  

2.5. UK Flood estimation methods, rainfall frequency models, and design hyetographs 

Flood estimation is the process by which engineers and analysts estimate flood volumes and 

peak discharges for reservoir safety assessment, infrastructure design, and flood risk analysis. 

In the UK flood estimation was initially codified by the FSR in 1975 (Institute of Hydrology, 

1975). The FSR rainfall-runoff model was envisaged and calibrated as a cohesive model, with 

careful consideration of the assumptions and model components and their probabilistic 

context. The FSR was superseded by the FEH in 1999 (Institute of Hydrology, 1999), with 

updates to rainfall-runoff models in 2007 (Kjeldsen, 2007) and 2016 (HR Wallingford, 2016), 

to rainfall frequency models in 2013 (Stewart et al., 2013), and to flood frequency estimation 

methods in 2008 (Kjeldsen et al., 2008) and 2014 (Kjeldsen et al., 2014). Note that this update 

sequence was piecemeal, as updates were made to individual FSR components but not the 

whole process.  
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Additional relevant guidance has been provided for design and flood estimation in urban areas 

(CIWEM, 2015, 2016; Tiggerington et al., 2017) and to include the effect of climate change in 

estimations (Dale et al., 2015; Environment Agency, 2021b; SEPA, 2019a). The overall 

guidance which recommends different methods according to catchment characteristics and 

the system under consideration are published by the EA for use in England and Wales, and by 

the Scottish Environment Protection Agency (SEPA) for use in Scotland (Environment Agency, 

2020; SEPA, 2019b). These publications represent substantial bodies of work and include 

sections on a wide variety of flood estimation topics. The summary and discussion which 

follows first provides an overview into different methods for flood estimation before focusing 

on the rainfall-runoff methods of flood estimation and design hyetographs that are most 

relevant to this thesis.  

2.5.1. UK Flood estimation methods 

Flood estimates derived directly from the statistical analysis of river discharge measurements 

are referred to as statistical procedures for peak flood estimation, henceforth peak flood 

estimates. The FSR Vol I provided a statistical framework for the analysis of flood records at a 

site, for regional analysis when single site records are short, and for un-gauged catchments 

based on regression models fitted to catchment descriptors. This was complemented by flood 

routing methods described in Vol III and hydrological data provided in Vol IV (Sutcliffe, 1978). 

The FSR methods have been superseded by the statistical procedures described in Vol 3 of the 

FEH (Robson & Reed, 1999) and its updates (Kjeldsen et al., 2008, 2014), though the basic 

principles remain largely unchanged. These statistical procedures are included in the WINFAP 

modelling software family, which is currently in its fifth iteration. All the statistical procedures 

depend on the analysis of river discharge records, through single-site or multi-site estimation 

based on block-maxima or peak over threshold approaches, and in general they are used 

wherever data is available and whenever a peak discharge is desired. Peak flood methods are 

not of interest in this thesis and are not discussed further.  

Discharge-based statistical procedures do not reliably provide complete flood hydrographs or 

total flood volumes (Kjeldsen, 2007), flood estimates that require these quantities, such as 

reservoir safety assessments (Stewart et al., 2013), and urban flood modelling or drainage 

design rely on rainfall-runoff estimates (CIWEM, 2015; Tiggerington et al., 2017; Environment 

Agency, 2020; SEPA, 2019b). As implied by the name, rainfall-runoff methods have at least 

two components: a rainfall frequency model and a runoff model.  
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Runoff models are classified into conceptual and physically based models, both of which are 

used in the UK. The most relevant conceptual model is ReFH model and its updates. This 

method is recommended for use in rural catchments and greenfield sites with area over 0.5 

km2, though smaller catchments can be studied if required (see Environment Agency (2020) 

section 7). ReFH models should not be used on predominantly urban catchments (where at 

least 60% of the catchment area is urban), while catchments with 15% - 60% urban extent can 

be analysed with modifications to the standard, rural catchment method (Environment 

Agency, 2020). Conceptually the ReFH models (of which ReFH2.3 is the latest iteration) have 

three components, a loss model, a routing model, and a base flow model. The loss model 

receives as input the catchment initial soil moisture (Cini) and total rainfall, it calculates the 

ǇǊƻǇƻǊǘƛƻƴǎ ƻŦ ǊŀƛƴŦŀƭƭ ǘƘŀǘ ƛǎ ΨƭƻǎǘΩ όƛΦŜΦΥ ƛƴŦƛƭǘǊŀǘŜŘΣ ƻǊ ƛƴǘŜǊŎŜǇǘŜŘύ ŀƴŘ ƻǳǘǇǳǘǎ ǘƘŜ ƴŜǘ ƻǊ 

effective rainfall. A unit hydrograph is used as routing model to convert effective rainfall into 

discharge, which is finally combined with the output from the baseflow model (a linear 

reservoir conceptual model with exponential decay) to generate a total flow hydrograph 

(Kjeldsen, 2007; HR Wallingford, 2016). Early critiques of the ReFH method included the need 

for a seasonal adjustment factor to reduce initial soil moisture to reduce runoff during more 

extreme rainfall events (HR Wallingford, 2016)Σ ŀǎ ǿŜƭƭ ŀǎ ŀ ƴŜŜŘ ǘƻ ƛƳǇǊƻǾŜ ǘƘŜ ƳŜǘƘƻŘΩǎ 

performance on small and heavily urbanised catchments (Faulkner & Barber, 2009), these 

have motivated improvements to the FEH13 rainfall and ReFH2.2, ReFH2.3 models.  

Unlike conceptual models, physically based catchment models represent hydrological 

processes such as infiltration, surface saturation, sediment transport, and so forth, using the 

Ŝǉǳŀǘƛƻƴǎ ƻǊ ΨƭŀǿǎΩ ǿƘƛŎƘ ƘŀǾŜ ōŜŜƴ ŘŜǊƛǾŜŘ ŦǊƻƳ ŦƛǊǎǘ ǇǊƛƴŎƛǇƭŜǎ ǘƻ ŘŜǎŎǊƛōŜ ǎŀƛŘ ǇǊƻŎŜǎǎŜǎ 

(Abbott et al., 1986)Φ /ŀǘŎƘƳŜƴǘǎ ŀǊŜ ƎŜƴŜǊŀƭƭȅ ǎǳōŘƛǾƛŘŜŘ ƛƴǘƻ ΨŎŜƭƭǎΩ ǿƛǘƘƛƴ ǿƘƛŎƘ ǘƘŜǎŜ 

processes are modelled, with fluxes along cell boundaries. These models require substantially 

larger amounts of information regarding catchment conditions, unlike conceptual models they 

can be used for continuous simulation modelling as well as event-based modelling, and they 

output flow hydrographs in addition to other fluxes and stores of interest. The Système  

Hydrologique Européen (SHE) family of hydrological models, including the commercially 

available MIKE-SHE, is the best known example of this model category (Ewen et al., 2000; 

Abbott et al., 1986).  

Alternatively, physically based hydraulic models, for example CityCAT (Glenis et al., 2018) or 

HiPIMS (Xia et al., 2019), are focused on the numerical solution of the governing equations of 
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2-dimensional surface water and piped flows in both urban and rural environments in order 

to realistically simulate river discharge and flood levels. The data requirements for these 

models are also substantial, though they can be automated from open GIS sources. Simpler 

models, such as the Storm Water Management Model (SWMM) combine conceptual models 

of surface and groundwater processes with simple yet physically-based sewer network models 

to represent urban drainage systems (Rossman, 2017). Urban drainage models such as these 

are popular in industry, and the bulk of urban flood modelling and drainage design, as well as 

academic research, relies on these simplified representations of urban drainage systems (e.g. 

Müller & Haberlandt, 2018; Qin et al., 2013; Zhang et al., 2017; Rivera & Gironas, 2005; Yao et 

al., 2016; Bisht et al., 2016).  

The Urban Drainage Group of the Chartered Institution of Water and Environmental 

Management (CIWEM ς UDG) has published multiple guidelines regarding rainfall modelling 

(CIWEM, 2015, 2016), and a Code of Practice for the Hydraulic Modelling of Urban Drainage 

Systems (Tiggerington et al., 2017). These are part of the literature recommended by flood 

estimation guidelines (Environment Agency, 2020) and include a discussion of the rainfall and 

models to be used during urban flood estimation and drainage network design. In general, 

recommended urban drainage models are of a higher degree of sophistication than the ReFH 

family of catchment models, and they require similar rainfall inputs.  

2.5.2. UK rainfall frequency models 

The FSR, FEH99 and FEH13 rainfall frequency models are recommended for use with rainfall-

runoff models in the UK. These rainfall frequency models are used to estimate the magnitude 

of rainŦŀƭƭ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ ŀ ƎƛǾŜƴ ΨŘǳǊŀǘƛƻƴΩ ŀƴŘ ΨŦǊŜǉǳŜƴŎȅΩ ŎƻƳōƛƴŀǘƛƻƴΣ ƛƴ ōƻǘƘ C9I ƳƻŘŜƭǎ 

this takes the form of DDF models. Design rainfall models also include a temporal 

disaggregation component (a design storm or hyetograph model), and an areal reduction 

factor (ARF) to convert point estimates of rainfall to areal rainfall. Unlike the DDF models, the 

hyetograph (Institute of Hydrology, 1975) and ARF (Keers & Wescott, 1977) models have not 

been updated since 1975 and 1977 respectively and are assumed to be independent of return 

period. The absence of updates to these components reflects a piecemeal approach to 

updating the FSR rainfall-runoff model.  

The rainfall frequency model recommended for use in UK flood estimation is the FEH13 DDF 

model (Environment Agency, 2020; CIWEM, 2016; Tiggerington et al., 2017; SEPA, 2019b). The 

theoretical framework that underpins this model is described in both peer-reviewed literature 
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and technical publications, in essence the modelling framework uses the empirical Focused 

Rainfall Growth Extension (FORGEX) method to produce dimensionless rainfall growth curves 

for specific durations (Reed et al., 1999; Stewart et al., 2013), that are then combined with a 

DDF model to provide depth (volume) estimates for durations ranging from 30-min to 8-days, 

though sub-hourly estimates are extrapolated (Faulkner, 1999; Stewart et al., 2013). 

Complementary aspects include spatial dependence modelling as part of FORGEX and its 

updates, as well as areal reduction factors to adapt point rainfall estimates over catchments 

(Faulkner, 1999; Stewart et al., 2013).  

The FORGEX method uses a ROI approach to pool data from multiple observation sites as 

needed to extend dimensionless growth curve estimates to long return periods. It relies on 

the use of AM data with hourly and daily resolution from which multi-hour and multi-day 

accumulations can be calculated. These accumulations are standardised across multiple sites 

ς with preference towards local data ς using RMED, which is spatially interpolated on a 1-km 

grid of the UK. Unlike most frequency analysis, FORGEX avoids fitting a probability distribution 

to observed extremes, and instead relies on an empirical linear least-squares to standardised 

observations. Additional data points are added by calculating the AMS of the largest 

standardised value observed by the network (the network maximum series) which are 

adjusted to account for spatial dependence in the network. The FEH DDF model, consisting of 

an exponential curve on the Gumbel reduced variate, was then fitted based on FORGEX output 

with special consideration to avoid contradictions between different durations or return 

periods, extrapolation was used for return periods over 2,000-years (up to 10,000-years) and 

for durations under 1-hr. Allowance for discretization in rainfall measurements was applied 

during the DDF stage of the model (Reed et al., 1999; Stewart et al., 2013). 

Problems related to the estimation of very-high return period rainfall (10,000-year return 

period) were made public soon after the FEH99 model was published. Specifically, the 

extrapolation used in the DDF model, and the constant spatial dependence model used for 

events of all frequencies was questioned and research on estimating long return period 

rainfall commissioned by Defra (Cox, 2003; Babtie Group, 2000; Stewart et al., 2013). Changes 

to the FEH99 model in preparation for the FEH13 model modified the specific standardisation 

of AM values by RMED by use of a standardisation factor which is specified according to the 

geographical variables of a site and the rainfall accumulation period (Stewart et al., 2013). The 

constant spatial dependence model was modified for a substantially more complex model 
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which considers the network area, number of gauges and typical rainfall for the network 

(Stewart et al., 2013).  

The FEH99 DDF model was substantially revised for the FEH13 rainfall frequency model. Like 

the original, all FORGEX return level estimates are carried out separately for each duration, 

and the DDF model stage is required to ensure consistency between estimates between 

different durations. A key feature of the update is improved extrapolation for very high return 

period rainfall volumes required for reservoir safety assessments.  

The use of fixed duration rainfall data, which is adjusted for discretization effects, produce 

contradictory FORGEX results where return level estimates from empirical 24-hr DDF curves 

may lie above estimates daily rainfall curves for a single site ς similar problems were found for 

other adjacent durations (Stewart et al., 2013).  No explicit model for dependence between 

totals of different durations is used in FEH13, and the DDF models used are empirically 

derived. the resulting DDF model smooths instances where the FORGEX output resulted in 

contradictory return level estimates at different durations, however in order to do this the 

DDF models have 14 parameters. (Stewart et al., 2013). This is a clear example of how the use 

of discretised rainfall information in a univariate frequency analysis framework can encounter 

difficulties in representing the behaviour of rainfall extremes and similar problems have been 

reported in Norway (Roksvåg et al., 2021).   

Finally, as expected from a largely empirical method, and indeed any extreme frequency 

analysis, the results of the FEH99 and FEH13 models are dependent on the observations 

available, their validity and the length of records available. The role of natural variability 

cannot be underestimated. These effects are shown in a recent study which re-calibrated the 

FEH13 model to account for large events observed in Cumbria during 2006-2016 ς as part of 

a UK-wide update of FEH13 expected to be published in 2022 ς which revised return period 

estimates for record-breaking storms from ~1,000-years to ~150-years (Vesuviano et al., 2021) 

2.5.3. UK design hyetograph model 

Unlike the substantial amount of work that has been carried out since 1975 to update rainfall 

frequency methods recommended for use in the UK, the hyetograph models used to distribute 

volume estimates over an event duration have not been updated or studied since the FSR was 

published (Institute of Hydrology, 1975; Faulkner, 1999; HR Wallingford, 2016; Kjeldsen, 2007; 

CIWEM, 2015, 2016).  
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While a complete description of the method used by the FSR to generate summary profiles is 

given in Chapter 5, a few salient features are presented here. First, the FSR examined the 

temporal profiles of 80 summer (May to October) and 32 winter (November to April) storms 

with hourly data and 24-hr duration observed in England and Wales between 1961-1970. 

These temporal profiles were centred about the period of peak rainfall intensity, and profiles 

of cumulative percentage rainfall relative to cumulative duration about the storm centre were 

calculated. These profiles were ranked in term of their peakedness and interpolated to 

generate the two symmetric, single-peaked, and bell-shaped profiles now widely used for 

rainfall design and flood estimation in the UK. The summer profile is more peaked than 50% 

of the 80 studied summer storms and reaches a peak intensity of ~3.75 times the mean event 

intensity (notated with Ὅ in the FSR, ὍӶ is used here for clarity). The winter profile is more peaked 

than 75% of the 32 winter storms, with a peak intensity of ~2.5ὍӶ. These original FSR profiles 

are illustrated in Figure 5.1. Some discrepancies exist between the FSR and FEH versions of 

the summer profile, as the FEH representation reaches a peak intensity of ~5ὍӶ. This is due to 

the use of a mathematical model to represent these curves. This model is known to produce 

unrealistically large peak values when a hyetograph with short time steps is desired ς this is 

discussed further in section 5.2.2 (Institute of Hydrology, 1975; Faulkner, 1999).  

The FSR also concluded that profiles were invariant with event duration (after studying storms 

with durations between 1-hr and 4 days), return period, and areal size. Importantly, they note 

that regional differences and differences due to rainfall type (i.e., convective or frontal) are 

confounded with seasonal differences in profiles and the different percentiles of profile 

peakedness within each season. Previously, FEH and ReFH guidance recommended the 

summer profile for use in urban catchments (as defined using the catchment descriptor 

URBEXT > 0.125), while the winter profile was recommended for use elsewhere (Faulkner, 

1999; Kjeldsen et al., 2005). Current guidance recommends that both the summer and winter 

profiles be used in ReFH models for very heavily urbanised areas (URBEXT > 0.3) and in urban 

drainage models where ReFH is not recommended (CIWEM, 2016; Environment Agency, 

2020). There is also a caution against using the summer profile in mountainous regions 

(Institute of Hydrology, 1975). 

2.6. Design hyetographs and their impact on urban drainage systems 

Substantial work exists regarding the derivation of hyetographs for use in rainfall-runoff 

models of flood estimation and urban drainage design and the impact that their variation has 
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on urban drainage model outputs. In this section some general concepts regarding 

hyetographs are introduced before providing an overview of different categories of synthetic 

hyetographs, followed by the literature that demonstrates the importance of hyetograph 

shape in urban flood modelling.  

A hyetograph is simply a representation (in the strict sense, a graphical representation) of the 

distribution of rainfall intensity over time, the phrases temporal pattern or profile, and time 

distribution are synonymous and are used interchangeably throughout this thesis (to avoid 

repetition) and the literature. Synthetic hyetographs are not representations of an individual 

observed event, but rather they are models of rainfall behaviour that can be derived through 

multiple methods. Finally, design hyetographs are temporal patterns that have been selected 

for use in rainfall-runoff flood modelling or design because of their desirable properties, they 

can be either observed or synthetic hyetographs.  

2.6.1. Design hyetographs 

Useful reviews of different design hyetograph methods can be found in Chen (1975), Chow et 

al. (1988), Wu et al. (2006), and Balbastre-Soldevila et al. (2019). These studies broadly use 

the same classification scheme to categorise different design hyetograph methods: IDF-based, 

standardised, observed, and stochastic. This classification, based on the information used to 

derive each type of design hyetograph, is used below.  

The simplest possible design hyetograph is the uniform hyetograph which simply uses the 

rainfall intensity associated to a given duration and frequency by an IDF curve as the design 

intensity. This assumption is used in the Rational and Modified Rational methods of rainfall-

runoff estimation and has been largely discontinued in favour of more robust models as 

computational capacity has increased, they may still be of use in very small urban catchments 

or for preliminary assessments of urban drainage (Butler & Davies, 2011; Kellagher, 1981).  

The next design hyetograph family also use information from a single point on an IDF curve as 

basis, however they apply non-uniform intensity distributions. The simplest of these is the 

triangular hyetograph, defined by a peak intensity that is double the ὍӶ obtained from an IDF 

curve and a factor, r, that determines the position of the peak intensity relative to the total 

event duration (Yen & Chow, 1980; Chow et al., 1988). The three-block method divides ὍӶ into 

three blocks, the first has increasing intensity, the central one has the moment of peak 

intensity, and a final, longer duration block has decreasing intensity (Sifalda, 1973; Balbastre-
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Soldevila et al., 2019). The Linear/Exponential storm model family uses a steep linear increase 

in rainfall intensity until peak intensity is reached and an exponential decay is assumed after 

peak intensity, this model is intended to represent 1-hr storms and was developed for use in 

urban areas in Canada (Watt et al., 1986). Many of these methods were originally 

recommended for use in the design of small infrastructure (such as culverts) and urban 

settings and remain in use where the information required for alternative methods is 

unavailable.  

Design hyetograph models that include a greater level of information derived from an IDF 

curve include the Chicago Design Storm (Keifer & Chu, 1957) and the Alternating Block method 

(Chow et al., 1988). These methods combine intensities associated with multiple durations 

into a compound, near-centred, profile. In general, IDF-derived profiles do not resemble 

observed rainfall patterns, ōǳǘ ǘƘŜȅ ƘŀǾŜ ǘƘŜ ŀŘǾŀƴǘŀƎŜ ƻŦ ǊŜǇǊŜǎŜƴǘƛƴƎ ŀƴ ΨŜƴǾŜƭƻǇŜ ŎǳǊǾŜΩ 

which will result in conservative designs (Wu, Yang, et al., 2006). This category of profiles is 

ƪƴƻǿƴ ŀǎ ΨǎǳǇŜǊǎǘƻǊƳǎΩ ƻǊ ΨŎǊƛǘƛŎŀƭ ƛƴǇǳǘ ƘȅŜǘƻƎǊŀǇƘǎΩ ƛƴ ¦Y ƎǳƛŘŀƴŎŜ (CIWEM, 2016). 

Standardised or summary hyetographs are generated through the study and generalisation of 

observed event profiles. This type of profiles has been widely used in rainfall-runoff methods, 

including in the USA (Bonnin et al., 2011; United States Department of Agriculture, 1986), the 

UK (Institute of Hydrology, 1975), and Australia (Cordery et al., 1983). The FSR method 

(discussed in detail in Sections 2.5.3 and 5.2.2) contains several key features of standardised 

or summary hyetographs. First profiles from multiple events are each standardised to enable 

comparison across different events, these profiles are then ranked and classified, and finally 

summarised to generate synthetic hyetographs that represent the original storms. Unlike 

most other methods, the FSR also includes a centring step when standardising storm profiles.  

The underlying concept used to standardise events with different durations and intensity 

distributions is the mass curve, in this context this refers to the variation of cumulative rainfall 

relative to time within an event. Mass curves can be easily standardised using total event 

duration and volume to obtain dimensionless mass curves (see also Section 5.2.4) which form 

the basis for summary hyetographs (e.g., Huff, 1967, 1990; Wu et al., 2006; Yin et al., 2014; 

Bonnin et al., 2011; Ball et al., 2019). Design hyetographs derived in this way are also called 

Huff curves in the literature. Different sources vary their rainfall event definition according to 

their needs, design guidance in Australia and the USA study the dimensionless mass curves 

associated with rainfall accumulations of specific durations (e.g., 1-hr, 6-hr, 24-hr) that are 
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consistent with the durations used in their rainfall frequency models, while other studies 

which focus on the study of hyetographs use rainstorms (whole events) instead (Huff, 1967, 

1990; Wu, Yang, et al., 2006). This distinction is important as specific duration events may omit 

portions of the entire rainstorm profile to focus on the most intense portion of an event (Ball 

et al., 2019).  

Dimensionless profiles can be manually classified according to their season (Institute of 

Hydrology, 1975), or according to the position of the heaviest rainfall in the profile,  effectively 

a measure of profile shape (Huff, 1967, 1990; Ball et al., 2019), or using automatic methods 

such as k-means (Hannah et al., 2000; Ramos, 2001; Wu, Yang, et al., 2006; Yin et al., 2014; 

Dullo et al., 2017; Wartalska et al., 2020) or dynamic time warping (DTW) (Wang, 2020) 

automatic clustering algorithms. Hyetographs that are manually classified are generally then 

ranked, as detailed in Section 5.2. The FSR ranks events based on the proportion of total event 

rainfall that occurs in the central 5-hr of their 24-hr profiles (Institute of Hydrology, 1975). 

Huff curves classify event profiles according to which quartile of dimensionless event duration 

contains the most precipitation; each quartile contains 25% of an events duration. Events are 

then ranked using the proportion of rainfall that is concentrated within the quartile with 

heaviest precipitation, in this way the 10% profile is typical of storms which are unusually 

heavily concentrated, i.e., the top 10% most concentrated events (Huff, 1967, 1990; Bonnin 

et al., 2011). Note that this is opposite to how the FSR describes its ranking, therefore the 90% 

FSR profile conceptually matches the 10% Huff profile. 

The automatic (or unsupervised) clustering algorithms are a data-mining solution to classify 

large amounts of data that is usually relied upon when there is no a priori knowledge about 

classes. The goal of these algorithms is to maximise the similarity between objects (individual 

storm hyetographs in the context of this thesis) assigned to a cluster while minimising 

similarity to objects in other clusters (Rani & Sikka, 2012; Aghabozorgi et al., 2015; Sarda-

Espinosa, 2017). Time series clustering algorithms are a subset of clustering algorithms that 

have been developed for use on time series data (such as DTW) or that can function on time 

series without modification (e.g., k-means). The main difference between k-means and DTW 

clustering algorithms is the similarity or distance metric they use to evaluate proximity 

between cluster members. DTW is a shape-based method that clusters whole time series that 

is well equipped to cluster events based on their shape, even if similarly shaped events are 

shifted in time, as time series with similar patterns of changes in intensity will be clustered 
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regardless of where the change occurs within the event (Aghabozorgi et al., 2015). It has been 

used with hyetographs, successfully clustering events with similar changes in rainfall intensity 

(Wang, 2020). K-means clustering uses Euclidean distances between corresponding positions 

within a time series, therefore it is better suited for hyetograph applications, where the timing 

of shifts in rainfall intensity and hyetographs and rainfall time series asymmetry are 

considered important (Müller et al., 2017), and has been used to cluster hydrographs as well 

as hyetographs. The only pre-requisite for this method is that hyetographs be in a 

dimensionless state of uniform length (Hannah et al., 2000; Ramos, 2001; Wu, Yang, et al., 

2006; Yin et al., 2014; Dullo et al., 2017; Wartalska et al., 2020).  

The final step when deriving design hyetographs from observed events is the calculation of 

summary profiles. This is generally achieved by taking, for each cluster or event classification, 

the arithmetic mean of the dimensionless cumulative rainfall values found within bins of 

dimensionless duration (e.g. Huff, 1967; Institute of Hydrology, 1975; Wu et al., 2006).  

Alternatively, observed events may be used as design hyetographs. An example of this is 

Australian rainfall-runoff (ARR) guidance (Ball et al., 2019) that considers three event-based 

rainfall-runoff flood estimation methods. The simplest is single-event simulations using a 

single AEP rainfall volume estimate and a synthetic hyetograph (called representative 

hyetograph in the ARR) derived using the average variability method ς this is akin to methods 

currently in use in the UK. The ensemble event method uses single AEP volume estimate 

coupled with a sample of 10 to 20 observed hyetographs to avoid possible biases in flood 

estimation due to the use of a single synthetic hyetograph. The use of observed events avoids 

the loss of information and variability inherent to the use of summarised hyetographs in 

exchange for increased modelling effort as the effect of multiple events are simulated. The 

third and most complex event-based method is a Monte Carlo simulation approach where 

multiple inputs to flood simulation models, including catchment parameters and rainfall 

characteristics, are stochastically generated. Multiple simulations with varying parameters 

then allow for robust estimates of flood magnitudes (Nathan & Weinmann, 2004; Ball et al., 

2019). See Ball et al. (2019) for more detail on Australian methods. Observed hyetographs 

corresponding to very large historic events are also used in rainfall-runoff methods, however 

care needs to be taken as the floods associated with these rainfall events also depend on the 

catchment conditions prior to the event (Environment Agency, 2020).  
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Finally, stochastically generated hyetographs may be considered a special category of 

standardised hyetographs as they seek to reproduce the stochastic properties of observed 

hyetographs or of rainfall distributions (e.g., Cowpertwait, 1991; Wu, Tung, et al., 2006; Wu, 

Yang, et al., 2006; Vandenberghe et al., 2010; Vernieuwe et al., 2015; Rohith et al., 2021). The 

principal limitation to these methods is that due to the stochastic nature of the profiles, 

studies for different locations will be assessed with different profiles and hence with varying 

degrees of strictness (Balbastre-Soldevila et al., 2019).  

2.6.2. Impact of hyetograph shapes on flood estimation 

Rainfall is the most important input for catchment rainfall-runoff models, and up to 50% of 

modelling errors can be attributed to precipitation uncertainty (Huang et al., 2019; Bárdossy 

et al., 2022). Rainfall is complex, with significant spatial and temporally heterogeneity over a 

large range of scales which depend on the meteorological drivers at play in specific rainfall 

events. Hydrological processes in are similarly heterogeneous, particularly in urban areas. This 

variability makes urban areas sensitive to small-scale temporal and spatial variability in rainfall 

(Ochoa-Rodriguez et al., 2015; Emmanuel et al., 2015; Veldhuis et al., 2018; Zhu et al., 2018; 

Huang et al., 2019). While temporal and spatial variability are deemed important for the 

accurate representation of flooding, their relative importance remains a matter of debate 

(Emmanuel et al., 2012, 2015; Cristiano et al., 2018, 2019; Zhou et al., 2021). Hydrodynamic, 

distributed models are more sensitive to input variability than conceptual, lumped models 

(Pina et al., 2016). 

Floods are connected with catchment characteristics that determine response to rainfall 

events ό{ȊŜƭŊƎ Ŝǘ ŀƭΦΣ нлннύ, and catchments have a wide range of sizes and characteristics, 

therefore a universal relation between spatial and temporal rainfall variability is unlikely to 

exist. However, it has been shown that sensitivity to small-scale variability in rainfall input 

increases as catchment size decreases (Ochoa-Rodriguez et al., 2015; Huang et al., 2019). 

Rainfall spatial variability determines the timing and shape of the output hydrograph in 

relatively homogeneous catchments, while temporal variability is more determinant of peak 

flow (Singh, 1997). Finally, smaller catchments may be more influenced by temporal variability 

while catchments over 2,000 km2 may be more influenced by spatial variability (Zhu et al., 

2018). As mentioned in the introduction, the study of spatial variability within rainfall events 

and across events with different durations is beyond the scope of this PhD as a pragmatic 

means to keep project complexity to feasible levels (however, this remains an important topic 
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that should be addressed in future work), therefore the remainder of the literature review 

focuses on the effect that hyetographs have on hydrologic responses.  

Different hyetograph shapes result in different hydrologic responses by changing peak 

discharge and its timing as well as flood volumes. This has been shown in a wide variety of 

urban (Lambourne & Stephenson, 1987; Schilling, 1991; Ball, 1994; Nguyen et al., 2010; Bruni 

et al., 2015; Dullo et al., 2017; Müller et al., 2017; Pochwat et al., 2017; Hettiarachchi et al., 

2018; Yi Ng et al., 2020; Wartalska et al., 2020) and rural (Bárdossy & Pegram, 2016; Zhu et 

al., 2018; Huang et al., 2019) catchments, albeit with significant moderation according to 

catchment and model characteristics. As runoff volumes are modified by hyetograph shape, 

they also influence the sizing of retention tanks used for at-source volume control in small 

urban catchments (Pochwat et al., 2017). There is evidence that sensitivity to profile shape in 

ǳǊōŀƴ ŀǊŜŀǎ ƛǎ ƎǊŜŀǘŜǊ ŦƻǊ ΨƻǊŘƛƴŀǊȅΩ ŜǾŜƴǘǎ ǘhan it is for extremes as the very high intensities 

that can be found in extremes dominate the hydrologic response to these events, though this 

study relies on a small sample of four hyetograph shapes (Fatone et al., 2021). As intuitively 

expected, the timing of the peak intensity impacts the timing of peak discharge in the resulting 

hydrograph (e.g. Ball, 1994; Dullo et al., 2017), and evidence exists that hyetographs derived 

from IDF curves (e.g. Triangular, Alternating Block) overestimate flooding when compared to 

observed hyetographs όYǊǾŀǾƛŎŀ ϧ wǳōƛƴƛŏΣ нлнлύ and generate higher peak flows than 

standardised hyetographs (Balbastre-Soldevila et al., 2019).  

The importance of hyetograph shape catchment response has led to the study of temporal 

disaggregation of daily rainfall to hourly or sub-hourly resolution so that the greater 

availability of daily data can be exploited in urban and rural modelling environments (e.g. 

(Molnar & Burlando, 2005; Koutsoyiannis, 2014; Bárdossy & Pegram, 2016; Peleg et al., 2017; 

Müller & Haberlandt, 2018). This disaggregation can be avoided using sub-hourly data.  

2.7. Climate change and changes to extreme rainfall 

¢ƘŜ ŀƴǘƘǊƻǇƻƎŜƴƛŎ ǿŀǊƳƛƴƎ ƻŦ 9ŀǊǘƘΩǎ ŀǘƳƻǎǇƘŜǊŜ ƛƳǇŀŎǘǎ ƘȅŘǊƻƭƻƎƛŎ ǇǊƻŎŜǎǎŜǎ ǎǳŎƘ ŀǎ 

precipitation. An overview of observed and expected impacts on rainfall is presented here as 

context for the results presented and discussed in this thesis though future changes are not 

considered directly.  
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2.7.1. Observed changes 

Research into AM UK daily rainfall extremes between 1961 and 2000 using regional frequency 

analysis found changes to daily and multiday extremes that varied regionally. Little change 

was observed for 1 and 2 day duration extremes, but 5 and 10 day extremes were found to 

decrease during the 1990s in the south of the UK, with increases reported in the north, 

particularly in Scotland (Fowler & Kilsby, 2003). Though this research is now almost 20-years 

old, these changes were subsequently confirmed using data between 1961 and 2009, with 

results showing that short-duration summer rainfall was declining in intensity while longer 

events increased in intensity, as well as evidence of an upward trend in autumn maxima (Jones 

et al., 2013). This autumn increase is also linked to an increased frequency in heavy autumn 

rainfall of daily duration (Cotterill et al., 2021).  

Other studies have found similar results that can be summarised as increasing winter rainfall 

intensities ς related to increases in the frequency of heavy winter precipitation and their 

contribution to winter precipitation totals ς and decreasing summer precipitation, both in 

terms of event frequency and intensity (Hulme & Barrow, 1997; Osborn et al., 2000; Osborn 

& Hulme, 2002), These results have been challenged recently, with measurement biases 

flagged as the likely source for perceived changes in the England Wales Precipitation (EWP) 

(Murphy et al., 2020). Indeed, observations in the last decade show marked increases in both 

winter and summer precipitation, as summers/winters between 2011-2020 were on average 

17%/19 wetter than 1961-1990. (M. Kendon et al., 2021). Similarly, increases have been 

reported in the number of days with rainfall over 10 mm and 50 mm, though substantial year-

to-year variability and short records impede establishing a clear trend (M. Kendon et al., 2021). 

Similar increases in daily extremes have been observed in Europe (Berg et al., 2013; Luu et al., 

2018). About 18% of daily heavy rainfall events over continents have been attributed to 

anthropogenic warming, this may increaǎŜ ǘƻ ŀōƻǳǘ пл҈ ƛƴ ŀ нɕ/ ǿŀǊƳŜǊ ŦǳǘǳǊŜ (Fischer & 

Knutti, 2015). Daily and hourly rainfall extremes have been shown to globally scale at a rate 

consistent with the increase in atmospheric moisture described by the Clausius-Clapeyron 

equation (~7%K-1), known as CC-scaling (Ali et al., 2018, 2021). There is regional evidence that 

sub-daily extremes show higher rates of scaling with temperature than daily extremes 

(Lenderink et al., 2017; Guerreiro et al., 2018), and increases in the frequency and/or intensity 

of sub-daily extremes are reported in Southeast Asia, Australia, Europe, North America, and 

parts of China ( Fowler et al., 2021). Therefore, CC scaling is at best a baseline for estimating 
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future changes to precipitation, since local changes to atmospheric circulation patterns, 

moisture convergence, atmospheric stability, and other drivers of precipitation not 

considered by CC scaling also affect extreme rainfall (Guerreiro et al., 2018) 

2.7.2. Projected changes 

The study of plausible changes to rainfall in the future relies largely on the use of climate 

models. Global circulation models (GCMs) such as those that are part of the Coupled Model 

Intercomparison Project (CMIP) typically have coarse resolutions with grid spacings of 60ς300-

km. Regional climate models (RCMs) with grid spacings in the order of 12 ς 50-km are 

ŎƻƳǇǳǘŀǘƛƻƴŀƭƭȅ ƳƻǊŜ ŜȄǇŜƴǎƛǾŜ ǘƻ Ǌǳƴ ōǳǘ ǘƘŜȅ ƻŦŦŜǊ ƛƳǇǊƻǾŜŘ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴ ƻŦ ǘƘŜ 9ŀǊǘƘΩǎ 

surface. Finally, convection-permitting models (CPMs) are climate models of such fine 

resolution (< 5-km grid scale) that deep convective parameterization schemes can be switched 

off, allowing for an improved representation of convective rainfall processes at greater 

computation cost which limit model run length and hence their usefulness for extremes 

analysis (Prein et al., 2015; Kendon et al., 2017; Lucas-Picher et al., 2021). 

Modelling results for future rainfall are largely consistent with observed global trends, with 

rainfall intensification projected for the remainder of the 21st century (Fischer & Knutti, 2016). 

Much uncertainty remains regarding regional patterns and rate of change due to the regional 

modulation of thermodynamic drivers of changes to rainfall (e.g. increased atmospheric 

moisture-holding capacity due to increased temperatures) by dynamic (i.e., circulation-based) 

drivers (Pfahl et al., 2017). This is important given that future changes to global circulation, 

and hence changes to storm track and polar jet stream positions, are the result of complex 

interactions (Shaw et al., 2016) that still present biases in climate models, though these have 

been reduced in the latest CMIP6 models (Harvey et al., 2020).  

A recent review of the literature presented in the IPCC WG1 report (IPCC, 2021a) summarises 

changes to the North Atlantic circulation as being better defined in summer and autumn, both 

of which are expected to experience poleward shifts in storm tracks and the polar jet stream 

(e.g., Simpson et al., 2014; Harvey et al., 2020). Shifts in winter are more uncertain, with 

ŜǾƛŘŜƴŎŜ ǘƘŀǘ ŎƘŀƴƎŜǎ ǘƻ ǿƛƴǘŜǊ ǎǘƻǊƳƛƴŜǎǎ ƛƴ ǘƘŜ ǊŜƎƛƻƴ ǿƛƭƭ ƻŎŎǳǊ Ǉŀǎǘ ŀ мΦрɕ/ ǿŀǊƳƛƴƎ 

threshold (Barcikowska et al., 2018). Note that biases in large-scale circulation present in 

GCMs are also present in CPMs whenever the latter are used to dynamically downscale GCMs 

or whenever a GCM drives a CPM (Kendon et al., 2019).  
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In contrast, thermodynamic drivers of changes to rainfall are better understood, with wide 

consensus that 1×CC scaling occurs for hourly and daily extremes. The mechanisms that cause  

observed and projected super-CC scaling for sub-daily, convective extremes are less well 

understood and an active area of research (Fowler, Lenderink, et al., 2021; Fowler, Ali, et al., 

2021). An important consideration is evidence that warming is leading to longer summer 

seasons as warm days become more frequent (Vrac et al., 2014), leading to an extension of 

the convective season. The combination of these physical drivers motivates plausible changes 

to future UK rainfall extremes.  

UK-specific studies using CPMs have found there will be a greater chance of hotter drier 

summers and warmer wetter winters. Summer rainfall is projected to become more intense, 

but less frequent, leading to an overall decrease except in northern Scotland. Mean winter 

rainfall is expected to increase, again excepting northern Scotland, due to an increase in wet 

days (Kendon et al., 2014; Chan et al., 2016, 2018; Fosser et al., 2020; E. Kendon et al., 2021). 

UK CPM simulations also show an increase in the areal extent of extreme rainfall events in the 

future (Chen et al., 2021), while RCM simulations project dramatic increases in the frequency 

of heavy daily rainfall (> 50 mm) in October-December (Cotterill et al., 2021). Expected 

changes to UK rainfall have been incorporated into guidance for water companies to produce 

climate uplift factors that represent return level changes for rainfall totals with durations 

between 1-hr and 24-hr (Dale et al., 2015; Dale, 2021; Chan et al., 2021) with basis on the 

UKCP18 Local ensemble of CPM simulations (E. Kendon et al., 2021) 

Other European or global studies of future extreme rainfall have found changes that are 

ǊŜƭŜǾŀƴǘ ǘƻ ǘƘŜ ¦YΦ ¢Ƙƛǎ ƛƴŎƭǳŘŜǎ ŀƴ ƛƴŎǊŜŀǎŜŘ ΨǎƘŀǊǇƴŜǎǎΩ ƛƴ ŎƻƴǾŜŎǘƛǾŜ ǊŀƛƴŦŀƭƭ ōǳǊǎǘǎΣ ǿƘŜǊŜ 

similar volumes precipitate over shorter periods of time (Wasko & Sharma, 2015). A decrease 

in storm velocity has been described in future climate CPM simulations over Europe, related 

to seasonal weakening of the jet stream, which leads  to increases in point storm duration and 

high hourly and 3-hourly precipitation accumulations (Kahraman et al., 2021).  
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Chapter 3. Data and quality control 

Material in this chapter is undergoing review for publication in the QJRMS. Part of the 

introduction of this manuscript has been moved to chapters 1 and 2 of this thesis. Minor 

ŎƘŀƴƎŜǎ ƘŀǾŜ ōŜŜƴ ƳŀŘŜ ǘƻ ƛƴŎƻǊǇƻǊŀǘŜ ƳŀǘŜǊƛŀƭ ŦǊƻƳ ǘƘŜ ŀǊǘƛŎƭŜΩǎ ǎǳǇǇƭŜƳŜƴǘŀǊȅ 

information into the thesis.  

3.1. Introduction 

The QC of weather observations is an essential prerequisite for the use of meteorological data. 

High-quality rain gauge measurements are necessary for a wide gamut of applications, 

including climatological analyses, as input for reanalysis and forecast models, climate model 

validation, agricultural management, water resources planning, design rainfall estimation for 

civil engineering applications, and others (Estévez et al., 2011). In particular, the analysis of 

extremes, including their climatology and statistical properties, requires high confidence in 

the veracity of the extreme rainfall values present in rain gauge records (Blenkinsop et al., 

2017). WMO guidelines for national hydrometeorological organizations recommends a series 

of tests for high frequency meteorological observations (Chambers et al., 2018; WMO, 2021). 

While the UKMO has stringent QC procedures, the rainfall data they make available is largely 

at hourly or daily resolution (Met Office, 2020b), and the sub-hourly data held by other rain 

gauge operators (EA, NRW, SEPA) is subject to inconsistent QC and is often provided without 

QC.  

Sub-hourly data allows for a greater detail when examining rainfall timeseries and variations 

in rainfall intensity, and it is required to make accurate hyetographs of short-duration 

rainstorms. Sub-hourly data is also useful for QC as periods of suspiciously high tipping-rates 

can be identified (Upton & Rahimi, 2003), however, the increased measurement variability 

and reduced spatial coherence in sub-hourly data creates additional challenges for QC. Sub-

hourly records tend to have shorter lengths than daily or hourly records, which may limit their 

usefulness for applications such as trend analysis. Sub-hourly rainfall data is also an important 

input for flood estimation and modelling, especially in urban settings or in small catchments 

sensitive to changes in rainfall intensity, with periods of high intensity leading to surface water 

flooding (Archer & Fowler, 2015; Ochoa-Rodriguez et al., 2015; Cristiano et al., 2017; Peleg et 

al., 2017; Fadhel et al., 2018; Zhu et al., 2018).  
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Due to the varied nature of rain gauge measurement errors (Wood et al., 2000; McMillan et 

al., 2012; Pollock et al., 2018) and the accumulation of errors over time (Morbidelli et al., 2017, 

2018), the QC of large datasets compiled from multiple sources is a complex procedure best 

approached with automated algorithms. Durre et al. (2010) developed a set of 19 

comprehensive, automated QC tests for daily observations of surface temperature, 

precipitation, snowfall, and snow depth as part of the development of GHCN-Daily dataset. 

The GSDR dataset was quality-controlled using a set of 25 quality tests, covering the entire 

range of WMO recommended tests that are achievable relying solely on rainfall data, which 

flag possible faults in hourly rainfall records which are then evaluated by a rule-base to remove 

suspicious data (Lewis et al., 2019, 2021).  These tests built upon previous work which quality-

controlled a large hourly rainfall dataset for the UK using 11 single-site tests (Blenkinsop et al., 

2017) which were expanded with 4 tests against neighbouring gauges to generate a gridded 

hourly rainfall dataset for the UK (Lewis et al., 2018).  

This chapter introduces a further extension to the hourly GSDR-QC algorithm (Lewis et al., 

2021), with additional QC tests exploiting high resolution sub-hourly rain gauge data which is 

used to reveal spurious records that are masked by aggregation to hourly or greater periods. 

First, the data and methods that were used to develop and test SHQC on a dataset of 1,301 

rain gauges are described (Section 3.2). Next, the impact of QC and the data resolution used 

by QC on the general characteristics of the dataset are examined before focusing the analysis 

on the changes QC has on rainfall extremes (Section 3.3). They demonstrate that the targeted 

removal of suspicious extreme values has significant impacts on return level estimates. Finally, 

the results are discussed in Section 3.4.  

3.2. Data and methods 

3.2.1. Data sources 

Rain gauge measurements were obtained from three network operators within GB: the EA, 

NRW, and SEPA, which operate these gauges for flood risk, water resource management, and 

other operational needs. Portions of these rain gauge records have previously formed part of 

hourly datasets for the UK (Lewis et al., 2018; Blenkinsop et al., 2017), and of the GSDR dataset 

(Lewis et al., 2019). Here this data was extended with updates to mid-2018; however, only 

rain gauges with sub-hourly temporal resolution have been used to create what, to the 

ŀǳǘƘƻǊΩǎ knowledge, is the largest sub-hourly rainfall dataset for GB. The inclusion of multiple 

providers has resulted in a mixture of tip-time records and 15-minute rainfall accumulations, 
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and to a lesser degree, measurement resolutions. All data were considered at their original 

resolution during SHQC.  

A total of 1,301 rain gauges with sub-hourly data were identified. Their geographic distribution 

and a histogram of their record lengths prior to QC can be seen in Figure 3.1. Variations in 

gauge density and record length are evident, with the highest density in south-east England 

and relatively sparse coverage in the Scottish Highlands. Rain gauges with 30-year or longer 

records are concentrated in England and western Wales, while Cornwall and Devon only have 

records under 20-years in length. The record length histogram shows that the bulk of the raw, 

pre-QC rain gauges have between 10 and 30 years of data, with median record length at 20.5 

years. In total the initial dataset contains approximately 27,600 station years of record.  

 

Figure 3.1. Map (left) and histogram (right) of sub-hourly rain gauge record length, in years. Rain gauges 
with less than 15 complete years are highlighted in red on the map.  

3.2.2. Data provider QC 

QC information was not available for NRW and SEPA data beyond missing data flags, while the 

EA does provide information with a quality flag and comments. EA QC flags have significant 

temporal and regional variations, with close to 50% of the EA data between 2003 and 2008 

ŦƭŀƎƎŜŘ ŀǎ ΨǳƴŎƘŜŎƪŜŘΩΣ ǘƘŜǎŜ ŦƭŀƎǎ ƘŀǾŜ ŀƭǎƻ ŦŀƛƭŜŘ ǘƻ ŦƭŀƎ Ҕолл ǳƴǊŜŀƭƛǎǘƛŎŀƭƭȅ ƭŀǊƎŜ ǘƻǘŀƭǎ 

(Blenkinsop et al., 2017). The absence of QC data for a large part of the data, and the variations 

in QC application within the EA, highlight the need for additional QC by users of this data, 

consequently EA flags were not used in the QC process.  
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3.2.3. Quality control method 

Two automated QC procedures were used on the rainfall data. The first QC stage was carried 

out using a modified version of the GDSR-QC algorithm in Lewis et al. (2021) on hourly totals 

calculated from the raw sub-hourly data, the modifications are detailed in Appendix A and 

Lewis et al., (2021) ςas a reminder, the UK case study present in this paper was written by this 

ǘƘŜǎƛǎΩ !ǳǘƘƻǊ. To distinguish the modified algorithm from the GSDR-QC algorithm, and to 

highlight that it operates on hourly data only, the first stage of QC is henceforth referred to as 

the hourly quality control (HQC). The latest version of the GSDR-QC algorithm may be obtained 

at https://github.com/nclwater/intense-qc, or https://pypi.org/project/intense/ (Lewis et al., 

2021). The second QC algorithm operates using sub-hourly data, so it is referred to as the sub-

hourly quality control (SHQC). Within it, the first checks ensure rainfall data has the correct 

frequency and resolution (SHQC/FR) before using a multi-stage threshold approach (SHQC/T) 

to identify suspicious rainfall periods. The SHQC Python scripts are available at 

https://github.com/nclwater/SubHourlyQC.  

The raw sub-hourly data with tip-time or 15-minute resolution was aggregated to hourly 

resolution prior to HQC. The aggregation period consists of the 60 minutes prior to the hour, 

therefore the rainfall accumulated for 08:00 is the total rainfall registered from 07:00:01 to 

08:00:00. This aggregation differs from that used by the UKMO in MIDAS, which records hourly 

totals with a 10-minute offset(Met Office, 2020b). Tipping bucket rain gauge records are 

temporally discontinuous as they register tip-times and omit zero-rainfall periods. Therefore, 

the aggregation procedure constructed a continuous time series by adding zero values 

between hours where precipitation was registered unless a missing flag data was present. In 

these cases, the gaps between non-zero observations were padded with missing data values 

όΨb!ΩύΦ ¢ƘŜ ƘƻǳǊǎ ƳŀǊƪŜŘ ŀǎ ǎǳǎǇƛŎƛƻǳǎ ōȅ ǘƘŜ Iv/ ǊŜǎǳƭǘǎ ǿŜǊŜ ǊŜǇƭŀŎŜŘ ǿƛǘƘ Ψb!Ω ǾŀƭǳŜǎ ƛƴ 

the original sub-hourly rainfall records, generating a baseline quality-controlled sub-hourly 

dataset which was then refined through SHQC.  

A visual examination was undertaken of seasonal rainfall extremes present in the sub-hourly 

dataset after HQC highlighted suspicious events. For example, Figure A.1 shows multiple 15-

minute totals exceeding 50 mm in magnitude present in Wales and Lincolnshire during 

autumn (SON). For reference, 50.8 mm over a 2.5 hour period was sufficient to cause 

significant surface water flooding in Newcastle (Environment Agency, 2012); therefore, 

observing this volume of rainfall over 15-mins would be highly remarkable and would merit 

https://github.com/nclwater/intense-qc
https://pypi.org/project/intense/
https://github.com/nclwater/SubHourlyQC
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investigation. The SHQC algorithm was developed to identify and remove suspicious rainfall 

measurements that may not be remarkable or suspicious at 1-hr resolution.  

The complete QC process was staged. First, the raw sub-hourly rain gauge datasets were 

aggregated to hourly resolution and subject to HQC (see Table 3.1 and the appendices for 

overviews, as well as Lewis et al., 2021 for additional details). TƘŜ ǊŜǎǳƭǘƛƴƎ v/ΩŘ ƘƻǳǊƭȅ Řŀǘŀ 

were then disaggregated to their original sub-hourly interval before being subject to SHQC 

(sections 3.2.5 and 3.2.6). Data gaps created by HQC were treated as missing data. Section 

3.2.4 describes the methods used to evaluate QC performance. The development and 

implementation of the SHQC procedure is shown next before presenting the extreme value 

methods used to study the impact of SHQC on rainfall frequency estimation in section 3.2.7.
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Table 3.1. QC tests and their classification  

 
i PRCPTOT is the annual total precipitation on days with over 1mm of rainfall (Donat, Alexander, Yang, Durre, Vose, & Caesar, 2013) 
ii R99pTOT is the contribution to total rainfall from days exceeding the 99th percentile threshold of all days with over 1mm of rainfall (Donat, Alexander, Yang, Durre, Vose, & Caesar, 2013)

WMO test class Function GSDR-QC components HQC + SHQC components 

Format 

Checks for repeated observations, impossible 

formatting (e.g. impossible dates) or misplaced 

data 

Daily and monthly accumulation tests: flag data where single instances of daily 

or monthly total rainfall values have been mistakenly included in hourly rainfall 

records. 

Daily and monthly accumulation tests: Same as GSDR-QC 
SHQC frequency and resolution checks 

Completeness Quantifies missing data in time series data 

Intermittency test: evaluates the frequency of periods with missing values in 

gauge records. 

Percentile and K-Largest tests: help identify suspiciously low annual rainfall 

totals and periods where missing data has been recorded with zeros. 

Same as GSDR-QC 

C
o
n

s
is

te
n

c
y 

Internal 
Examines consistency between different weather 
observations (e.g. dry bulb and wet bulb 

temperatures) 

Unchecked ï requires access to meteorological variables beyond rainfall. Same as GSDR-QC 

Temporal Tests the variation of observations in time 

Pettit homogeneity test: identifies break points in the time series, possibly due 

to instrumentation changes. 

Hour of day and day of week tests: ensure that no single hour of the day, or day 

of the week, concentrates rainfall occurrence. 

Daily and monthly accumulation tests: (same as above) help ensure temporal 

consistency by avoiding large values preceded by zeros. 

Same as GSDR-QC 

Spatial Compares gauges against its neighbours 

Hourly wet/dry neighbour tests: identify suspiciously large values or dry 

periods by comparing a gauge with its neighbours in the database. 

Daily and monthly wet/dry GPCC neighbour tests: work like the hourly wet/dry 

neighbour test but comparing rainfall data against neighbouring gauges in the 

reference GPCC daily database. 

Daily and monthly check not implemented, hourly wet/dry 

neighbour check only. 

Summarization 

Tests for consistency among different data 

summaries, e.g. the sum of daily totals should 

equal the sum of monthly totals for a year 

PRCPTOT1and R99pTOT2 tests: check that total annual rainfall and the annual 

contribution of daily 99th percentile rainfall are consistent with the local 

reference values of these indices in the ETCCDI/Climdex databases. 

Same as GSDR-QC 

Tolerance/ 
range 

Set upper or lower limits to plausible observation 
values 

Global 1-hr rainfall record test: compares hourly values against the world 

record hourly rainfall value of 401 mm (NOAA NWS, 2017). 

Rx1day test: compares hourly values against the local value of the maximum 

daily rainfall index (Rx1day) in the ETCCDI/Climdex reference dataset. 

UK 1-hr rainfall record test: compares hourly values against 

the UKMO hourly rainfall record of 92 mm. 

UK 24-hr rainfall record test: compares rolling-window 24-hr 
totals calculated from the hourly data with the UKMO 24-hr 

rainfall record of 341.1 mm (Met Office, 2020c). 

SHQC threshold tests: further tests hourly, 15-min, and 1-

min rainfall totals against threshold values set for each month. 

Spike and Streak 
Tests for rapidly changing (spike) or unchanging 

(streak) values 

Streak test: checks for repeated hourly rainfall values that exceed the local 

mean wet day intensity according to the SDII ETCCDI/Climdex reference 

database. 

Drizzle test: flags any period of over 12 hours with the same non-zero hourly 

rainfall value. 

Daily streak test: checks the time-series for periods where daily data may be 

mistakenly included in part of a gaugeôs record. 

Streak test: modified with a fixed hourly 20 mm threshold. 

Drizzle test: same as GSDR-QC 

Daily streak test: same as GSDR-QC. 

SHQC spike test: removes periods of fast tips associated with 

rainfall spikes. 

 
1 PRCPTOT is the annual total precipitation on days with over 1mm of rainfall (Donat et al., 2013a) 
2 R99pTOT is the contribution to total rainfall from days exceeding the 99th percentile threshold of all days with over 1mm of rainfall (Donat et al., 2013a) 
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3.2.4. QC diagnostic tools 

The effect of SHQC on extremes was evaluated using frequency distribution plots for hourly rainfall, 

the AMS of sub-hourly and hourly rainfall durations, and extreme value theory. Frequency 

distribution plots are a graphical representation of the entire frequency distribution of rainfall, 

which makes them useful for identifying abnormally frequent data. The extreme value analyses 

carried out to establish the effect of SHQC on return level estimates, are described in detail in 

section 3.2.7. 

The frequency distribution of rainfall was examined by calculating the relative frequency of non-

zero rainfall hours within discrete hourly rainfall bins; the relative contribution of rainfall within each 

bin to total rainfall was also calculated. Bin edges, ὦ, are defined by:  

ὦ Ὡ  , 
Equation 3.1 

where ὥ and ὧ are the lower and upper limits of the range to be partitioned into ὲ number of bins. 

This function is modified from a function presented in Klingaman et al. (2017) for use with daily 

precipitation climate model output. Two ὥȟὧȟὲ sets of parameters are used, (0.2, 100, 90) when 

examining the complete hourly rainfall distribution, and (0.2, 50, 50) when examining different 

SHQC threshold iterations. These parameters and function have been chosen because most hourly 

rainfall totals are low, therefore narrower bins are useful at the low end of the range, with wider 

bins to characterise less frequent heavy hourly rainfall. The bin edges generated by (1) were 

rounded to the nearest 0.2 mm to account for the minimum resolution of most tipping-bucket rain 

gauges, and finally 0.0 and Њ were added as the smallest and largest bin edges, respectively.  

The frequency distributions, i.e., the number of rainfall hours in each bin relative to the total number 

of rainfall hours, and the relative contributions to total rainfall, i.e., the total rainfall in each bin 

relative to total rainfall across all bins, were calculated at each gauge, for each month, and at each 

QC stage (raw data, after HQC, and after SHQC). Individual gauge relative frequency and rainfall 

contributions results were aggregated across the entire dataset on a monthly basis and plotted using 

log-log and semi-log scales, respectively. These plots serve to examine abnormalities in rainfall 

distributions which signal the presence of suspicious data. Ideally a smooth decrease in rainfall event 

frequency should occur as rainfall magnitude increases, reflecting the rarity of large and extreme 

events in observations.  

Two sets of reference events were used to evaluate the performance of SHQC. A training set was 

selected based on the preliminary examination of rainfall extremes carried out after HQC. All the 
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hourly seasonal maximum precipitation events over 40 mm were selected, for a total of 68 events 

with a nearly uniform seasonal distribution: 15 events were present from each season, except for 

summer with 23 events. Each event was manually quality-controlled: first, 3-hour totals for each 

gauge and up to 10 of its closest neighbours (by distance) were calculated and compared. Then the 

sub-hourly data for each of these events was plotted and inspected for spiking or indications of 

obstructions at hourly, 15-minute and, when possible, 1-minute temporal resolutions. Inter-tip 

times were calculated to identify fast-tipping problems in gauges with tip-time data. Finally, the 

UKMO daily weather reports (Met Office, 2020a) ǿŜǊŜ ŜȄŀƳƛƴŜŘ ƛŦ Řƻǳōǘǎ ŀōƻǳǘ ǘƘŜ ŜǾŜƴǘΩǎ ǾŀƭƛŘƛǘȅ 

remained. All the selected winter (DJF) and spring (MAM) events were deemed suspicious, nine of 

23 and two of 15 events were considered plausible in summer (JJA) and autumn (SON), respectively. 

The presence of suspicious events after HQC reflects the difficulty of quality controlling a large 

dataset where a balance must be struck between removing suspicious events while also retaining 

observed extremes and highlighted the need for further QC across the dataset. This data set and 

the 1-min and 15-min totals calculated for each event were the start of the SHQC threshold 

development.  

A set of 30 validation events (listed in Table 0.1) were used after development of SHQC was 

completed to ensure that the rainfall associated with observed surface flooding events were 

preserved throughout the QC process. These events were recent examples of surface water flooding 

events driven primarily by extreme rainfall, compiled from multiple sources such as flood 

investigation reports prepared by local councils as part of their duties under section 19 (1) of the 

Flood and Water Management Act 2010 or by the EA as part of on-going work for the UK 

5ŜǇŀǊǘƳŜƴǘ ŦƻǊ 9ƴǾƛǊƻƴƳŜƴǘΣ CƻƻŘ ϧ wǳǊŀƭ !ŦŦŀƛǊǎΩ ό59Cw!ύ {ǳǊŦŀŎŜ ²ŀǘŜǊ aŀƴŀƎŜƳŜƴǘ !Ŏǘƛƻƴ 

Plan, Boosting Action in Surface Water ς Workstream B ς Plausible Extremes in Surface Water 

(DEFRA, 2018). Rainfall data for up to 10 gauges within a 30 km radius of each surface flooding event 

were extracted for a 5-day window extending 3 days prior and 1 day past the date in which flooding 

occurred, the highest rainfall totals for durations between 15-minutes and 96-hrs were calculated 

and compared prior and after SHQC to establish if these verified extreme events were removed or 

not by the QC.  

3.2.5. Sub-Hourly QC algorithm 

Frequency checks (SHQC/FR) are required as the raw sub-hourly datasets contained a mixture of 

different reporting frequencies, ranging from daily to tip-times. To account for this the modal data 

frequency for each month was calculated for each rain gauge. Rainfall in any months with reporting 
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frequencies above 15-min were replaced with NA values. In addition, gauges with extended periods 

of rainfall measurements with integer (1 mm) resolution were identified; these are possibly the 

result of data processing or transmission problems where tip numbers were stored without 

converting to mm values, although metadata was unavailable to confirm this. As with the frequency 

checks, data resolution checks removing periods with integer rainfall measurements were carried 

out at monthly timeframes. SHQC/FR checks ensure that the rainfall data retained for analysis is of 

high temporal and depth resolutions.  

The second step of SHQC consists of threshold checks (SHQC/T) that were developed iteratively: 

threshold values were selected, evaluated using the tools described in Section 3.2.4 and the set of 

68 training events, and modified until a satisfactory result was obtained. The additional information 

provided by sub-hourly records was used in two different ways during the SHQC/T process, 

reflecting the two different types of data available: tip-time records and 15-minute totals. Tip-time 

records allow for a more thorough analysis of rainfall and its intensity, while 15-minute records offer 

limited opportunities for analysis beyond the threshold tests. Therefore, an inter-tip time test was 

implemented for use in gauges where tip-time records were available, while threshold-based tests 

were implemented for use in gauges without tip-times.  

Thresholds for suspicious data were selected for rainfall totals over three accumulation periods: 1-

minute, 15-minutes, and 1-hour. The 15-minute period represents the native resolution for ~38% of 

rain gauges, while 1-minute totals are used whenever tip-times are available. Threshold selection is 

described in section 3.2.6. 

The final SHQC/T algorithm tests rainfall data with monthly thresholds at increasing temporal 

resolution. The algorithm operates on a gauge-by-gauge basis. First, clock hours with rainfall totals 

that exceed the hourly rainfall threshold (TH60,m) are extracted for every month m and added to a 

pool of suspect hourly totals. The sub-hourly rainfall record for the 3-hour periƻŘ όƻǊ ΨŜǾŜƴǘΩύ 

centred on each suspect hour is extracted and the measurement frequency (Fdata) of the data is 

calculated. Two indicators are calculated for all 3-hour periods: the number of large 15-min rainfall 

totals (N15) as well as the mean intensity of wet 15-min totals ()Ӷ). Two additional indicators are 

calculated for events that have tip-time data (i.e., Fdata ґ мр-min) available: the number of large 1-

min totals (N1) and the most frequent inter-tip time (Tmode). Large 1-min or 15-min totals are those 

that exceed the corresponding monthly thresholds for each month (TH1,m and TH15,m respectively). 

Warm month (MJJASO) events flagged by the hourly threshold that have either N15 >1, or N15 =1 and 

)Ӷ > TH15,m are removed (as with HQC, suspicious events have their data replaced with NA values in 
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the time series); for periods flagged during cool months N15 >0 is sufficient to justify their removal. 

The more relaxed condition for warmer months, which requires more than one large 15-min total, 

is intended to account for the higher probability of intense, convective showers during warm 

conditions. This was added as a result of the validation process, which found that the strict criterion 

used in cold months removed plausible summer events in 15-min gauges. The additional indicators 

for events with tip-time data are used to remove events if very fast tipping occurs (Tmode < 2 

seconds), or Nmin >0. Metadata for all examined events are saved in a log file so users can examine 

the SHQC/T results and identify any patterns among the removed events.  

An example of how the final SHQC/T algorithm can use the additional information available in sub-

hourly rainfall records is illustrated with the large hourly total shown in Figure 3.2, which was 

recorded by an EA gauge located in north-western England. This event has an hourly total of 51.2 

mm, well below the UK record of 92 mm, and was not removed by the HQC algorithm. The same 3-

hr period is shown with increasing temporal resolutions matching those used by the SHQC/T 

procedure. First a large hourly total is detected for 03:00. The data frequency check correctly 

identified tip-time data, and the inter-tip time check was carried out. Tmode was found to be 1s, this 

is sufficient to flag the 3-hour period as suspicious and remove it by replacing the original values 

with NA in the time series. In addition, the 1-min and 15-min thresholds are exceeded, with N1 = 4 

and N15 = 1, confirming the period as suspicious. Posterior checks of the original EA metadata 

provide increased coƴŦƛŘŜƴŎŜ ƛƴ ǘƘŜ ŀƭƎƻǊƛǘƘƳΩǎ ǊŜǎǳƭǘ ŀǎ ǘƘŜ 9! ŦƭŀƎ ŦƻǊ ǘƘƛǎ ǇŜǊƛƻŘ ƛǎ Ψ{ΩΥ ǎǳǎǇŜŎǘΣ 

and snow was noted to have affected measurements between 28/12/2012 and 14/02/2013. 

Snowmelt events are a frequent source of fast-tip errors in rain gauge data (Upton & Rahimi, 2003). 

The very-fast tips detected by SHQC/T are consistent with a snowmelt event and represent 

information which is not available when examining hourly data. Other causes of fast-tipping events 

logged in rain gauge metadata include manual tampering and electrical faults, while the literature 

cites vegetation blockages which when released can cause erroneous readings (Wood et al., 2000). 

¢ƘŜ ƛƳǇŀŎǘ ƻŦ ǊŜƳƻǾƛƴƎ ǘƘƛǎ ŀƴŘ ƻǘƘŜǊ ƭŀǊƎŜ ƘƻǳǊƭȅ ǘƻǘŀƭǎ ŦǊƻƳ ǘƘƛǎ ƎŀǳƎŜΩǎ ǊŜŎƻǊŘ ƛǎ ŜȄǇƭƻǊŜŘ ƛƴ 

further detail in section 3.3.  
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Figure 3.2. Example of abnormally large rainfall in EA gauge 589294: Seathwaite Tarn, on 2013-01-27 for 
different accumulation periods. The final thresholds used by SHQC/T for January at each accumulation period 
are shown with a horizontal dashed line.  

3.2.6. SHQC/T Threshold selection 

Three iterations were required to obtain a satisfactory set of thresholds for the SHQC/T procedure. 

The presence of large outliers in the seasonal maximum plots (e.g. Figure A.1) was checked during 

each iteration, as well as smooth distributions in the relative frequency plots (Figure 3.3 and Figure 

3.5), and for good performance with respect to the training and validation set of events.  

The initial set of thresholds were chosen to allow the algorithm to replicate the manual quality 

control classification done on the training set of events. Values were defined for meteorological 

seasons to reflect seasonal variations in the drivers of GB precipitation (Hulme & Barrow, 1997; 

Chandler & Gregory, 1976): winter (DJF) and spring (MAM) were considered as cool weather seasons 

when intense convection is less likely to drive high sub-hourly extremes, while summer (JJA) and 

autumn (SON) were grouped into warm weather months. Cool months had initial hourly, 15-min, 

and 1-min thresholds of 30, 10 and 2 mm, respectively, with higher 40-, 20-, and 5-mm thresholds 

set for the same rainfall accumulation periods during warm months.  

These combinations yielded encouraging results for JJAS, which retained the same thresholds 

throughout the iteration process. Figure 3.3 illustrates the effect that different SHQC/T parameter 
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iterations had on the upper end of the rainfall distributions: iteration 1 results show a very sharp 

drop-off in rainfall events was observed in the rainfall distribution plots for winter and spring 

months (e.g., December and May), crucially, manual checks to some spring events revealed 

plausible events had been removed. This motivated a second iteration where the 15-min and 1-min 

thresholds for winter were increased to 15 and 4 mm, respectively. However, these increases 

allowed events flagged as suspicious in the training set to remain after SHQC/T during spring, (e.g., 

February and March, Figure 3.3), as events in the training set that had been discarded correctly by 

the initial thresholds were not removed by the higher thresholds of the second iteration.  

The trade-off between removing a sharp drop-off in event frequencies and retaining the capacity to 

identify suspicious events led to the use of the monthly thresholds shown in Table 3.2. The final 15-

min and 1-min thresholds show a smoother transition between the high threshold values of JJAS 

and the low thresholds in FMA, reflecting the annual GB cycle of increased and decreased convective 

rainfall (Hulme & Barrow, 1997). Thresholds decrease at a slow rate during ONDJ as autumn and 

winter storms, fuelled by relatively warm ocean waters, can still yield significant rainfall in short 

periods of time. The rapid increase between AMJ reflects an increased possibility of convection in 

May as days lengthen and warm up; the effect of these threshold changes is clearly seen in the 

smoother tail of extreme events in the May panel of Figure 3.3. 

Table 3.2. Monthly thresholds (in mm) for SHQC/T 

Rainfall accumulation 
period 

Month 

D J F M A M J J A S O N 

1-hr 30 30 30 30 30 40 40 40 40 40 30 30 

15-min 15 15 13 13 13 18 20 20 20 20 17 16 

1-min 3 3 2 2 2 4 5 5 5 5 4 3 

There are small changes to the total number of events removed during the iteration process (Figure 

3.4). The number of events that were not removed by SHQC/T increased between iteration 1 and 2 

as fewer events with tip-time/15-minute data were removed due to exceeding TH1,m/  TH15,m, the 

number of fast-tipping events remained constant. Changes to hourly thresholds from iteration 2 to 

iteration 3 increased the number of events evaluated by SHQC/T, which had remained constant 

between the first iterations. The timing of the events being removed also changed, with fewer 

events removed in May and more events removed from October and November, in line with the 

changed thresholds.  
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Figure 3.3. Log-log plot of relative frequency of hourly rainfall events over 10 mm after three different SHQC/T 
iterations, indicated with different line types and colours. Relative frequency is calculated by dividing the 
number of hours in each rainfall bin, ὔ  by the total amount of wet hours, ὔ  registered each month, 
these sums are shown here for the subset of gauges impacted by SHQC/T.  

 

Figure 3.4. Cause for event removal according to data resolution and SHQC/T iteration.  
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3.2.7. Extreme value analysis 

The net effect of QC on extreme rainfall analysis, the target application, was tested using the 

generalised extreme value (GEV) family of distributions. The GEV is used to model the distribution 

of extreme values of a series of independent observations ὢȟὢȟȣ which are blocked into 

sequences of length ὲ, where ὲ is large. The maximum values of ά blocks of observations generate 

a series ὓ ȟȟȣȟὓ ȟ , to which the GEV can be fitted. The GEV is defined as:  

ὋὉὠ‘ȟ„ȟ‚  Ὡὼὴ ρ ‚
ϳ

, Equation 3.2 

where ‘ is the location parameter, „ is the scale parameter and ‚ is the shape parameter. The value 

of ‚ determines the behaviour of the tail (extreme large values) and is used to classify the GEV into 

three families. The Gumbel distribution family corresponds to the subset of the GEV family with ‚

π and is described as light tailed, with a linear return level plot (a plot of return level estimates 

against the logarithm of return period); if ‚ π the return level plot will be concave and lack a finite 

bound, this behaviour is described as heavy tailed and the distribution belongs to the Fréchet family; 

finally if ‚ π the distribution belongs to the Weibull family which is upper bounded with a convex 

return level plot (Coles, 2001).  

Here a block size of a year was used to fit the GEV to the single-gauge AMS extracted from sub-

hourly data recalculated to 15-min, 1-hr, 3-hr, 6-hr, and 24-hr accumulation periods. Years with 

more than 15% percent missing data were excluded and a minimum of 15-years with complete data 

was required at each gauge, this decreased the number of gauges available for analysis to 897 

(Figure 3.1). While longer records allow for more robust estimations, geographic coverage was 

prioritised; selecting gauges with longer records would have excluded Cornwall and Devon 

(southwest England) from the analysis. The fitted GEV was used to estimate events with 0.2 and 0.1 

annual exceedance probabilities (AEP); these have average return periods of 5 and 10 years, 

respectively. These AEPs were chosen because the median gauge record length is ~20 years.  

L-moments were used to estimate the GEV parameters as they are well-suited for use in small 

samples (Hosking, 1990). This method has been previously used for the analysis of a large UK hourly 

rainfall dataset (Darwish et al., 2018, 2021) as well as for global datasets. In particular an analysis by 

Papalexiou and Koutsoyiannis (2013) of 15,137 globally-distributed daily rainfall records found that 

the GEV ‚ parameter tended to 0.114 as record length increased. A combination of graphical 

analyses and hypothesis testing is used to test if SHQC has a significant effect on ‚ due to its 

importance to the behaviour of extremes. 
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The effect of QC on rare event estimates (up to 1% AEP ς 100 year return period) was evaluated 

using an index flood type of regional frequency analysis (Hosking & Wallis, 1997; Faulkner, 1999; 

Reed et al., 1999; Stewart et al., 2013). As usual for this family of methods, the AMS of different rain 

gauges were standardised using their mean value and then pooled together. Regional l-moment 

values were then calculated and used to fit a regional GEV distribution, including regional average 

GEV shape parameters that have similar interpretations to single-gauge shape parameters.  

Regions defined for all rain gauges contain the 14 rain gauges closest (according to Euclidean 

distance) in addition to the target rain gauge, for a total of 15 sites per region. Larger 25 rain gauge 

regions were also tested (results not shown) but the addition of more distant gauges was 

detrimental. The heterogeneity measure Ὄ (Hosking & Wallis, 1997) was used to evaluate the 

quality of each region: if Ὄ ρ a region is homogeneous, i.e., of good quality. The gauge 

discordancy measure D (Hosking & Wallis, 1997) serves as in indicator that a rain gauge is an outlier 

to the region where it is included. Gauges with Ὀ σ are considered discordant for regions with 15 

sites. Regional homogeneity and the number of discordant rain gauges were calculated for all 

regions before and after SHQC. All regional frequency analysis was carried out in R (R Development 

Core Team, 2006) using the lmomRFA package (Hosking, 2019).  

Regional return-level estimates and plots were compared before and after SHQC. UK return level 

estimates for extreme rainfall are calculated using an index flood approach that does not fit a GEV 

distribution (Faulkner, 1999; Stewart et al., 2013), however the l-moments approach is widely used 

in the literature (e.g., Fowler and Kilsby, 2003; Darwish et al., 2018) and serves to illustrate the 

impact of SHQC on regional frequency analyses.    
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3.3. Results and discussion 

3.3.1. Data removed by QC 

The different QC stages remove different amounts of wet hours and total rainfall, with SHQC/FR 

removing the most wet hours and HQC removing the most rainfall (Table 3.3). This is expected as 

HQC is run first and has a greater number of quality checks compared to SHQC. The average intensity 

of rainfall removed by HQC and SHQC/T is higher than SHQC/FR, reflecting the nature of each QC 

stage, where SHQC/FR removes data with coarse measurement resolution or frequency while HQC 

and SHQC/T remove suspicious extremes. SHQC/T checks examined 698 3-hour periods from 227 

gauges, 597 periods were deemed suspicious (85%) and removed. Rain gauges with 15-min and tip-

time resolutions are evenly represented among removed periods (52% and 48% respectively); and 

the proportion of events removed is very similar for both temporal resolutions (86% and 84% for 

15-min and tip-time data respectively). 

Table 3.3. Summary of data removed by each QC stage, all percentages are relative to the raw dataset.  

QC Wet hours Rainfall [mm] 
Average intensity of 

removed wet hours [mmhr-1] 

HQC τȢρσρπ  (0.137%) ςȢυυρπ (8.64%) 61.6 

SHQC/FR τȢχωρπ (1.59%) υȢψχρπ (1.99%) 1.23 

SHQC/T 902 (0.003%) σȢτρρπ (0.12%) 36.3 

 

3.3.2. QC validation with pluvial flood reports 

The thresholds used by SHQC/T preserve extremes associated with a reference set of 30 observed 

pluvial flooding events. In total 184 rain gauges were found to contain rainfall data relevant to 28 

floods (two events lie beyond the temporal domain present in the data and could not be evaluated). 

Two of the pluvial flood events (Dawlish, Devon on 5/05/2012 and Bar Hill, Cambridge on 

8/08/2014) had hourly rainfall totals large enough (exceeding 40 mm) to trigger the SHQC/T 

algorithm, and both were deemed plausible. No SHQC component removed data associated to any 

of the reference pluvial events, indicating that the thresholds are sufficiently high to avoid removing 

flood-generating rainfall. An examination of the 15-min and 1-hr rainfall totals associated with these 

pluvial flood events shows 4 instances where TH15 is exceeded or matched; none of these coincide 

with exceedances of TH60 and in all events N15 =1 therefore they would not have been removed 

even if a lower TH60 ƘŀŘ ōŜŜƴ ǳǎŜŘΦ ! ǎǳƳƳŀǊȅ ƻŦ ŜŀŎƘ ŜǾŜƴǘΩǎ ǊŜǎǳƭǘǎ ƛǎ ǎƘƻǿƴ ƛƴ ¢ŀōƭŜ A1. 

While most of the observed pluvial flood events used for validation are well represented in the 

datasets (e.g., Newcastle upon Tyne, 28/06/2012 with observed 1-hr totals over 20 mm in 4 nearby 
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gauges, Figure A.2), very little rainfall was registered in nearby rain gauges for two surface water 

flooding events at Bury St. Edmunds, Suffolk, 19/09/2014 and Coverack, Cornwall, 23/08/2017 

(Cornwall Council & Environment Agency, 2018; Suffolk County Council, 2015). This is unsurprising 

given the localised nature of convective showers and the sparseness of rain gauge coverage. 

3.3.3. QC effects on rainfall distribution  

The rainfall distribution plot shown in Figure 3.5a reveals the effect that HQC, SMQC/FR and SHQC/T 

have on the rainfall frequency, with remarkable impacts on extreme values. Before any QC is 

attempted the dataset contains a relatively high frequency of very large events with hourly totals 

larger than 100 mm. These values deviate from a smoothly decaying trajectory and show an increase 

in frequency with event magnitude; something which violates the expected behaviour of rainfall 

extremes. Note that the sharp increase in event frequency in the final bin corresponds to all hourly 

totals over 100 mm, although this behaviour is robust to changes in the upper bin limit and has been 

observed when using higher values (up to 133 mm) in the binning function. The effect of HQC on 

the rainfall distribution is clear, with no remaining data over the UKMO accepted record of 92 mm 

in an hour (Met Office, 2020c); however, extreme hourly values continue to be relatively frequent. 

SHQC/FR has a relatively small impact on the distribution of hourly rainfall totals as no large 

deviations from the HQC data are observed. This suggests that the large number of hours removed 

by SHQC/FR followed largely the same distribution as the HQC data, including some extreme values. 

In contrast, SHQC/T further reduces the frequency of extreme hourly events, with a smoother decay 

in frequency as rainfall magnitude increases than was obtained after HQC. This is desirable as larger 

magnitude events should generally decay in frequency, especially for the large samples presented 

here.  
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Figure 3.5. Relative frequency of rainfall (a) and contribution to total rainfall (b) of hourly rainfall bins before 
QC (green), after HQC (red), after SHQC/FR (purple) and after SHQC/T (pink). Relative frequency is calculated 
by dividing the number of hours in each rainfall bin, ὔ  by the total amount of wet hours, ὔ  recorded in 
the entire dataset. 

 

Overall, total rainfall volume is dominated by the contribution of hours with less than 10 mm (Figure 

3.5b); however, the raw dataset shows a very large contribution to total rainfall from the > 100 mm 

hourly rainfall bin. This large contribution was traced to a single gauge (EA R50430_FW) which has 

15-min totals in excess of 9000 mm over a three-day period in November 2004 which were correctly 

identified as suspicious by HQC. There are small differences between the relative contributions of 

extreme rainfall to total rainfall for HQC, SHQC/FR and SHQC/T; therefore, a high-quality hourly QC 

algorithm may be sufficient for rainfall data applications such as water resource management where 

accuracy in representing rainfall volume is of greater importance than representing extreme events.  

3.3.4. SHQC effects on extreme rainfall  

SHQC/T has the largest impact on the distribution of sub-hourly extreme rainfall of any QC 

component considered here. This contrasts with the fact that HQC and SHQC/FR remove much 
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larger amounts of hours and rainfall from the database (Figure 3.5a). This reflects the targeted 

nature of SHQC/T, which aims to distinguish between real and spurious sub-hourly rainfall extremes, 

and the more general checks contained in HQC and SHQC/FR. 

SHQC/FR and SHQC/T have different effects on extremes, with SHQC/FR causing shorter AMS as 

periods with undesirable frequency or resolution are removed while SHQC/T does not affect AMS 

length as it removes much shorter periods (Figure 3.6). Rain gauge records modified by SHQC/FR 

show strong clustering in southwest and central England, as well as in southern and the central belt 

of Scotland. This suggests that the mixture of hourly and sub-hourly records or the storage of tip-

numbers rather than rainfall amounts are both systemic errors in data recording and storage 

procedures.  

 
Figure 3.6. Reduction in gauge AMS length (years) as calculated by subtracting the number of years present in 
the AMS series of each rain gauge at the QC stages shown in the panel headers. Rain gauges without 
differences have been omitted. A maximum of 15% missing data is allowed in a year before it is considered 
ƛƴŎƻƳǇƭŜǘŜ ŀƴŘ ǊŜƳƻǾŜŘ ŦǊƻƳ ŀ ƎŀǳƎŜΩǎ !a{Σ ǘƘŜǊŜŦƻǊŜ ǘƘŜ ƴǳƳōŜǊ ƻŦ ȅŜŀǊǎ ŀǘ ŜŀŎƘ v/ ǎǘŀƎŜ Ŝǉǳŀƭǎ ǘƘŜ 
ƴǳƳōŜǊ ƻŦ ŎƻƳǇƭŜǘŜ ȅŜŀǊǎ ƛƴ ǘƘŜ ƎŀǳƎŜΩǎ ǊŜŎƻǊŘ Ƴƛƴǳǎ ǘƘŜ ƴǳƳōŜǊ ƻŦ ƛƴŎƻƳǇƭŜǘŜ ȅŜŀǊǎΦ Iv/ Ҧ {Iv/ 
represents the combined effect of SHQC/FR and SHQC/T. not an additional QC stage. 
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Figure 3.7. Largest decrease in 15-min, 1-hr, 3-hr, 6-hr, and 24-ƘǊ ǊŀƛƴŦŀƭƭ ǘƻǘŀƭǎ ǿƛǘƘƛƴ ŜŀŎƘ Ǌŀƛƴ ƎŀǳƎŜΩǎ !a{ 
caused by each SHQC stage. Gauges where the length of the AMS has been shortened have a black outline. 
Differences were calculated between the QC staƎŜǎ ǎƘƻǿƴ ƻƴ ǘƘŜ ǇŀƴŜƭ ƘŜŀŘŜǊǎΣ Iv/ Ҧ {Iv/ ǊŜǇǊŜǎŜƴǘǎ ǘƘŜ 
combined effect of SHQC/FR and SHQC/T, not an additional QC stage. Rain gauges without differences have 
been omitted.  
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/ƘŀƴƎŜǎ ŘǳŜ ǘƻ {Iv/κ¢ ƛƴ ǘƘŜ ǊŀƛƴŦŀƭƭ ǘƻǘŀƭǎ ǇǊŜǎŜƴǘ ƛƴ ŀ ƎŀǳƎŜΩǎ !a{ όFigure 3.7) are caused by the 

removal of rainfall periods believed to be spurious based on their sub-hourly properties. This 

targeted removal of plausibly erroneous extremes does not generally result in a shortening of a 

ƎŀǳƎŜΩǎ !a{ όFigure 3.6). The large amounts of data removed by HQC (Appendix A) result in shorter 

rain gauge records that contain extreme events of reduced magnitude compared to the records 

prior to QC (Figure 3.6 and Figure 3.7). While some clustering is seen in gauges modified by SHQC/T, 

there is less evidence of systematic errors. The presence of multiple gauges with errors in Wales, 

Cumbria and the Scottish Highlands could suggest snow blockages as a cause for some clustering, 

however, evidence of snow blockages has been found for gauges in southeast England and there is 

no strong seasonal pattern to the monthly count of events removed by SHQC/T (Figure A.3). Rain 

gauge meta data did not detail whether gauges were heated.  

3.3.5. Impact of SHQC on frequency analysis 

In this section the analyses have been made considering the changes that SHQC/T has made to rain 

ƎŀǳƎŜǎΩ !a{Φ {Iv/κCa ŎƘŀƴƎŜǎ ǘƻ !a{ ƘŀǾŜ ōŜŜƴ ŜȄŎƭǳŘŜŘ ŦǊƻƳ ǘƘŜ ŎƻƳǇŀǊƛǎƻƴ ōŜǘǿŜŜƴ Iv/ 

and SHQC datasets as SHQC/FM handles data frequency and formatting limitations rather than 

erroneous values. All the changes presented in this section are therefore due to the removal of data 

deemed suspicious by SHQC/T.  

Regional heterogeneity and discordant gauges 

The removal of erroneous, outlying values by SHQC/T improves the performance ς as measured by 

regional heterogeneity and number of discordant gauges ς of regional frequency analysis across all 

durations. The number of homogeneous regions at increases by at least 10% after SHQC (Table 3.4), 

except at 24-hr, where a smaller 2% increase reflects the masking effect of data aggregation and the 

decreasing likelihood that a 24-hr annual maximum coincided with a value removed by SHQC. The 

overall increase in homogeneous regions after SHQC is not uniformly distributed (Figure 3.8) 

substantial improvements can be seen in Kent (all durations), southern Wales (1-hr to 6-hr 

durations) and east of the Severn Estuary (all durations), some reductions in the homogeneity of 

some areas are also seen (e.g., southern Scotland, at 15-min duration). The number of regions with 

discordant gauges is also reduced after SHQC (Table 3.5), again the effect is smaller at 24-hr than it 

is at shorter durations.  
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Figure 3.8. Heterogeneity measure of Hosking and Wallis (1997) as calculated for a 15-rain gauge region 
centred around each rain gauge location. Regions with H < 1 are considered homogeneous and of acceptable 
quality for regional frequency estimation.  

Table 3.4. Number of homogeneous regions (H < 1) after HQC and SHQC and the % improvement calculated 

as ὍάὴὶέὺὩάὩὲὸ Ϸ ρππz . 

Duration HQC SHQC Improvement (%) 

15-min 690 773 12 
1-hr 784 861 10 

3-hr 745 848 14 
6-hr 627 731 17 
24-hr 841 854 2 

 

Table 3.5. Number of regions with discordant gauges at each duration, after HQC and SHQC 
Discordant 

gauges in 

region 

15-min 1-hr 3-hr 6-hr 24-hr 

HQC SHQC HQC SHQC HQC SHQC HQC SHQC HQC SHQC 

0 913 1000 844 937 887 976 860 928 907 892 

1 341 262 406 327 364 284 390 301 355 376 

2 30 22 34 20 31 23 34 55 21 15 

3 NA NA NA NA 2 1 NA NA 1 1 

 

Impact of QC on GEV shape parameter 

SHQC has a moderating effect on both single-gauge (Figure A.4) and regional (Figure 3.9) estimates 

of the GEV shape parameter, ‚. Focusing on the more robust regional estimates of ‚, and 

considering regions that are homogeneous, the distributions of ‚ before and after SHQC are distinct 
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for all durations under 24-hr. This is evident both in the empirical and fitted normal distributions 

shown in Figure 3.9. Mean ‚ values are lower after SHQC (except at 24-hr where they are the same).  

 

Figure 3.9. Empirical distributions of the regional GEV shape parameter for each duration, after HQC and SHQC 
ς for regions with acceptable heterogeneity (H < 1). Fitted normal distributions are shown as dashed lines, and 
the mean values of each distribution are shown as vertical lines. Note that this plot does not account for 
uncertainty in GEV parameter estimation at each region.   

The distributions of single-gauge estimates of ‚ show strong similarities between 15-min and 1-hr 

durations, as well as between 6-hr and 24-hr durations (Figure A.4). This effect is absent in the 

regional estimates of ‚, with some small similarity between 15-min and 1-hr duration, ‚ 

distributions across all durations are clearly different (Figure 3.9), these differences have been 
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confirmed as statistically significant with non-parametric Anderson-Darling tests. There is a trend 

towards lower mean ‚ values as duration increases, from 0.14 at 15-min to 0.06 at 24-hr, both after 

SHQC. It may be speculated that this trend ς observed before and after SHQC ςreflects differences 

in the physical mechanisms that generate extreme rainfall at different durations. Convective short-

duration rainfall extremes tend to be localised; hence it is unlikely that a rain gauge will capture very 

high intensities multiple times within the relatively short records examined here. In contrast long 

duration rainfall extremes are more geographically widespread and driven by larger-scale synoptic 

conditions more than short-duration extremes, with relatively smaller variation between events. 

These differences between rainfall types should lead to AMS with higher coefficient of variation (the 

ratio of standard deviation over mean) at short durations, and hence to larger ‚ values, evidence of 

this can be seen in Figure A.5.  

The observed trend in ‚ values as duration increases contradicts results presented by Overeem et 

al. (2008) and Stephenson et al. (2016) which found no trend in ‚ estimates across durations 

between 1-hr and 24-hr, the former studied a 12-gauge region in the Netherlands, and the latter 

studied 182 rain gauges in New South Wales, Australia. This decreasing trend in ‚ also contradicts 

conventional assumptions in the construction of IDF/DDF models (Koutsoyiannis et al., 1998; 

Faulkner, 1999; Stewart et al., 2013). Note that the effect of uncertainty in GEV parameter 

estimation is not accounted for in this study beyond the inclusion of return level confidence intervals 

below. This uncertainty has to be addressed as part of a dedicated study regarding the variability of 

‚ and other GEV parameters with rainfall duration.  

The majority of ‚ values for all durations are positive (especially at hourly and 15-min durations), 

indicating that a Fréchet distribution family is often a good fit for extreme 15-min to 24-hr rainfall 

in GB, and implying that it is unlikely that an upper bound exists on the distributions of GB sub-daily 

rainfall extremes. The distribution of ‚ across all gauges is well approximated by the normal 

distribution (Figure 3.9), something that has been previously observed for daily rainfall at a global 

scale (Papalexiou & Koutsoyiannis, 2013), and which may be useful for simulation purposes.  

Impact of QC on return level estimates 

SHQC moderates the largest return level estimates of events 3-hr or shorter, in both single-gauge 

and regional analyses (Figure 3.10 and Figure A.66), with changes more evident for higher return 

periods due to SHQC-moderated ‚ values which reduce growth curve steepness. SHQC has much 

smaller effects on 6-hr and 24-hr return level estimates. Overall differences in regional return level 

estimates are modest, with most regions showing differences under ±2.5% (Figure 3.11), though 
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changes in single regions can be substantial: for example, at Ashcombe, Devon, the regional 24-hr, 

0.01 AEP estimates of 111.5 mm and 97.7 mm before and after SHQC differ by 14% (relative to the 

SHQC estimate). Differences at shorter durations can be larger, for example, at Dowdeswell, 

Cheltenham there is a 7.6 mm (29.5%) difference in the 0.01 AEP, 15-min return level estimates 

before and after SHQC (final value: 25.8 mm).  

The merit of regional frequency analysis is clear as single-gauge estimates can have much larger 

differences due to SHQC. for example, the largest difference for a 24-hr event at 0.1 AEP at an 

individual gauge is of 122.1 mm, with a SHQC return level estimate of 107.6 mm. This 113% error is 

much larger than the mean event at this accumulation period (63.4 mm). Regional frequency 

estimates pool AMS from multiple gauges, reducing the influence that single gauge outliers have on 

return levels.  
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Figure 3.10. Return level estimate violin and box plots at different annual exceedance probabilities (top panel 
labels) and event accumulation periods (right panel labels), after HQC and SHQC for all regions with acceptable 
heterogeneity (H < 1). Violin plots are density plots, mirrored about the vertical axis and plotted using a kernel 
density estimate. The bold line in the boxplot inserts shows the median, the upper and lower edges of the box 
show the 75% and 25% quantiles respectively, whiskers extend up to 1.5  the inter-quartile range beyond 
the box edges.  
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Figure 3.11. Percentage difference in regional return level estimates before and after SHQC, rainfall durations 
indicated on panel tops, AEP on panel right. Regions with +100% difference were heterogeneous prior to SHQC 
and homogeneous after SHQC, and regions with -100% difference are homogeneous before SHQC and 
heterogeneous after SHQC.  

 

3.3.6. Return level estimate case studies 

The impact of SHQC on single-site return level estimates was evaluated using two sites: Seathwaite 

Tarn, located in Cumbria at an elevation of 378 m and in a sparsely populated catchment (not to be 

confused with the nearby Seathwaite Farm gauge), and Temple Ewell in Kent, at an elevation 29 m 

and upstream of Dover. Both regions are prone to flash flooding, with multiple instances on record 

since 1700 (Archer & Fowler, 2021) and Temple Ewell sits upstream of Dover in the catchment of 

the River Dour, where intense rainfall has caused flooding (Dover District Council, 2019).  

SHQC/T inspected 5 episodes at Seathwaite Tarn, of which 4 were removed due to fast-tipping 

behaviour, including the 51.2 mm hourly total seen in Figure 3.2 and discussed in Section 3.2.5. 

These removals caused two changes to the 15-min AMS, with the values for 2013 and 2015 changing 

from 50.8 mm and 38.4 mm to 11.4 mm and 5.8 mm, respectively. At Temple Ewell 4 episodes were 

examined, with 2 removals due to fast tipping and one due to the presence of 3 values over TH15,m. 
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aŜǘŀŘŀǘŀ ŘƛŘ ƴƻǘ ǇǊƻǾƛŘŜ ŎŀǳǎŜǎ ŦƻǊ ǘƘŜ ŜǊǊƻǊǎΣ ōǳǘ ǘƘŜ ǊŜƳƻǾŜŘ Řŀǘŀ ǿŀǎ ŦƭŀƎƎŜŘ ŀǎ Ψ{Ω ōȅ ǘƘŜ 9! 

and one episode  in 20/12/2009 may be associated with snowmelt according to checks against the 

UKMO Daily Weather Summary for the date (Met Office, 2020a). The 15-min AMS series was 

modified, with values from 2000 and 2009 changing from 16.4 mm and 41.6 mm to 15.6 and 13.4 

mm, respectively.  

Figure 3.12 shows how the presence of suspicious large values prior to SHQC produces a poor GEV 

model fit (panels a and c for both gauges). Better-behaved models that more closely approximate 

the observations are observed after SHQC (Figure 3.12b and d) for both gauges). Note how the GEV 

models become less convex after SHQC as the estimated ‚ is reduced in both gauges.  

 

Figure 3.12. Quantile-Quantile plots for the 15-min AMS after HQC (a) and SHQC (b), with observed quantiles 
(y-axis) against GEV model quantiles (x-axis) plotted with a 1:1 straight line for reference. GEV return level 
estimates (solid curves), 95% confidence intervals (dashed lines) and observations (points) for data after HQC 
(c) and after SHQC (d) are shown for the same gauge and duration. The rain gauges shown represent high-
elevation western (Seathwaite Tarn, ~378m) and low-lying eastern (Temple Ewell, ~29m) locations.  

Regional return level estimates for 15-min accumulations after SHQC are shown to be significantly 

different at both locations as they lie outside the confidence intervals of the HQC estimates (Figure 

3.13). The associated confidence intervals are narrower compared to their single-site estimates, and 

SHQC is shown to reduce regional ‚ values as the curves are less convex after SHQC. SHQC improves 

the homogeneity of the region around Seathwaite Tarn, with Ὄ reducing from 5.34 (indicating a 

poor, very heterogeneous region) to 0.55 (acceptably heterogeneous). SHQC worsened the Ὄ values 

in the Temple Ewell region 0.15 to 0.66, though both indicate acceptable regional heterogeneity.  
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Figure 3.13. Regional return level plots for 30-gauge regions centred at Seathwaite Tarn and Temple Ewell. 
Solid lines indicate return level estimates, while dashed lines indicate 90% confidence upper and lower bounds 
for these estimates.  

 

.  
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3.4. Conclusions 

In this chapter a QC algorithm for rainfall that operates using sub-hourly data was developed, 

providing significant improvements to the quality of the resulting dataset, especially when 

considering applications such as extreme value analysis. The algorithm, based on monthly 

thresholds and inter-tip time checks, can identify and remove faults present in sub-hourly rain gauge 

data while accounting for seasonal variations in rainfall intensity. Therefore, the QC algorithm serves 

as a useful quality assurance tool for rain gauge datasets, especially in cases when manually checking 

all data would be unfeasible and/or for locations where corroborating datasets (e.g., radar or 

satellite rainfall estimates) are unavailable.  

Threshold selection is an important aspect that controls the number of events that are checked and 

removed. The values selected for GB produce good results relative to the manually quality-

controlled training and validation event sets by removing false events while retaining known events. 

There is not much sensitivity, in terms of data removed, to changes in threshold values as these are 

deliberately very high relative to the rainfall intensities observed in GB rain gauge records. The SHQC 

methods can be rapidly tuned to different locations by selecting different TH60,m, TH15,m and TH1,m 

values according to knowledge of local rainfall extremes. Caution should be used when selecting 

thresholds to balance the removal of faulty data while retaining real extremes.  

The use of rain gauge observations with sub-hourly resolution (e.g., tip-times or 15-min totals) 

provides valuable information for QC that is not available when considering hourly or daily data. The 

fast-tip check was confirmed as a good indicator of faults such as snowmelt events or blockages 

(Upton & Rahimi, 2003) as it can detect very fast changes in rainfall intensity that are unlikely to 

ƻŎŎǳǊ ƛƴ ΨǘǊǳŜΩ ŜǾŜƴǘǎ, similar tests are not possible with 15-minute data as the aggregation process 

disguises these changes in intensity. Therefore, rain gauge records should be checked using data at 

the highest resolution available to maximise the information available to evaluate veracity.  

Extreme rainfall values, such as seasonal maxima and AMS, are improved after SHQC through the 

removal of spurious values. There is a greater impact on short-duration rainfall totals (1-hr or 

shorter) as the aggregation process to obtain 6-hr or 24-hr totals can mask out the sub-hourly errors 

that SHQC evaluates, however changes were observed across all evaluated accumulation periods 

(15-min, 1-hr, 3-hr, 6-hr and 24-hr).  

The use of SHQC to remove suspicious data has a significant impact on single-gauge and regional 

estimates of the GEV shape parameter from the resulting dataset, with a moderating effect on the 

distribution tail due to the reduction of large ‚ values. ‚ is found to decrease with rainfall 
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accumulation period, from 0.14 at 15-min to 0.06 at 24-hr.; therefore, extremes of short-duration 

rainfall are more heavy-tailed than extremes of long-duration rainfall in GB. This also reinforces 

previous evidence that the type of rainfall events that generate short-duration extremes differ from 

those which cause extremes for accumulation periods of 6-hr or greater (Darwish et al., 2018; Hand 

et al., 2004). 

Conducting SHQC has a significant impact on single-gauge and regional return level estimates 

corresponding for 0.2 to 0.01 AEP events when using the GEV distribution. Differences at individual 

regions and gauges can be substantial (> 10%) however, average differences are under ± 2.5% for 

most regional return level estimates. The reduction in magnitude of the rainfall estimates highlights 

the importance of QC for engineering applications and to provide improved validation datasets for 

convection-permitting climate models.  

The work in this chapter illustrates that different levels of QC may be suitable for different 

applications. High-quality QC based on hourly data is sufficient for applications such as water 

resource management and planning where annual or monthly rainfall volumes are key as the events 

removed by additional sub-hourly QC represent a small contribution to total rainfall volumes. 

Applications where an accurate description of extreme rainfall is required are those that stand to 

benefit the most from additional SHQC. These applications include statistical analyses of flooding 

driven by extreme rainfall such as those witnessed in Europe and China during summer 2021, the 

development of design rainfall guidance required to provide adequate infrastructure, and the 

validation of climate model output.  
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Chapter 4. The creation and climatology of a large independent rainfall event 

database for GB 

4.1. Introduction 

The duration and volume (or depth) for rainfall extremes and how they relate to each other are a 

key determinant of flood magnitude and extent (Faulkner, 1999; Kjeldsen et al., 2005; Chow et al., 

1988; Redfern et al., 2016; Veldhuis et al., 2018; Cristiano et al., 2017). Extreme rainfall and their 

characteristics are especially important in urban and fast response catchments due to the rapid 

ƻƴǎŜǘ ƻŦ ǊǳƴƻŦŦ ƛƴ ǘƘŜǎŜ ǎȅǎǘŜƳǎ ǿƘƛŎƘ Ŏŀƴ ƭŜŀŘ ǘƻ ŘŀƴƎŜǊƻǳǎ ΨŦƭŀǎƘ ŦƭƻƻŘΩ ǎƛǘǳŀǘƛƻƴǎ (Westra et al., 

2014; Archer & Fowler, 2015). Despite the importance of rainstorm duration, most analysis of 

rainfall extremes in the UK and worldwide has been carried out using fixed-duration daily (Osborn 

& Hulme, 2002; Osborn et al., 2000; Fowler & Kilsby, 2003; Jones et al., 2014; Osborn & Maraun, 

2008) or hourly (Darwish et al., 2018, 2021; Blenkinsop et al., 2017; Kendon et al., 2018) rainfall 

totals. This approach contrasts with events-based modelling of rainfall where independent 

rainstorms are extracted from timeseries data (Restrepo-Posada & Eagleson, 1982; Serinaldi & 

Kilsby, 2013; Serinaldi & Grimaldi, 2007; De Michele & Ignaccolo, 2013; Jun et al., 2018). Here 

rainstorm duration is not constrained and is instead determined using statistical or empirical 

methods. The use of events allows for a determination of the true1 duration of the rainstorms that 

result in hourly or daily rainfall extremes (Barbero et al., 2019); it also better reflects the properties 

of rainfall, as artificial constraints on event duration are avoided.  

Event-based studies of UK rainfall have focused on a limited number of extreme events. They show 

clear differences in the drivers of extreme rainstorms for < or > 4-hr duration, with convective or 

frontally forced convection ς including mesoscale convective systems ς predominantly causing 

shorter-duration extremes while longer-duration extremes tend to be frontally or orographically 

driven (Hand et al., 2004; Clark & Webb, 2013; Lewis & Gray, 2010).  

In this chapter the quality-controlled sub-hourly rain gauge dataset for GB described in Chapter 3 is 

used to identify and extract over 70,000 rainstorms associated to fixed-duration AM rainfall 

intensities across a range of sub-hourly to daily durations. The methods used are detailed in Section 

4.2. The results (Section 4.3) first explores the size and overall properties of the rainstorm sample, 

 
1 There is no objective true duration to rainfall events, indeed the main challenge in an event-based analysis is the 

definition of what constitutes an event, and there are a range of approaches that may be used. As section 4.2.2 details, the 

time between storms is used to separate events in this thesis. Alternative methods include flood-based definitions, where 

the rainfall that triggers a flood is considered as an event, or meteorological definitions where rainfall is linked to the 

synoptic or meso-scale events that cause rainfall.  
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an examination of rainstorm characteristics follows, before studying the seasonal and regional 

variations of rainstorms. Finally, Section 4.4 contains a brief discussion of the results. This chapter 

represents both the largest study of the characteristics of extreme rainstorms for GB to date, and 

the first large-scale exploration of GB sub-hourly rainfall. 

4.2. Data and methods 

4.2.1. Rainfall data and quality control 

Sub-hourly resolution rainfall data available from three rain gauge network operators within GB: the 

EA, NRW, and SEPA. The quality control and preparation of this sub-hourly rainfall dataset was 

detailed in Chapter 3. 

The spatial coverage of the data includes Great Britain and some surrounding islands (Figure 4.1). 

Gauge records, after QC, are longest near central England and shortest in the peripheries of 

Southwest England and the Scottish Highlands. The median record length of the gauges is 17 years 

and only 42 gauges exceed 30 years (Figure 4.1a, c), barring any trend analysis. Rain gauges were 

classified into 5 regions (Figure 4.1b) defined for hourly extremes (Darwish et al., 2021) to study 

spatial patterns in the data. Most of the data is held as tip-time records, ~38% of gauges have 

coarser, 15-min accumulation data.  

 

Figure 4.1. Map of rain gauge locations and record duration after QC (a), regions of extreme 1-hr rainfall 
(Darwish et al., 2021) with number of gauges, N, per region (b), and histogram of record duration after QC (c).  
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4.2.2. Rainstorm definition and sampling 

Annual maximum series and rainstorm definition  

Ordinarily samples of extreme rainfall follow either a block-maximum or a POT approach (Coles, 

2001). The block maximum approach is frequently used to study the frequency of extreme rainfall 

events in the UK (Faulkner, 1999; Fowler & Kilsby, 2003; Stewart et al., 2013; Darwish et al., 2018). 

A block length of one year is used here to sample, at each rain gauge, the AMS of 10 durations that 

are of interest in engineering applications: 5-, 10-, and 15-minutes; ½-, 1-, 2-, 3-, 6-, 12-, and 24-

ƘƻǳǊǎΦ LŦ ŀ ȅŜŀǊ ǿƛǘƘƛƴ ŀ Ǌŀƛƴ ƎŀǳƎŜΩǎ ǊŜŎƻǊŘ Ƙŀǎ ƳƻǊŜ ǘƘŀƴ мр҈ ƳƛǎǎƛƴƎ ŘŀǘŀΣ ǘƘŜƴ ƛǘ ƛǎ ŜȄŎƭǳŘŜŘ 

ŦǊƻƳ ǘƘŀǘ ƎŀǳƎŜΩǎ !a{Φ The analysis is focused on sub-hourly to sub-daily AMS as these are the least 

well understood rainfall extremes in the UK.  

In this thesis rainstorms are periods of continuous or near-continuous rainfall that are separated by 

sufficiently long dry spells. This is distinct from rain accumulations of arbitrary durations (e.g., 

hourly, or daily rainfall totals) as rainstorm durations are not pre-determined. Rainstorms may 

contain multiple AM values; these are the individual rainfall totals accumulated over an arbitrary 

ŘǳǊŀǘƛƻƴ ǘƘŀǘ ƳŀƪŜ ǳǇ ŀ Ǌŀƛƴ ƎŀǳƎŜΩǎ !a{Φ {ƘƻǊǘ-duration AMs embedded within rainstorms are 

referred to as bursts in some literature (e.g. Ball et al., 2019). The presence of multiple AMs in a 

rainstorm complicates the extraction and identification of independent rainstorms; an example of 

this is shown in Figure 4.2 where five AMs for durations ranging from 2-hr to 24-hr are part of a 

larger 39-hr rainstorm. 

 

Figure 4.2. Rainstorm of 18 to 20 November 2009 at the Honister_Tel EA gauge. Five embedded AM values of 
different durations are indicated using coloured rectangles below the 5-min resolution time series data. The 
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dashed vertical lines indicate how each labelled segment was identified and added to the rainstorm by the 
event extraction algorithm, described in Section 4.2.2. 

All the AMs in this paper have been calculated using sliding-window accumulations to find the true 

maximum rainfall at each duration. Tip-time data allows for fully-sliding calculations where the start 

of the accumulation period can be positioned at any point in the timeline; however, 15-minute data 

can only be aggregated using semi-sliding windows and discretization effects are unavoidable. The 

use of a combination of sub-hourly data and sliding-window totals implies that the AMs presented 

here are on average larger than those calculated using hourly data (Stewart et al., 2013; Morbidelli 

et al., 2017).  

Time between independent rainstorms  

The defining characteristic of a rainstorm is the minimum time between independent rainstorms 

(ὸ ). This may be defined by using expert knowledge of the climatology of the region under 

consideration; however, its definition is not straightforward and may contain a degree of 

subjectivity (Bonta & Rao, 1988; Koutsoyiannis & Mamassis, 2001; Marra et al., 2020). This 

subjectivity is associated to the use of discrete events, where there is an inevitable level of 

arbitrariness in the definition of what constitutes an event. Scale-invariant representations of 

rainfall, such as power spectrum approaches, represent alternative to both arbitrary rainfall 

durations and events, however they are not explored here.  

Seminal work by Restrepo-Posada and Eagleson (1982) established a statistical method to calculate 

ὸ  based on the assumption that independent rainstorms should follow a Poisson arrival process. 

This is based on the statistical characteristics of point or instantaneous events: if these events are 

completely random then their arrival is described by the Poisson process (Kingman, 1993), and the 

distribution of intervals ὸΩǎ ōŜǘǿŜŜƴ arrivals is exponentially distributed: 

 Ὢ ‫Ὡ ȟ ὸ π Equation 4.1 

where is the average rainstorm arrival rate, and therefore ‫ ‫  is the mean time between 

rainstorm arrivals.  

However, the Poisson process is a mathematical concept and no real phenomenon will behave 

exactly in accord with it (Cox & Lewis, 1966). In the case of rainstorms, the arrivals have non-zero 

duration ὸ therefore overlapping events become possible. To avoid this the additional condition:  

 ‫ὸḺρ Equation 4.2 

where ὸ is mean storm duration, needs to be introduced.  
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If the assumption that a Poisson process holds for rainstorms is accepted, then the time between 

rainstorms, ὸ, should follow an exponential distribution with the same goodness of fit as Equation 

4.1, given that the condition in Equation 4.2 is maintained (Restrepo-Posada & Eagleson, 1982), 

therefore it is expected that: 

 Ὢ ὸ ‍Ὡ ȟ ὸ π Equation 4.3 

If ὸ is a small value and Ўὸȟ is a wet interval, it is highly probable that rainfall is present in an 

adjacent Ўὸ ƛƴǘŜǊǾŀƭ ǿƛǘƘƛƴ ŀ Ǌŀƛƴ ƎŀǳƎŜΩǎ ǘƛƳŜ ǎŜǊƛŜǎ, as it is likely that the synoptic or mesoscale 

event which generated the first wet interval will be on-going during the second interval. As ὸ 

increases, the dependence between adjacent Ўὸ will decrease (Restrepo-Posada & Eagleson, 

1982).  

To obtain independent rainstorms, these need to be defined so that all rainfall that is separated by 

ὸ ὸ  is considered to belong to a single rainstorm. The value of ὸ  can therefore be 

iteratively increased until an exponential distribution for Ὢ ὸ  ς and rainstorm independence ς is 

achieved. The value of ὸ  where this is met (subject to also satisfying Equation 4.2), is ὸ  

(Restrepo-Posada & Eagleson, 1982).  

A modified version of the Restrepo-Posada & Eagleson algorithm is used (see Supplementary 

Information) to calculate ὸ . In essence the algorithm estimates ὸ  by iteratively testing different 

dry spell durations until rainstorm arrival times are exponentially distributed. For each gauge the 

maximum continuous dry day (CDD) index value present in the closest grid of the GHCNDEX (Donat, 

Alexander, Yang, Durre, Vose, & Caesar, 2013) and HadEX2 (Donat, Alexander, Yang, Durre, Vose, 

Dunn, et al., 2013) Climdex datasets is used as an upper bound on the duration of the dry spell 

between storms. Longer periods without recorded rainfall present in the data are caused by missing 

data or due to the removal of suspect data during QC, and their presence may lead to bias in ὸ  

estimates. CDD represents a reasonable maximum for dry spell duration as it is based on the high-

quality daily observations which underpin these indices. Additional details regarding the calculation 

of ὸ  are identical to those presented in the appendix of Restrepo-Posada and Eagleson (1982) and 

are included in Appendix B. 

The spatial distribution of minimum rainstorm interarrival times in GB shows a clear and remarkably 

smooth pattern with the minimum ὸ  values in northwest Scotland and elevated western regions 

of GB such as the Lake District and western Wales, while longer dry spells are required for rainstorm 

independence in eastern and central England (Figure 4.3). This matches the spatial distribution of 
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UK annual precipitation and rain days (Hulme & Barrow, 1997; Met Office, 2013). It is known that 

ὸ  varies with climate and tends to be larger in drier climates, allowing for longer dry intervals to 

exist within independent rainstorms at dry climate locations (Restrepo-Posada & Eagleson, 1982). 

This is a result of increased rainfall clustering in dry climates: in dry locations with infrequent rainfall 

it is likely that consecutive rainstorms are caused by (i.e., dependent on) a single synoptic or 

mesoscale event. This contrasts with wet regions with high AAR totals and more frequent rain 

segregated by shorter dry intervals. The clustering in dry regions leads to larger ὸ  values while wet 

regions require fewer dry hours (lower ὸ ) for rainstorms to be statistically independent of each 

other. Hence the low ὸ  values in the wet, western areas of GB, and the higher ὸ  values in east 

and central England.  

 

Figure 4.3. Minimum storm interarrival time, ὸ  (hours), for rain gauges in Great Britain. 

Rainstorm timeseries extraction 

The second sampling step is to extract the time series data for the independent rainstorm associated 

with each AM. To obtain complete rainstorms, an extraction algorithm similar to that used in the 
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development of the Australian Rainfall and Runoff design guidance (Ball et al., 2019; WMAwater, 

2015) was implemented. In it search windows are iteratively used to identify rainfall which may be 

apportioned to a rainstorm.  

The extraction algorithm has three main phases, in the initial phase (Figure 4.4a) the time series 

data belonging to a single AM of any duration is identified and treated as the core of the rainstorm. 

The AM timeseries is examined and all dry intervals ὸȟ are compared against ὸ , if any ὸȟ  ὸ  

then the timeseries is split and the AM is classified as a compound annual maximum (CAM) as it 

contains two or more independent rainstorms. These events can also be viewed as rainstorm 

clusters. CAM rainstorms are extracted as two or more rainstorms but are otherwise treated 

similarly to AM rainstorms.  

Once the rainstorm core(s) is identified, the main phase begins (Figure 4.4b). Here a series of ύ 

search windows are used to expand the rainstorm timeseries forward and rearward. The behaviour 

of each search window is controlled by the window duration, Ὕ  [hr], and a threshold depth, Ὀ  

[mm]. The functioning of each search window is explained below, followed by a description of the 

durations and thresholds used.  

The forward search is executed first. Any non-zero observations within Ὕ  time ƻŦ ǘƘŜ ǊŀƛƴǎǘƻǊƳΩǎ 

first observation, F, are identified and their total depth Ὑ  [mm], is calculated. If Ὑ Ὀ  then the 

candidate observations are added to the rainstorm time series and the first of these candidates is 

used as F and the search is repeated. If Ὑ  Ὀ  (or if there are no candidates) then the candidates 

are discarded, and the rearwards search is started. An analogous search at the rear of the rainstorm 

timeseries is carried out after the forward search; once this is complete the algorithm proceeds to 

the next search window, until all windows have been exhausted. 

Various combinations of ύȟὝ , and Ὀ  were tested before settling on using 3 windows. The first 

window ύ ρ ƛǎ ŘŜǎƛƎƴŜŘ ǘƻ ŀŘŘ ŀƴȅ ƻōǎŜǊǾŀǘƛƻƴǎ ǘƘŀǘ ŀǊŜ ΨŀŘƧŀŎŜƴǘΩ ǘƻ the AM core by setting 

Ὀunder the minimum resolution (0.2 mm) for tipping-bucket rain gauges and Ὕ as 15-minutes to 

match the temporal resolution of the sub-hourly gauges that do not have tip-time data. Window 2 

requires at least two non-zero observations within an hour (Ὀ πȢτ mm, Ὕ ρ hr) and is used as 

an intermediate window between immediately adjacent rainfall, extracted by window 1, and more 

distant rainfall extracted by window 3. The final window ensures independence between a 

rainstorm and any adjacent rain by using ὸ  as Ὕ. An initial value of 0.2 mm was used as Ὀ , 

however this led to some very long rainstorms that included isolated single tips before or after the 
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main burst. To avoid this, window 3 avoids the use of a fixed rainfall threshold and instead requires 

that a minimum rainfall intensity of 1 mm hr-1 be present for data to be added to the rainstorm, 

therefore Ὀ (in mm) is set as equal to Ὕ (hr).This reduces the possibility of long dry spells being 

present between a rainstorm and isolated single tips as more substantial rainfall is required to 

include it in the rainstorm. Tests with Ὕ ς hr and Ὀ ρ άά  prior to the use of ὸ  (not shown) 

are largely consistent with the results.  

In the final phase, a regular time series is generated from the sub-hourly data after identifying all 

the observations that make up a rainstorm. A 5-min accumulation period is used for tip-time data 

and a 15-min accumulation period is used for gauges with this temporal resolution. A set of 

summary statistics described in Section 4.2.3 are calculated at this point before the algorithm is 

repeated on another AM value (Figure 4.4c).  

An example of the functioning of the extraction algorithm is presented in Figure 4.2 for a very large 

rainstorm registered in the Lake District during the floods of November 2009. In this instance the 31 

mm/ 2-hr AM registered in the 120-min period ending at 23:50:25 on 18-11-2009 was used as the 

rainstorm core (segment C in Figure 4.2). Window 1 added 329.8 mm of rain over a period of 31.4-

hrs to the rainstorm, before window 2 appended a 1.5-hr period to the end of the rainstorm with 

6.8 mm of rainfall that is separated from the main body of the rainstorm by a 45-min gap. Finally, 

window 3 identified a 3-hr period with 17.6 mm which closes the rainstorm. This additional data is 

separated by 2:10hr from the rest of the rainstorm, well under the 5-hr ὸ for this rain gauge. There 

is rainfall within the 5-hr window 3 that precedes the rainstorm, however it is only 0.4 mm which is 

under the 5 mm threshold needed for this gauge. Finally, the next rainfall registered at this gauge 

occurred 24-ƘǊ ŀŦǘŜǊ ǘƘŜ ǊŀƛƴǎǘƻǊƳΩǎ ŜƴŘ ŀƴŘ ǎƻ ŎƻƴǎǘƛǘǳǘŜǎ ŀ ǎŜǇŀǊŀǘŜ ǊŀƛƴǎǘƻǊƳΦ  

 



82 

 

Figure 4.4. Rainstorm extraction algorithm, initial phase (a), main phase (b) and final phase (c).  
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Rainstorm filtering 

In cases such as the rainstorm in Figure 4.2, where there are multiple AM embedded within a single 

event, the algorithm above will output a rainstorm time series for each individual AM. While this 

could be prevented by selecting only one AM per rainstorm, the extent of each rainstorm cannot be 

known a priori; therefore, repeated rainstorms within each rain gauge were filtered after they were 

all identified. Events were filtered by checking for matching rainstorm start and end times to avoid 

duplication.  

4.2.3. Summary statistics 

Once the time series for an extreme rainstorm has been extracted using the algorithm above, a 

series of summary statistics are calculated. These rainstorm properties are combined with rain 

gauge metadata such as latitude, longitude, and elevation, as well as the timing of the rainstorm, to 

generate a comprehensive summary of each rainstorm.  

Given that a rainstorm with total duration Ὕ [hr] is composed of ὔ discrete intervals, Ὥ, each with ὸ 

[hr] duration and ὶ [mm] rainfall, then total rainstorm rainfall is: 

 Ὑ [mm] В ὶ Equation 4.4 

The maximum rainfall intensity within each rainstorm is calculated as: 

 Ὅ  [mmhr-1] 
 

  Equation 4.5 

Note that Ὅ  was calculated using either 5-min or 15-min data (with ὸ  hr and  hr 

respectively) depending on the data resolution. Gauges with tip-time data can report higher Ὅ  

values as they can capture rapid changes in rainfall intensity.  

ὖ  is defined as the proportion of rainstorm duration which has no rainfall:  

 ὖ
ρ

Ὕ
ὸȟ   Equation 4.6 

This allows us to estimate the average intensity of the wet periods within a rainstorm, the effective 

rainstorm intensity Ὅ, defined as: 

 Ὅ[mmhr-1] ὙȾρ ὖ Ὕ Equation 4.7 

CƛƴŀƭƭȅΣ ǘƘŜ ǊŀƛƴǎǘƻǊƳΩǎ ŎŜƴǘǊŜ ƻŦ ƳŀǎǎΣ ὅ  is calculated as:  

 ὅ
ρ

Ὕ
ὶὸ Equation 4.8 
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This is analogous to the first moment of area or first moment of the rainstorm, it identifies the 

centroid of the rainstorm and serves as an indicator of the location of the heaviest rainfall within 

the storm (Marshall & Bayliss, 1994). A ὅ  value close to 0.5 would indicate rainfall that tends to be 

symmetrically distributed in the rainstorm (either centrally peaked or uniformly distributed), values 

under (over) 0.5 show rainfall is front (back) loaded within a rainstorm. ὖ  and ὅ  are 

dimensionless values to enable comparisons between different rainstorms.  

Seasonality and circular statistics 

Frequency plots, radial plots and circular statistics have been used to explore the seasonality of 

extreme rainstorms. Circular statistics were used to calculate the mean day of the year —Ӷ, and the 

concentration of seasonal distribution, ὶӶ, for the rainstorm families that generate each different 

AMS duration. ὶӶɴ πȟρ and values close to 1 show rainstorms are concentrated at the same time 

of year (Villalobos Herrera, 2017; Blenkinsop et al., 2017).  

The radial coordinate of a date — is: 

 — ὶὥὨ ὐόὰὭὥὲ Ὠὥώz
ς“

ά
 Equation 4.9 

Where ά is the number of days in a year. —Ӷ and ὶӶ are calculated with the aid of two auxiliary 

variables: 

 ὼӶ
ρ

ὲ
ÃÏÓ — Equation 4.10 

 ώ
ρ

ὲ
ÓÉÎ — Equation 4.11 

 

Where ὲ is the number of events. Finally, —Ӷ and ὶӶ are: 

 —Ӷ
ÁÒÃÔÁÎώὼӶϳ ȟ ὭὪ ὼӶȟώ π 

ÁÒÃÔÁÎώὼӶϳ  “ȟ ὭὪ ὼӶ π 

ÁÒÃÔÁÎώὼӶϳ  ς“ȟ ὭὪ ὼӶ πȟώ π  

 Equation 4.12 

 ὶӶ ὼӶ ώ Equation 4.13 

4.2.4. Empirical quantiles of extreme rainstorms 

Univariate methods for regional frequency analysis are well established ς e.g. Hosking and Wallis 

(1997); however, the bivariate character of rainstorm analysis prevents their use here. While 

methods have been recently developed to regionalise or cluster bivariate river gauge flood data 
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(Pappadà et al., 2018), these have not been extended to bivariate analyses of rain gauge data. 

Therefore, a simple empirical approach to describe rainstorm extremes is used by pooling data 

across regions previously defined for hourly rainfall extremes in the UK (Figure 4.1b, Darwish et al., 

2020) and calculating rainfall volumes associated with empirical exceedance probabilities (EP) for 

events of different rainstorm duration bins. This provides an indication of the magnitude expected 

from the most extreme rainstorm events in each region without resorting to a statistical model and 

without ascribing to rainstorms a return period or annual exceedance probability.  

The duration bins used for the quantile calculations are bounded by 0.25-, 0.5-, 1-, 2-, 4-, 8-, 16-, 32-

, and 64- hours. Within each duration bin the following quantiles of rainstorm volume are calculated: 

0.9, 0.95, 0.98, 0.99; these represent the lower bound for the top 10%, 5%, 2% and 1% rainstorms 

in each duration bin.  

4.3. Results 

4.3.1. Rainstorm samples  

The ͯ ς ρπ peak intensities belonging to the various AMS series identified through conventional 

methods, are embedded in χͯȢπ ρπ independent rainstorms. Each AM-generating rainstorm 

contains an average of 3.29 AMs. This confirms that overlaps between different duration AMs, like 

those seen in Figure 4.2, are the norm. 
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Figure 4.5. Heatmap of AM-generating rainstorm density (centre) with marginal distributions of rainstorm 
duration (top) and volume (right), sampled using all AM durations.  

A clear correlation exists between rainstorm duration and volume (Figure 4.5, main panel ς YŜƴŘŀƭƭΩǎ 

rank correlation coefficient for this data is 0.67). The marginal distribution of rainstorm volume 

(Figure 4.5, right panel) is unimodal and approximately log-normal (Figure B.1), while the 

distribution of rainstorm duration (Figure 4.5, top panel) is multimodal with peaks at the discrete 

durations used to sample the AMS series. This can be mitigated by only using short duration AMS 

series as cores for rainstorms, leading to much smoother rainstorm duration distributions (Figure 

B.2); however, this excludes some long-duration rainstorms that are important from both an 

engineering and climatological perspective.  

An upper bound on rainstorm duration can be observed in both samples, with few rainstorms 

exceeding 48 hours (Figure 4.5 and Figure B.2), this coincides with the time low pressure systems 

take to traverse GB (Chandler & Gregory, 1976). The volume of the largest rainstorms in the sample 
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can exceed 400 mm: these are exceedingly rare (with 2 instances from ~70,000 rainstorms) and are 

linked to well-known flood events in Cumbria during 2009 and 2015.  

Nearly 10% of 24-hr AMs are caused by compound or clustered rainstorms. CAM events result from 

the combination of two or more rainstorms with a wide variety of durations and volumes. However, 

approximately a quarter of all CAM events are the result of contrasting combinations where one of 

the rainstorms involved contains the majority (>90%) of the original AM volume. The small-volume 

components of CAM events are absent in Figure B.2, as CAM events are not present when using 

short duration AMS as rainstorm cores.  

4.3.2. AMS overlaps 

Rainstorms associated with all AM durations show overlaps with each other. Table 4.1 shows the 

percentage of overlap between the rainstorms associated with different AM durations. Adjacent 

AM durations show the most overlap ς 77.1% of all rainstorms with 2-hr AMs also have a 3-hr AM ς 

while distant durations show the least overlap ς only 11.6% of rainstorms with a 5-minute AM also 

contain a 24-hr AaΦ wŀƛƴǎǘƻǊƳǎ ǿƛǘƘ ǾŜǊȅ ǎƘƻǊǘ ŘǳǊŀǘƛƻƴ !aǎ όҖ мр Ƴƛƴύ ƘŀǾŜ ƭƛǘǘƭŜ ƻǾŜǊƭŀǇ όғ нр҈ύ 

with those that contain AMs over 3-hr. Rainstorms associated with AMs over 12-hr overlap most 

often with each other and with 6-hr AM rainstorms, but not with rainstorms with shorter AM 

durations. These overlaps between AMS are significant because rainfall of different durations are 

often treated as independent during the construction of IDF or DDF curves, including in UK rainfall 

frequency analyses such as those in Faulkner (1999) and (Stewart et al., 2013).  

Table 4.1. Percentage of overlap between rainstorms containing different duration AMs. The diagonal shows 
the number of rainstorms at each AM. All calculations were made row-wise relative to the diagonal, for 
example 76.3% of the 9449 rainstorms containing a 5-min AM also contained a 10-min AM; however, only 
74.2% of the 9708 rainstorms that contain a 10-min AM also contain a 5-min AM. Shading changes every 25% 
ŀŎŎƻǊŘƛƴƎ ǘƻ ŜŀŎƘ ŎŜƭƭΩǎ ƻǾŜǊƭŀǇ ҈Φ ϝ Percentages in the 5-min and 10-min column are lower than expected as 
these AMs cannot be calculated for rain gauges with 15-min data. 

AM duration 5-min* 10-min* 15-min 30-min 1-hr 2-hr 3-hr 6-hr 12-hr 24-hr 

5-min 9449 76.3 66.7 53.9 42.2 31.2 25.4 17.3 12.8 11.6 

10-min 74.2 9708 83.6 65.3 50.0 36.1 29.1 20.2 15.1 13.5 

15 min 28.0 36.1 22488 73.7 56.5 41.1 33.5 23.2 17.7 16.0 

30-min 22.3 27.7 72.5 22864 72.2 51.4 41.8 29.1 22.1 19.7 

1-hr 17.3 21.0 55.0 71.4 23115 68.0 55.0 38.4 29.0 25.5 

2-hr 12.6 15.0 39.5 50.2 67.2 23422 77.1 53.3 39.6 34.0 

3-hr 10.2 12.0 31.9 40.5 53.9 76.6 23581 65.2 47.3 39.6 

6-hr 6.9 8.2 21.9 27.9 37.2 52.3 64.4 23866 66.5 52.3 

12-hr 5.1 6.1 16.6 21.0 28.0 38.7 46.5 66.2 23990 69.8 

24-hr 4.5 5.3 14.7 18.3 23.9 32.3 37.9 50.7 68.0 24618 
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4.3.3. Rainstorm properties  

The duration of rainstorms associated with each AM have very different distribution shapes, ranging 

from unimodal distributions for 5-min and 24-hour AM to multimodal for intermediate 6- or 12- 

hour AM. Peaks in rainstorm duration coincide with the durations sampled by each AMS (Figure 

4.6a). All AMS are generated by rainstorms with a wide range of durations; however, sub-hourly 

AMs tend to be generated by rainstorms shorter than 6-hours.  

The distributions of rainstorm volume for different AM durations are approximately log-normal in 

shape, especially for short AMs (Figure 4.6b). The variance of rainstorm volume distributions 

increases with AM duration. Quantile plots for each AMS show that rainstorm samples for AMs over 

30-mins have heavier tails than expected from a log-normal distribution, and they become more 

heavy-tailed as the AM duration increases (Figure B.3). The unimodal, well-defined shape of 

rainstorm volume distributions contrast with rainstorm duration distributions (Figure 4.6a). This is 

a result of the sampling methodology, since AM durations have been fixed while volume has been 

allowed to vary.  

The distribution of ὖ  (Figure 4.6c) shows that significant portions of rainstorms consist of dry 

interludes. The rainstorms associated with longer-duration AMs tend to have the highest values; 

approximately half of 24-hour AM-generating rainstorms have ὖ υπϷ. Rainstorms associated 

with sub-hourly AMs are those most likely to contain zero ὖ ; however, large intermittency values 

are also present here as short duration AMs can be embedded in longer duration rainstorms (Figure 

4.6a). Near-zero ὖ  values at very short durations are expected as ǘƘŜǎŜ ǊŀƛƴǎǘƻǊƳǎΩ Řuration are 

close to the measurement resolution, e.g., for a 15-min AM event with 0 ὖ  it is likely that the 

actual rainstorm duration was under 15-min.  

AMs of durations < 24-hr tend to form a small fraction of the total volume contained in their 

associated rainstorms (Figure 4.6d). This is most notable for rainstorms associated with short AMs 

which tend to be embedded in longer, more voluminous rainstorms, while longer duration AMs tend 

to become a larger fraction of rainstorm volume. All instances where the AM volume is larger than 

their associated rainstorm volume are due to CAM events, where the sum of two or more clustered 

rainstorms matches the AM value. These CAMs have been excluded from Figure 4.6.  

¢ƘŜ ǊŜƭŀǘƛǾŜ Ǉƻǎƛǘƛƻƴ ƻŦ ǊŀƛƴǎǘƻǊƳǎΩ ὅ  varies as AM duration increases, from a forward position for 

rainstorms associated with sub-hourly AMs, towards a more central position for 24-hour AMs 

(Figure 4.6e). This indicates that the shorter-duration rainstorms that generate sub-hourly AMS 
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bursts tend to concentrate most of their rainfall towards the first half of the event. Further analysis 

into the temporal distribution of rainfall within rainstorms will be discussed in Chapter 5.  

Finally, Ὅ  decreases as AM duration increases (Figure 4.6f). Rainstorms with AMs over 6-hours 

have very similar distributions of peak intensities, rarely exceeding 25 mmhr-1, while rainstorms with 

sub-hourly AMs can easily exceed this value and have much broader distributions with much higher 

peak intensities. Rainstorms with intermediate AM durations are transitional between the 

distributions of rainstorms as they contain short and long AM bursts.  
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Figure 4.6.Density distributions for rainstorm duration Ὕ (a), volume Ὑ (b), percentage dry time ὖ  (c), ratio 

of AM volume to rainstorm volume (d), rainstorm centre of mass ὅ  (e), and peak instantaneous intensity 
Ὅ  (f) associated with different duration AM. Note that although CAM events have been excluded, a single 
rainstorm containing multiple AM values will be present in multiple distributions.  
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4.3.4. Regional and seasonal variation in rainstorm characteristics 

Rainstorm volume is heavily influenced by location. Rain gauges with the highest median AMS-

generating rainstorm volume (> 50 mm) are concentrated along the higher elevations of western 

GB. The Channel coast to the south, and moderate elevations such as the Pennine range and 

southern Scotland, have the next largest median rainstorms (~50 ς 30 mm); while rain gauges in 

central and eastern England have smaller values (Figure 4.7a). This geographic pattern is particularly 

strong in autumn and winter and is weakest during summer. Seasonal patterns in rainstorm volume 

are also evident, with winter concentrating the heaviest rainstorms, followed by autumn and spring, 

while summer tends to have the lowest median rainstorm volumes.  

 

Figure 4.7. Seasonal median rainstorm volume Ὑ (a) and duration Ὕ (b) for all rain gauges with at least 10 years 
of record. Seasonal mean effective rainstorm intensity Ὅ  (c) is calculated as V/Deff, where V is rainstorm 
volume and the effective rainstorm duration Deff is the wet portion of the total event duration D.   
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Seasonal changes dominate variations in rainstorm duration, with summer rainstorms generally 

shorter than those in spring or autumn, and winter clearly showing the longest rainstorm durations 

(Figure 4.7b). Spatial variations are visible within each season and annually, with a similar pattern 

to that of median rainstorm volume (Figure 4.7a).  

Variation in mean Ὅ is also dominated by seasonal effects (Figure 4.7c), and predictably has the 

inverse pattern to rainstorm duration, with highest intensities during the summer as events become 

shorter and more convective. Two clusters of rain gauges have relatively higher mean intensities 

during all seasons, one is in the Lake District and another along the south coast, east of the Isle of 

Wight and on the southern edge of the South Downs National Park. Both locations are adjacent to 

the coast and at high and moderate elevations respectively. Central England has high annual Ὅ as 

this region is furthest from the coast and tends to receive short duration events (Figure 4.7b ς 

Annual). 
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Figure 4.8. Month of —Ӷ per gauge (a) and temporal distribution (b) of rainstorms, both classified by their 
duration, T [hr]. Colours represent the month where rainstorms occur on average according to radial statistics.  

Seasonal changes in the relative frequency of different duration events (Figure 4.8) are clearly 

related to the variation in median Ὕ and mean Ὅ (Figure 4.7b, c). Short duration events (Ὕ τ-hr) 

of all magnitudes are very concentrated in the summer months (ὶӶ πȢυψ), with a few exceptions 

for coastal gauges along the English Channel and western coasts. This coincides with the peak 

frequency of rainstorms that contain AM durations under 3-hr shown in Figure 4.9a. This summer 

peak shows little regional variation, although the SW shows a higher frequency of short-duration 

rainstorms in May compared with other regions and a lower peak frequency in summer. For extreme 

short-duration rainstorms (Figure 4.10), the top 10% of events has a relatively uniform spatial 

distribution; however, the top 2% rainstorms become sparser in Scotland relative to the rest of GB.  
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Long-duration rainstorms (Ὕ ρς-hr) show a much more heterogeneous pattern. They are most 

frequent in winter over the Scottish Highlands, the high ground of the west coast and along the 

Channel coast (Figure 4.8), these same locations concentrate the largest (top 2%) long-duration 

rainstorms (Figure 4.10). In contrast, these rainstorms are most frequent in summer and early 

autumn in low-lying areas along the eastern coast and central England (Figure 4.8), whilst top 10% 

extremes are also observed during summer months in these areas (Figure 4.10). These regional 

differences are evident in the monthly frequency of rainstorms that contain 12-hr and 24-hr AM 

(Figure 4.9); these peak during summer in the SE and ME regions, during autumn in the NW and SW 

regions, while the NE region has a relatively flat distribution from June to January and with a 

decrease during spring. 

 

Figure 4.9. Annual cycle of rainstorms of different duration (a) and associated to different AM (b) for GB and 
individual rainfall regions.   
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Note that some events among the top 2% of long-duration rainstorms lie outside the high ground 

along the western coast of GB. These correlate to well-known flooding events and are almost always 

observed in more than one rain gauge: for example, a cluster of five gauges near Gloucester 

correlates to flooding in the region during July 2007 (Figure 4.10).  

Intermediate-duration rainstorms show a mix of these patterns, with a high frequency of events 

between July and October, with higher-elevation and western gauges favouring autumn and central 

and eastern regions favouring summer (Figure 4.8). The top 2% events are most frequent during 

July and August, while the top 10% rainstorms are slightly more evenly distributed in time, with 

relatively high frequencies during October; winter events have a similar spatial distribution to the 

most extreme long-duration events, while summer events have a much broader spatial distribution 

(Figure 4.10). The NE and SW stand out at a regional level, the first by showing a very pronounced 

peak in frequency during the summer, while the latter has a peak in October, mirroring the peak 

frequency of long duration rainstorms. All other regions show peak frequency in August (Figure 4.9a) 

An interesting characteristic only observed in extreme intermediate duration rainstorms is the 

presence of events along the southern coast during May (Figure 4.10). Finally, it is evident that very 

few rainstorm extremes occur during March and April at any duration (Figure 4.8, Figure 4.9, and 

Figure 4.10).  
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Figure 4.10. Geographical (a) and temporal (b) distribution of extreme percentiles of rainstorm volume [mm] 
for three duration bins, colours represent the month of each rainstorm. Sample size is indicated in the panel 
headers. The rainstorm with largest volume was plotted if a rain gauge was represented more than once in each 
duration and volume category.  5 
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4.3.5. Frequency and intensity of extreme AMS-generating rainstorms 

Not all AM events generate flooding (Ledingham et al., 2019), therefore it is useful to study 

the frequency characteristics of large ς more extreme ς rainstorms in more detail. There are 

large regional differences in the empirical return level estimates of long-duration rainstorms; 

the NW region of GB shows much larger expected rainstorms than the SE, with the remaining 

three regions showing very similar intermediate behaviour, while differences in the quantiles 

of short-duration rainstorms are small (Figure 4.11). Quantiles of rainstorms with durations 

under ~3-hours follow nearly linear trends in Figure 4.11, suggesting a power relationship 

describes the scaling of short rainstorm volume relative to duration. Above 3-4 hours, the 

growth of rainstorm magnitude relative to duration exceeds a power relationship for most 

regions, with the SE being the only exception. This pattern is observed for all EPs.  

 

Figure 4.11. Regional rainstorm volume estimates associated with different empirical exceedance 
probabilities (EPs) for rainstorms of different durations. Edges for rainstorm duration bins were set to 
0.25-, 0.5-, 1-, 2-, 4-, 8-, 16-, 32-, and 64- hours.  
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4.4. Discussion  

The rainstorm extraction method used here has allowed an unprecedented examination of 

rainfall in GB. However, it has been limited here to the use of conventional AM durations as a 

starting point for rainstorm extraction. This is desirable as AM values are of interest to 

engineers and scientists that analyse rainfall extremes using these durations, but it results in 

a biased sampling of rainstorm durations (Figure 4.5). Different sampling approaches, e.g., 

extracting every rainstorm as defined by minimum time between independent rainstorms 

(ὸ ), may be more adequate if unbiased sampling is desired.  

There is confidence in the validity of the results due to the extensive QC process that the data 

has been subject to and because the patterns observed in the results agree with existing 

knowledge regarding the seasonal and regional drivers of precipitation in GB (Hulme & 

Barrow, 1997; Met Office, 2013). Seasonal variation in extreme rainfall duration and volume 

is explained by the presence of convective rainfall during the summer months and dominance 

of cyclonic or frontal systems during the autumn and winter months.  

The short (<4-hr), high intensity (>10 mmϽhr-1) rainstorms that generate most hourly and sub-

hourly AMs are most frequent in the summer, when convection is active over GB. As 

temperature decreases with the annual cycle, so does the frequency of extreme rainstorms of 

short duration Figure 4.9). The most extreme short duration rainstorms behave similarly 

across GB. This is seen in the small differences in their empirical frequency across different 

regions (Figure 4.11), coupled with their widespread distribution south of Scotland (Figure 

4.10). The lower frequency of this type of event in Scotland is likely due to the relative coolness 

of Scottish summers due to its high latitude. This may make Scotland more susceptible to 

impacts of climate change related to storm intensification than the rest of GB, as events that 

occur most often in southern GB today may increase their future frequency in northern GB 

(Chan et al., 2018).  

Long (>12-hr) and medium (4-ƘǊ Җ ¢ ғ мн-hr) duration rainstorms increase in frequency 

between October and January when low-pressure systems and winter storms are most 

frequent (Figure 4.8). Orographic effects exert important controls over the volume of these 

rainstorms ς the heaviest of these rainstorms are concentrated over high ground along the 

western coast of GB (Figure 4.10). These same areas of GB (with high-volume winter and 

autumn rainstorms) have long median rainstorm durations which, coupled with relatively low 

intensities, suggests that these high volumes are due to more wet hours. Therefore, the effect 
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of orographic enhancement is primarily to increase rainfall occurrence, extending the duration 

of rainstorms.  

In contrast, long- and medium-duration rainstorms in eastern regions, where orographic 

enhancement is absent, have their peak frequencies during summer and early autumn (Figure 

4.8, Figure 4.9 and Figure 4.10). Mechanisms for these events are frontal, with or without 

convective components, as their duration excludes purely convective forcings (Hand et al., 

2004).  

The largest rainstorms (and AM values) on record are the result of sustained high hourly 

intensities over more than 24-hr; for example, the event in Figure 4.2 has an average intensity 

of ~9.9 mm hr-1, which is a high value more typical of summer Ὅ (Figure 4.7). Atmospheric 

rivers have been linked to events with sustained high-intensity rainfall as they can provide an 

extended supply of warm, moist air which triggers heavy precipitation when advected over 

high terrain (Lavers et al., 2011; Gimeno et al., 2014; Griffith et al., 2020). The effect of heavy, 

long-duration rainstorms is likely to be more wide-spread than short-duration extremes as the 

mechanisms that cause large events can affect a wider geographical area than the convective 

systems associated with shorter duration rainstorms. In addition, long-duration rainstorms 

are more likely to generate flooding downstream than short-duration rainstorms, and the 

impacts of the events seen in Figure 4.10 can be perceived at large distances from the rain 

gauges where they were recorded. For example, heavy rains in western Wales may cause 

flooding in Herefordshire or the Severn catchment days after they have occurred.  

Rainstorm duration and volume are correlated and (Figure 4.5) and they vary continuously 

because of the different conditions and processes that generate rainstorms in GB. The 

significant overlaps between different AM values (Table 4.1) are unsurprising and result from 

the use of discrete durations to study rainfall ς itself a historical necessity driven by the 

relatively coarse (hourly or daily) resolution and discretised nature of rainfall measurements. 

These overlaps and correlations pose a challenge to independence assumptions used in the 

conventional derivation of IDF and DDF curves (Faulkner, 1999; Stewart et al., 2013). 

The AMs used for drainage and water management infrastructure design occur in rainstorms 

with a wide range of volumes, durations, and peak intensities (Figure 4.6) which can generate 

very different hydrological responses in a catchment. Consider for example a catchment that 

has a 1-hr time of concentration and 20 mm of rain as the 30-year return period (i.e., a 20 mm 

/1-hr design event). The 13 instances where this occurs in the database contains such vastly 
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different examples as a brief 20.5 mm/65-min shower and a much larger 109 mm/12.4-hr 

storm. It is unlikely that a single storm design that considers the first event will respond equally 

well to the second (although this is also dependent on catchment properties) and it is naïve 

to believe that catchments only respond to rain with duration equal to their time of 

concentration. A more robust alternative to using a single storm is the use of ensembles of 

events for design, as it should allow for a better characterisation of the extremes a catchment 

is likely to face. This characterisation should remain probabilistic in nature, i.e., it should 

consider, using the appropriate multivariate methods, the probability that extremes with 

different combinations of rainstorm duration, magnitude, profile, and other event properties 

should occur. This should be consistent with how the original FSR rainfall-runoff model 

considered multiple aspects of flood modelling as a cohesive whole in a probabilistic context. 

The large amount of data present in the database could be used to inform stochastic models 

where rainstorm characteristics, such as their peak intensity, and Cm are modelled based on 

their empirical distributions.  

The limited duration of the records prevented the analysis of trends in frequency or magnitude 

present in the data; however, plausible future changes to the rainstorm characteristics 

observed here may be justified using physical mechanisms and climate model output. Extreme 

precipitation has increased in frequency and intensity since the 1950s, and further increases 

are very likely in most regions with additional global warming (IPCC, 2021b). The intensity of 

heavy daily or multiday precipitation events, including the ones explored here, show increases 

at a rate close to the Clausius-Clapeyron (CC) relationship of 6-7% K-1, with regional 

modulations due to large-scale circulation changes (Fowler, Ali, et al., 2021). Analysis of hourly 

UK data shows higher than CC scaling with respect to dew point temperature (Ali et al., 2021) 

and other studies project changes to storm velocity (Kahraman et al., 2021), the spatial extent 

of wintertime precipitation extremes (Bevacqua et al., 2021), and storm intensity (Wasko & 

Sharma, 2015). These projected changes pose an additional challenge to rainfall design 

methods and how best to incorporate robust knowledge regarding current and future 

rainstorm properties in flood estimation guidance (Wasko, Westra, et al., 2021).  

4.5. Conclusions 

The results in this chapter confirm well-established patterns in temporal and spatial 

distributions of rainfall, previously studied using fixed-duration totals (see Section 2.44.4, 
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while providing new insight into the characteristics of the rainstorms that cause AM rainfall 

totals. 

First, AM values with durations under 3-hr most frequently originate from short-duration 

summer rainstorms with convective components that occur widely across GB. AM values with 

duration over 3-hr are caused by multiple rainstorm types, in western GB they are caused by 

long-duration rainstorms (over 12-hr long) associated with low-pressure systems (i.e., frontal 

systems or winter storms) during autumn and winter. In eastern GB (SE, ME and NE regions) 

AM values with duration over 3-hr tend to be caused by shorter rainstorms (relative to 

western GB) in the summer or early autumn and are likely to contain both frontal and 

convective components.  

Second, AM values of different duration are frequently caused by a single rainstorm, resulting 

in overlapping AMs that contradict assumptions used when constructing IDF and DDF curves. 

Unlike the design storms used in engineering applications, real-life AM values occur as part of 

rainstorms with properties, such as total duration and volume, that vary widely and are 

correlated with each other.  

These results pose challenges to conventional univariate analyses of rainfall extremes which 

reduce rainstorm variability to a variation in volume at fixed durations. The presence of 

dependencies between rainstorm characteristics and between AM values of different 

durations, and the large variability of AM-ƎŜƴŜǊŀǘƛƴƎ ǊŀƛƴǎǘƻǊƳǎΩ ŎƘŀǊŀŎǘŜǊƛǎǘƛŎǎ suggest that 

rainstorms may be represented much more robustly using multivariate tools such as copulas. 

These have been demonstrated to work well for frequency estimation and other multivariate 

hydrological applications (e.g., De Michele, 2003; Salvadori & De Michele, 2004; Grimaldi & 

Serinaldi, 2006). The large sample size of the database could facilitate the use of empirical 

copulas, avoiding the use of parametric model copulas to describe the dependency between 

rainstorm properties. These empirical copula models may then be used to generate ensembles 

of rainstorms that exhibit the same properties as observed AM-generating rainstorms for use 

in engineering design, and flood estimation methods. This should lead to infrastructure that 

will be better prepared to face the observed variability of extreme rainstorms. 
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Chapter 5. Representative hyetographs for extreme GB rainstorms 

5.1. Introduction 

Hydrosystems modelling for design, analysis and performance evaluations often rely on 

rainfall information as a key input. This information usually consists of a total depth or volume 

(V), duration (D) and a hyetograph or rainfall profile which describes the temporal variation of 

rainfall intensity within the event. A wide variety of hyetographs are used in design and flood 

estimation depending on local practice and the problem under consideration (see section 

2.6.1 for an overview). In the UK, two synthetic hyetographs derived from a small set of events 

by the FSR (Institute of Hydrology, 1975), the 50% summer profile and the 75% winter profile 

(Figure 5.1), are still recommended for use in most rainfall-runoff flood estimation except 

some dam safety assessments (Woods Ballard et al., 2015; CIWEM, 2016; Environment 

Agency, 2020; SEPA, 2019b). Both profiles are centred, symmetric, and recommended for use 

with any rainfall duration.  

Hyetograph shape, especially the timing of peak rainfall intensity within a profile, has been 

identified as a key variable that modifies the hydrological response of catchments to rainfall 

events, especially in urban settings and catchments under 2,000 km2(Lambourne & 

Stephenson, 1987; Ball, 1994; Hettiarachchi et al., 2018; Zhu et al., 2018). The use of a centred 

profile family in UK rainfall design guidance can therefore be considered as a constraint which 

may artificially limit the robustness of engineering designs to real rainfall events with different 

profile shapes.  

 

Figure 5.1. FSR/FEH Storm profiles for the 50% most peaked summer storm and the 75% most peaked 
winter storm drawn as a) Cumulative profiles calculated using the design storm profile formula ώ

 , and where ᾀ  ὼ from Faulkner (1999) and b) hyetographs. Values of a and b for each profile 
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are given in section 5.2.2. Note that small x intervals can result in unrealistically large peak intensities 
for the summer profile, an interval size of 0.02 has been used to prepare these figures to match the 
peak intensity shown in Faulkner (1999).  

In this study chapter the FSR profile methodology is examined (Section 5.2) before trying to 

reproduce the C{wΩǎ results using the large dataset of observed annual-maximum-generating 

rainstorms for GB described in Chapter 4. In the results (Section 5.3) the influence of multiple 

rainstorm characteristics on the shape and frequency of different dimensionless hyetograph 

shapes is explored first. Following this, three methods for generating alternative synthetic 

design profiles are assessed using the same database. Finally, a brief discussion of the results 

is presented in Section 5.4. 

5.2. Data and methods 

5.2.1. Data and Quality Control 

Sub-hourly resolution rainfall data for GB was sourced from the EA, NRW, and SEPA. UKMO 

MIDAS data was not considered as it is stored at an hourly or daily resolution. This data was 

subject to the QC described in Chapter 3 which removed suspicious high values present in the 

original records. The resulting 1,279-gauge dataset provides good coverage of GB and some 

of its surrounding islands, but no data was obtained for Northern Ireland. Temporal coverage 

varies regionally (Figure 5.2), and the use of sub-hourly data limits record length, with a 

median of 17 years. The longest available records are in central England, and the shortest are 

in outlying areas such as Cornwall and the Scottish Highlands.  
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Figure 5.2. a) Location and length of record of rain gauges with sub-hourly duration, b) regional 
classification for hourly rainfall extremes from Darwish et al. (2020), and c) minimum storm interarrival 
time, ὸ  ς hours, for rain gauges in Great Britain. Inset table in b) shows the number of rain gauges in 

each region.  

The time series data of all independent rainstorms associated with the AM intensity for a 

range of sub-ƘƻǳǊƭȅ ǘƻ Řŀƛƭȅ ŘǳǊŀǘƛƻƴǎ ǿŜǊŜ ƛŘŜƴǘƛŦƛŜŘ ŦǊƻƳ ŜŀŎƘ Ǌŀƛƴ ƎŀǳƎŜΩǎ ǊŜŎƻǊŘΦ ! 

rainstorm was defined as a near-continuous spell of rainfall separated from other spells by a 

sufficiently long dry spell to guarantee independence. This minimum dry spell duration (Figure 

5.2c) was determined using the method of Restrepo-Posada & Eagleson (1982). A total of 

72,094 rainstorms were analysed, containing all the AM for 5-, 10-, 15-, 30-min and 1-, 2-, 3-, 

6-, 12- and 24-hour durations, although rainstorm duration may be longer or shorter than 

these fixed values, and significant overlaps were found between different AM-producing 

storms. The climatology and methods used to create this rainstorm dataset are described in 

detail in Chapter 4 Time series data was stored for each rainstorm at either 5-min resolution 

(if the original gauge had tip-time records) or at 15-min data if this was the original gauge 

resolution.  

5.2.2. Flood Studies Report profiling methods 

The methods used by the 1975 FSR to derive the centred storm profiles recommended for use 

in UK rainfall design methods were automated. First, an overview of these methods is shown 

with the changes that were necessary to adapt them for use with the rainstorm dataset. The 
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original methods are presented in full in Volume II, Chapter 6 of the FSR (Institute of 

Hydrology, 1975), though the detail presented there is scant.  

FSR Data 

A total of 80 summer (May to October) and 32 winter storms, tabulated at hourly resolution 

and with 24-hour duration, were analysed by the FSR. These were derived from three sources 

ς hourly data at 33 rain gauges in the UK with data between 1951 and 1970, flood-producing 

24-hour storms in England and Wales between 1961-1970, and some large 60-minute storms 

from rain gauges at Cardington and Winchcombe with 2-minute data. No location data was 

provided for any of the 35 rain gauges.  

Seasonal 24-hour storm point profiles 

The first and key step to the FSR method is to centre each storm about the shortest duration 

that contains 50% of the rainfall, Ὀ . Storms within each season were ranked into four 

quartiles of profile peak ς from flat to sharp ς based on the proportion of the central 5-hr 

rainfall to 24-hr rainfall. Mean profiles were calculated for the set of storms in each quartile 

using a modified rainfall mass curve approach. Each storm was divided into concentric hourly 

windows about the storm centre, Ὕ, (see Figure 5.3a, the centre was assumed to be the 

middle of the Ὀ  window, as implicitly described in the FSR) and the total rainfall at each hour 

about the centre was calculated as a percentage of the centred 24-hr total. Using the same 

notation as the FEH, this process results in a profile that has proportion of duration centred on 

peak as ὼ, and (cumulative) proportion of depth as ώ (e.g., Figure 5.1a), while the FSR simply 

notates these plots as percentage of storm duration against percentage of storm rainfall. An 

example of the profile this produces for a contemporary rainstorm can be seen in Figure 5.3b. 

Finally, mean ώ values for each of the centred hourly duration bins ὼ were calculated by 

averaging across all storms in each quartile of profile peakedness.  
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Figure 5.3. For Storm Desmond, as recorded at Honister Pass, December 2015: a) Shortest duration that 
accumulates 50% of rainfall (Ὀ ), rainstorm centre (Ὕ) and centred windows of proportional duration. 
b) Cumulative rainfall curve, and c) Intensity curve plot according to the centred FSR methodology as 
adapted for rainstorms of any duration (blue) and without centring (red). FSR profile in c) is symmetric 
ŀǎ ǇŜǊ ǘƘƛǎ ƳŜǘƘƻŘΩǎ ǇǊƻŎŜŘǳǊŜΦ  

The mean quartile profiles were smoothed, with Ὑ values interpolated for values of Ὀ that 

ǘƘŀǘ ǿŜǊŜƴΩǘ ŦƻǳƴŘ ƛƴ ǘƘŜ ƘƻǳǊƭȅ ŘŀǘŀΦ !ŦǘŜǊ ǘƘƛǎ Ὑ was interpolated again; this time to 

estimate profiles for the 10, 25, 50, 75, 90 and 95 percentiles of profile peakedness. These 

interpolated dimensionless profiles (Figures. S1, S2 and contemporary example in Figure 5.3c 

for comparison) form the basis for the summer and winter profiles shown in Figure 5.1. The 

FSR/FEH hyetographs use intensity as a proportion of mean event intensity, ὍӶ, as their y-axis 

variable, it is calculated as ὍӶ
Ў

Ў
, where ὍӶ is the mean event intensity; ὍӶρ in this scale.  
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Note the differences in the peak structure of the 50% summer profile between Figure 5.1 and 

Figure C.1, with the FEH version of the profiles showing higher peak intensities than the FSR 

version. This difference is caused by the model for the design profiles presented in Faulkner 

(1999): 

ώ  
ρ ὥ

ρ ὥ
ȟ Equation 5.1 

where ᾀ ὼ, parameters ὥ and ὦ for the summer and winter profiles are given in Table 5.1. 

This model is known to give large peak intensity values for the 50% summer profile when short 

time steps (Ўὼ) are used (Faulkner, 1999; Kjeldsen et al., 2005) but no time step limit is 

suggested in these sources. A Ўὼ of 0.02 (1/50) was used in Figure 5.1 to reproduce the 

representation of the profiles in the FEH (Faulkner, 1999), this results in peak winter and 

summer profile intensities of ~2.6ὍӶ and ~5ὍӶ respectively which are used as reference values 

throughout this chapter.   

Table 5.1.Parameters for FSR/FEH design profile calculation (Faulkner, 1999) 

Profile ╪ ╫ 

75% Winter 0.060 1.026 

50% Summer 0.100 0.815 

 

Variability of profiles with storm duration, return period, and region 

The FSR used this method to describe the profiles of summer and winter storms of 60-min, 4-

, 6-, 12-hr, and 4-day durations (with no mention of any methodological modifications to 

account for the different durations) using data from stations in southeast England and the 

Midlands and found no evidence of variability in mean R vs D storm profiles. Similar 

comparisons, where storms were ranked by return period and location, also found no 

significant profile variations (Institute of Hydrology, 1975).  

5.2.3. Modified-FSR method 

Rainstorms in the dataset range from 15-min to over 2-days in duration; therefore, the FSR 

procedure for 24-hr storms detailed above was modified to function with rainstorms of other 

durations. The key centring step was left unmodified. Rainstorms were classified in terms of 

event peakedness using the proportion of the central 20% of rainfall to the storm total instead 

of using a 5-hr fixed duration (as 5-hr/24-hr ~ 0.2). Finally, due to the greater number of events 

available to us, mean profiles for different percentiles of event peakedness were calculated 

directly from the ranked events without the interpolation step used in the FSR.  
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For the analysis of FSR-like profiles, storms have been classified into different classes using the 

same season and duration bins as the dimensionless profiles (Section 5.2.4). Rainstorms within 

the England bathing season (15 May to 30 September) are considered summer events and 

others are winter events. This seasonal classification is relevant for water industry practice 

and regulation as it coincides with the period during which beaches and lakes are monitored 

for compliance with water quality standards (Environment Agency, 2021a). 

5.2.4. Dimensionless profile methods 

After studying the FSR profile method it became clear that the centring procedure has the 

potential to distort hyetograph shapes relative to conventional dimensionless profile 

methods. The calculation of sequential, un-centred dimensionless profiles is detailed below.  

For a rainstorm with n intervals of fixed duration, dimensionless rainfall Ὑ  was calculated as:  

Ὑȟ
Ὑ

В Ὑ
ȟ Equation 5.2 

where Ὑ is the total rainfall for interval I, and dimensionless duration was calculated as: 

Ὀȟ
Ὥ

ὲ
 Equation 5.3 

and is closed on the right edge of the interval.  

The dimensionless profiles (e.g., Figure 5.3b, red line) were calculated at their time series 

resolution of 5- or 15-min. The individual timesteps of dimensionless duration were further 

binned into 12 equally long segments to enable the comparison of events with different 

durations; any gaps in short-duration events with fewer than 12 data points were filled in using 

linear interpolation (~15% of all rainstorms).  

Classification of dimensionless profiles 

The variability of rainstorm profiles as related to different event characteristics was explored 

using a manual classification method. The variables for consideration were considered 

relevant from a design rainfall point of view: rainstorm duration, volume, region, seasonality, 

profile shape, and profile peakedness. Details on the classification of each variable are 

provided below.  

Rainstorm duration was classified into four bins that contain an equal number of events, with 

breaks at 2:10-, 6:45- and 19:25- hrs. Using other, tidier breaks would be arbitrary, and could 

skew results due to the presence of uneven event numbers in each bin. Climatologically, the 

shortest duration bin should be dominated by convective rainfall, while the longest bin should 
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be populated by mostly frontal and orographically-driven rainfall events. Intermediate 

duration bins will present a mixture of these forcings.  

Rainstorm volume was classified into three bins based on their empirical frequency within 

regional and duration bins. For each region and duration combination, events were ranked by 

volume and classified into percentile-based bins: top 1%, top 10%, and all events. If these 

percentiles are associated with exceedance probabilities ς and hence to return periods ς then 

events in the top 1% and top 10% meet or exceed approximate 100-yr, and 10-yr return period 

thresholds which are relevant for UK urban design practice (CIWEM, 2015; Butler & Davies, 

2011) and allow exploration of whether event return period has an impact on rainfall profiles.  

Regions of extreme hourly precipitation (Figure 5.2b) defined by Darwish et al. (2020) were 

used to study possible spatial patterns in the data. These regions highlight well known east-

west and north-south differences in the behaviour of extreme rainfall in the UK (Hulme & 

Barrow, 1997; Jones et al., 2013; Fowler & Kilsby, 2003; Blenkinsop et al., 2017). Regions of 

daily rainfall (Alexander & Jones, 2001) were also trialled and resulted in similar results (not 

shown). 

Profile shape was examined using two variables. Rainstorms were separated into five equal-

length sections (corresponding to increments of πȢςὈ  each), and the total Ὑ  for each section 

was calculated. Rainstorms were then classified according to the section which contained the 

largest total Ὑ . Profiles are described as very front-loaded (F2), front-loaded (F1), centred 

(C), back-loaded (B1) and very back-loaded (B2) according to the section of each event which 

contains the heaviest rainfall moving from the first to the final πȢςὈ  section.  

Finally, profile peakedness was evaluated by ranking rainstorms according to the maximum 

relative intensity within each rainstorm, calculated as the largest step-change in dimensionless 

cumulative rainfall: 

ЎὙ ÍÁØ Ὑȟ Ὑȟ  Equation 5.4 

Different percentiles of ЎὙ  were used in a manner akin to the peakedness rankings used by 

the FSR method.  

Classification effects on event profile frequency and shape 

The sensitivity of profile shape to these different variables was evaluated by plotting all events 

binned within different combinations of categories and visually examining the resulting profile 

cloud. This allows for a quick comparison between different groups and the different 
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distributions of events within them without relying on mean profiles that may disguise 

outlying profile shapes or profile variability.  

These visual examinations were complemented with contingency tables (see e.g., Agresti, 

2019) and mosaic plots (Hartigan & Kleiner, 1984) to determine the influence of different 

categorical variables on the frequency of different profile shapes. Consider a two-way 

contingency table with cell frequencies ὲ  for Ὥ ρȟȣȟὍ and Ὦ ρȟȣȟὐ, and row and 

column sums ὲ Вὲ  and ὲ Вὲ  respectively. Mosaic plots are a graphical 

representation of contingency tables where ὲ  is represented by a rectangle with area 

proportional to the count and where the edges are proportional to the contribution of each 

category to the total. Mosaic plots have been prepared using the vcd package (Meyer et al., 

2006) for the R programming language (R Development Core Team, 2006).  

5.2.5. Synthetic profiles for GB rainfall 

Synthetic summary profiles were calculated using two methods. The manual classification 

method incorporated the findings of the sensitivity analysis (Section 5.3.2) and calculated 

mean profiles by averaging Ὑ  at each of the 12 discrete Ὀ  bins that form the dimensionless 

profiles. Mean values were calculated across all events as classified by their volume, duration, 

profile shape, and percentile of profile peakedness.  

The results of this manual classification are compared to those obtained using a k-means 

clustering algorithm. This process relies on identifying clusters of events with similar profiles 

by directly considering the sample of dimensionless events (Wu, Yang, et al., 2006). This was 

done with and without using pre-conditioning variables. Note that k-means clustering uses 

Euclidean distances between observations while other time series clustering algorithms may 

use DTW distances; the main advantage of DTW is that it can correctly cluster time series that 

have similar overall shapes but different timing (Wang, 2020). However, the timing of the 

moment of peak rainfall intensity is a key aspect of hyetographs; therefore, DTW methods 

were discarded in favour of k-means clustering.  

K-means clustering was used with and without previous separation of events according to 

their duration bin. In both instances a mean profile was calculated based on the time series 

data of all cluster members. This summary profile was then classified according to its shape. 

When duration was not constrained, the median duration of all rainstorms in each cluster was 

calculated and added to the profile metadata.  
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5.3. Results 

5.3.1. FSR-like profile results 

A comparison of the FSR profiles contained in the FEH with new profiles calculated using the 

same methods for a much larger number of rainstorms of different durations challenges some 

of the original conclusions used in current UK rainfall design methods. Figure 5.4 shows that 

event duration has a significant impact on the peakedness of FSR-like profiles at both 50% and 

75% percentiles of peakedness. The sharp FSR 50% summer profile included in the FEH is a 

good match for rainstorms with durations under 6:45-hr, especially for winter storms. Note 

that the original FSR 50% summer profile reaches a maximum intensity of ~3.75ὍӶ ς compared 

with ~5ὍӶ in the FEH version ς which is a very good match for the new short duration 50% 

summer profile. The FSR 75% winter profile ς which does not show a difference in peak 

intensity between FSR and FEH versions ς is a better fit for rainstorms with durations over 

6:45-hr  

Seasonal differences in peak intensity are present in Figure 5.4, but they are less pronounced 

than differences between different rainstorm durations. Note that observed summer and 

winter profiles are only compared to a single FSR profile as these have different percentiles of 

peakedness. There is no consistent seasonal pattern regarding peak intensities, as winter 

profiles for the two shortest duration bins are more peaked than the summer profiles of the 

same duration. This is likely an averaging effect, as there are many more extreme summer 

rainstorms at these durations than there are winter events (14,416 and 3,454 rainstorms 

respectively). Summer profiles have higher peaks for all other durations. The difference in 

peak intensity between the observed winter profiles for short-duration events ς where the 

50% most peaked profile is higher than the 75% profile ς represents a limitation in the FSR 

ƳŜǘƘƻŘΩǎ ŎŀǘŜƎƻǊƛȊŀǘƛƻƴ ƻŦ ǇǊƻŦƛƭŜ ǇŜŀƪŜŘƴŜǎǎΦ ¢ƘŜ ŜǾŜƴǘǎ ǘƘŀǘ ƘŀǾŜ ōŜŜƴ ŀveraged to form 

the observed winter 75% profile do concentrate more of their rainfall in the central 0.2Ὀ than 

those averaged for the 50% profile, but their shape is less sharp; hence the observed 

difference in peak intensities.  

As expected, the summary FSR profiles are all centred, with their peak intensity occurring in 

the middle of the storm. This is a result of calculating profiles using bins of proportional 

ŘǳǊŀǘƛƻƴ ǘƘŀǘ ŀǊŜ ƳƛǊǊƻǊŜŘ ŀōƻǳǘ ǘƘŜ ǎǘƻǊƳΩǎ ŎŜƴǘǊŜΦ Figure 5.3c shows that the FSR 

ǊŜǇǊŜǎŜƴǘŀǘƛƻƴ ƻŦ {ǘƻǊƳ 5ŜǎƳƻƴŘ ǳƴŘŜǊŜǎǘƛƳŀǘŜǎ ǊŀƛƴŦŀƭƭ ƛƴǘŜƴǎƛǘȅ ƛƴ ǘƘŜ ŜǾŜƴǘΩǎ ŦƛǊǎǘ ƘŀƭŦ 

ŀƴŘ ŀǘ ǘƘŜ ǎǘƻǊƳ ǇŜŀƪΣ ǿƘƛƭŜ ŀƭǎƻ ƻǾŜǊŜǎǘƛƳŀǘƛƴƎ ǊŀƛƴŦŀƭƭ ƛƴǘŜƴǎƛǘȅ ƛƴ ǘƘŜ ŜǾŜƴǘΩǎ ōack half. This 
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weakness is addressed in the next section using sequential, non-centred, dimensionless 

profiles.  

 

Figure 5.4. FSR-like, 50% most peaked summer profiles (left) and 75% most peaked winter profiles (right) 
for a set of four increasing duration bins. Reference FSR profiles are shown in grey, new summer and 
winter profiles are in red and blue respectively. 

5.3.2. Sensitivity testing of dimensionless profiles  

All rainstorms were plotted according to the characteristics that are, a priori, considered to be 

the most relevant for design: duration, profile shape and frequency (Figure 5.5), where each 

characteristic has been classified according to section 5.2.4. There is large variation in profile 

shape at all durations, with little change to the overall spread of profiles among different 

duration bins. Differences in profile variability for different event duration emerges as events 

with lower frequencies are considered. Extreme events (top 1% by volume) under 2:10-hr 

show a wide range of shapes, with very steep profiles found in all shape categories. These 
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steep profiles are not found for extreme events over 19:25-hr, where most profiles lie close 

to the diagonal line representing a near uniform rainfall distribution. This behaviour is 

expected given the difference in mechanisms that drive GB rainfall extremes of different 

durations, where heavy long duration rainstorms are driven by orographic enhancement 

effects over extended spells of relatively uniform intensity while short duration storms tend 

to be convective in nature (Hand et al., 2004), and Chapter 4).  

 

Figure 5.5. Dimensionless profiles for all annual maximum generating rainstorms with at least 3 data 
points. Profile shape (top panel labels) describes which 0.20 of Dd concentrates the heaviest rainfall, 
duration bins (right panel labels) contain equal numbers of events, and volume ranking (colour scale) 
reflects the empirical frequency of events. Rainstorms with larger volumes are plotted on top. Insert 
text shows the proportional contingency table values for each profile shape ς values add up to 1 row-
wise (i.e., across each rainstorm duration bin) and are colour coded using the same scale as the volume 
ranking. Additional details regarding profile classification can be found in section 5.2.4.   

The overall frequency of all rainstorms is nearly uniform across different profile shapes (Table 

5.2), with a slight under-representation of B2 profiles. However, at short durations the front-

loaded profiles F1 and F2 are more frequent while back-loaded profiles (B1, B2) are less 

frequent. This pattern is missing in the longest duration bin (> 19:25-hr) where centred profiles 
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dominate. Intermediate durations show the highest frequencies of C profiles, accompanied 

with relatively higher frequencies of mildly front- or back-loaded profiles (F1 and B1).  

Table 5.2. Proportional contingency table for annual maximum generating rainstorms, classified 
according to their duration and profile shape. Values shown are percentages of all rainstorms in each 
duration bin. 

Duration bin (hr) 

Profile shape (% per duration bin) 

F2 F1 C B1 B2 

[0.25 - 2:10) 26.4 25.7 22.7 15.8 9.4 

[2:10 - 6:45) 22.3 16.9 23.0 22.2 15.6 

[6:45 - 19:25) 15.2 19.2 23.4 24.7 17.6 

[19:25 - Inf) 16.9 22.2 21.4 22.1 17.4 

All 20.2 20.8 22.6 21.3 15.1 

 

The frequencies of top 10% and top 1% events (by volume) show important deviations from 

the statistics for all events (see text insets in Figure 5.5). Short-duration rainstorms show a 

clear predominance of F1 and F2 profile types among the most extreme events; this increase 

in front-loaded events is reflected in fewer B1 and B2 events, while C events remain constant. 

The heaviest long-duration events are concentrated among F1 and C profiles (64% of 

rainstorms), establishing that centred and mildly front-loaded events dominate the profiles of 

extreme long-duration rainstorms, even if profile shape differences are small for this duration 

class. At medium durations, events tend to favour C profile shapes and have few F2 or B2 

profiles among the top 1% rainstorms. The full contingency table for Figure 5.5 can be found 

in Table 5.3.  

Sensitivity testing of regional and seasonal influences on profile shapes shows that these two 

variables have little influence in the variation of rainstorm profiles, as a wide range of 

hyetograph shapes occur in all regions, across all seasons, though they do influence frequency. 

First, no seasonal influence on profile shape can be seen in Figure 5.6 or Figure 5.7, profiles 

within all duration and shape bins combinations show similar spread in profile shapes from 

one region to another. For example, the B2 profiles of short duration (15-min to 2:10) 

rainstorms in the NE and SE regions have very similar distributions (Figure 5.6). Second, Figure 

5.8 shows no difference between the profile distributions of summer and winter rainstorms 

of different shapes and durations.  
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Table 5.3. Contingency table for Figure 5.5ς annual maximum producing rainstorms classified according 
to their duration, empirical frequency, and profile shape.  

Duration bin (hr) Empirical frequency 
Profile shape 

F2 F1 C B1 B2 

[0.25 - 2:10) 

Not extreme 4168 4001 3588 2536 1495 
Top 10% 419 440 332 225 132 
Top 1% 42 50 49 13 18 
Total 4629 4491 3969 2774 1645 

[2:10 - 6:45) 

Not extreme 4069 3147 3242 3303 2505 
Top 10% 361 325 400 312 204 
Top 1% 37 42 45 34 20 
Total 4467 3514 3687 3649 2729 

[6:45 - 19:25) 

Not extreme 2564 3149 3813 4048 2964 
Top 10% 110 240 292 295 143 
Top 1% 24 34 51 54 17 
Total 2698 3423 4156 4397 3124 

[19:25 - Inf) 

Not extreme 2839 3573 3467 3611 2912 
Top 10% 210 405 372 394 239 
Top 1% 22 54 61 26 17 
Total 3071 4032 3900 4031 3168 

As established in Chapter 4, seasonality has an important effect on the frequency of different 

duration events in GB. Briefly: short duration rainstorms are much more frequent during 

summer than winter, while longer duration rainstorms are more frequent in winter (Figure 

5.9a). This is expected given that warm months are more conducive to producing convective 

events that produce extreme rainfall at short durations. Some regional variation exists in the 

seasonal frequency of long-duration extremes (Figure C.2); long-duration rainstorms in 

westerly regions are more clearly dominated by winter season events than easterly regions, 

the latter can have close to a 50/50 split in event frequency between both seasons.  

The distribution of profile shapes for rainstorm duration varies across different seasons 

(Figure 5.9b, c). Short-duration summer rainstorms are dominated by front-loaded and 

centred profile shapes. This pattern becomes less clear as rainstorm duration increases and 

long-duration events slightly favour F1, C and B1 profile shapes (Figure 5.9b). Differences at a 

regional level are small (Figure C.2).  

Winter short-duration events also favour F1, F2 and C profiles, though less so than their 

summer counterparts, while rainstorms in the two longest duration bins once again favour F1, 

C and B1 profiles (Figure 5.9c). Overall, there is evidence that F2 and B2 profile shapes are less 

frequent among longer-duration events, i.e., that longer duration events tend towards more 

centred profiles. The most noticeable regional variation (Figure C.3) is for the SE long-duration 
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events which are nearly evenly distributed among all profile categories; this may be due to 

the large proportion of summer events within this event duration bin (Figure C.2) as summer 

events are more likely to contain convective components that could skew the event rainfall 

profile towards F2 or B2 shapes.  
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Figure 5.6. Regional influence on dimensionless profile shapes ς for rainstorm durations up to 6:45-hr. 
Profiles are categorised by their profile shape (top panel labels), duration and region (both right panel 
labels). 

 


















































































































































