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Abstract. Reliable estimation of rainfall extremeas essential for drainage system design, flood mitigation and risk
guantification. However, traditional techniques lack $ibgl realism and extrapolation can be highly uncertain. In a warming
climate, the moisture holding capacity of the atmosphere is greater which increases the potential for short duration high
intensity storm events$n this studywe improve the physicaldsis for short duration extreme rainfall estimation by simulating

the heavy portion of the rainfall record mechanistically using the Balktetts rectangular pulse model. Mechanistic rainfall
models havehad a tendency to underestimate rainfall extreraedine temporal scales. Despite this, the simple process
representation afectangular pulsenodels is appealing in the context of extreme rainfall estimation because it emulates the
known phenomenology of rainfall generatiogh.censored approach to BatttLewis model calibration is proposed and
performed for single site rainfall from two gauges in the UK and Germany. Extreme rainfall estimation is performed for each

gauge at the 5, 15 and 60 minute resolutions, and considerations for censor sekmigsedi

1. Introduction
With growing evidence that the frequency and intensity of short duration rainfall extremes are increasing with climate change
(Stocker et al2013, Westra et al. 2014, Kendon et al. 201d¢ need for reliablextreme valuesstimation techniques is
becomingmore pressing. Extreme rainfall estimation is required for numerous applications in diverse disciplines ranging from
engineering and ldrology to agriculture, ecology and insurance. It facilitates the planning, design and operation of key
municipal infrastructure such as drainage and flood defences, as well as scenario analysis for climate impact assessment, a
hazard risk modelling. Ers¢mes are usually estimated using frequency techniques andityn@uration frequency curves.
However these methods are highly dependent on the obseaugdll record which may not be charaéstic of the extreme
behaviour.
In this study we improvehe physical basis athort duratiorextreme rainfall estimation by simulating the heavy portion of
the observed rainfall timseries.Traditional approaches to extreme value estimation rely on sampling extremes from the
observed record. Howeveginfall cbservations present various problems for the practitioner. They are often not available at

the location of interestheyare typically short in duration, atkdeymay not be available at the temporal scale appropriate for
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the intendedise These difficulies, together with the necessity to obtain perturbed sienes representative of future rainfall,
have motivated the development of stochastic rainfall generators since the earliest such statistical models deSelopeld by
and Neumann(1962) The reader is referred Waymire and Gupta(1981) Wilks and Wilby (1999) and Srikanthanand
McMahon(2001)for detailed reviewof early developments in rainfall simulation.

The principe of rainfall simulationis to replicate statistical properties of the observed record such that maéjigatiors of
statistically identical rainfall may t®y/nthesizedRichardson 1981)/arious methodsf simulationexist andthere have been
several attempts in the literature to categorize the different approadids. fromdynamic methods used in numerical
weather prediction model§ox andlsham(1994)suggest that statisticalmulationmethods may be broadly categorized as
eitherpurely statistical or stochastievhile Ond et al.(2000)further categorize stochastigethods into either muiscaling

or mechanistic. The latter of these differ from other statisapgroachedecause rainfalbynthesisfollows a simplified
representation of thehysicalrainfall generating mechanisrthrough the clustering of rain cells in storms, the unobserved
continuoustime rainfall is constructed by superpositi@nabling the synthetic rainfall hyetograph to be aggregtted
whatever scale is desirdlaczmarska et al. 2014Because of thisimplified process representation, mechanistic model
parameters have physical meaning which makes this class of model particularly appediéngontext oextreme value
estimation.

When no likelihood function can be formulat@Riodrigueziturbe et al. 1988, R. E. Chandler 199fechanistic mdels are
typically calibratedusing a generalised method of momeitéheater et al. 2007a&)ith key summary statisticgt a range of
temporal scalesuch as the mean, variance, autocorrelationpaiagdortion of dry periodsPeformance is assessed on the
ability of the models to reprodutkee calibratiorstatisticsas well as othensot used in calibration including central moments
and extremes. Since their inception in the late 1980fKkdbgrigueziturbe et al.(1987, 1988) numerous studies have
demonstrated the ability of these models to satisfactorily repradhsszvedsummary statistidseeCowpertwait et al(1996)

N. Verhoest et al(1997) Cameron et al(2000a, 2000h)Kaczmarska et alKaczmarska et al. 201A)Vaskoand Sharma
(2017) and Onof et al.(2000) for a reviewW. However, these studies have also shown methanisticmodelstend to
underestimate rainfall extremes at the hourly andhsuyly scales which limits their usefulndsgeVerhoest et al(2010)
and references theréin

We hypothesizehat stochastianechanistiqoulsebased modelsmay bepoor at estimatindinei scaleextremes because the
training dataand calibration methqdre dominated by lowmtensityobservationsMechanistic stochastic models are fitted to
the wholerainfall hyetograph, including zeroeagygregated to a range of temporal scalggically, the range of scales used
varies from hourly to daily, althougmplicit in most studies is the assumption teaales required in simulation should be
within the range of scalassed in alibration.Hence, if the intembn of the model is to simulate 15 minute rainfall the training
data should include 15 minute observatiofis.the temporal resolution of rainfall data becorfieer, the distribution of

rainfall amounts becomes mapesitively skewed Primarily, tis isbecausef the increasedroportion of dry periodsbut
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also the higher proportion of low intensity events characteristiineifscalerainfall. Because the calibration method uses
central momentto fit model parameteyshegreaterskewness at finelemporalscales makes it difficult to obtain a goodtéit
extremest these scales

In addition to the dominance of low observatioti®e estimation offinei scaleextremes may béurther undermined by
operation angamplingerrors.This is particularly true of tipping bucket gauges where measurement precisiontatfjaral
scales is limitedo the bucket volume, typically 0.2 or 0.5 mne scalerainfall is highly intermittent (starting and stopping
with high frequency), yet a tippingucket gauge can only make a recording when the bucket is full. The limitations of tipping
bucket measurements at fine temporal scales loagheen understoofGoldhirsh et al. 1992, Nystuen et al. 1996, Yu et al.
1997) although the first formal estimation of sampling error was performedialmb et al(2001) In this study, the authors
investigate the ability afipping bucket gauges to capture the temporakbtlity of finei scalerainfall at 1, 5 and 15 minute
scales using tipping bucket measurements simulated from high resolution optical rain gauge obsédmatarbors show
that for the lowest rainfall tensities (< 5 mm/h) the mean relative error of the tipping bugsege at the 5 minute resolution
is + 3.5% with corresponding standard deviation just under + 30% for a bucket volume of 0.2%4rgererrors are obtained
for the 1 minute resolutiom.hey also show that increasing the bucket volume to 0.5significantly increases the spread of
the samplingerror for low observationat the 5 minute resolutioihe observedecordcomprised mainly convective storm
events which are typical for lowa ihég US where the data were collected, although the error estimates are significant and
presentompelling evidence of the impact of sampling errofinei scalelow intensity rainfallobservations.

Significant effort has been made since the late 1980mpoave the performance of mechanistic rainfall models through
structural developmentsvith substantial focus on the improved representatiofinef scaleextremes(seeSect.2 for a
review). Despite this, little progress has been achieVedtest our hypothesisa simple approach is proposed in whiockv
observations fofinei scaledata ar&censoredrom themodekin calibration For a given temporal resolution, a censor amount
is set. Rainfall below the censor is set to zero and rainfall over the censor is reduced by the censdrtasfoaunsses model
fitting on the heavier portion of the rainfall record at fine temporal scat@reduces rainfall intensity at coarser scaldse
aimis to investigate iexisting mechanistimodels can be used as simulatorfirgdi scalestorm eventdy changing the data
and not the model, thereby reducitige impact of low observations andnspling error onfinei scale extreme rainfall
estimation

The choice of models is limited to thos&hin the BartlettLewis family of modelavhich conform to the original concept of
rectangular pulses developed Rgdrigueziturbe et al(1987) Preference is given to the most parsimonimusdelvariants

on the basis thatavingfewer parametergnprovesparameteiidentifiability and reduces uncertaintfyhe NeymarScott
family of modekis excluded orthe understanding that the clustering mechansitmth model typeperform equally well
(Wheater et al. 2007a3nd there is no evidence thahdomsation of the Neymascott model(Entekhabi et al. 198%as

any advantage ovés BartlettLewis counterpart.



In Sect 2, we outline the main mechanistic modetievelopmentdor improved representation of extremes. The Censored

modelling approach for the estimationfioiei scaleextremes is described 8ect.3. Model structure and selection is explained
95 in Sect.4, and the data and fitting methodolagyg presentedn Sect.5. Results argivenin Sect.6 together with validation

analysis. Discussion on censor selection and the results are given in7Saus8. Section Butlines our main conclusions

and thoughts for future research.

2. Mechanistic model developments
Attemptsto improvethe estimationof finei scaleextremesfor point (singlesite) rainfall using mechanistic models V&
100 focused on changing the model structure. Several authors have cited significant impr¢RPe@entpertwait 1994, Cameron
et al. 2000b, Evin and Favre 2008Jthough increased parameterization and limited verification with real data have meant
that most changes have not been widely adopted. Anaditysm of the original mechanistic models presenteRbgriguez
lturbe et al.(1987)is that the exponential distribution applied to rainfatensitiesis light-tailed. This choiceis consistent
with the observation that rainfall amounts, which in the model are obtained through the superposition of such cells, are
105 approximately Gamma distributélatz 1977, Stern and Co©84).
On the basis that the Gamma distributiives more flexibility in generating rain cell intensiti€@nof andWheater(1994b)
reformulate thenodified( r a n dRartettiewis (MBL) model(Rodriguezlturbe et al. 1987Ayith the Gamma distribution
to improve the estimatioof extremes. Despite the good fit to hourly extremes cite@nmfandWheate(1994b) subsequent
studies have continued to show underestimatiboatly and suhourlyscale{N. Verhoest et al. 1997, Cameron et al. 2000a,
110 Kaczmarska et al. 2@).
In an extension of this approag®ameron, Beveand Tawn (2000b)replace the exponential distribution in 8L model
with the Generalized Pare{&P) dstribution for rain cellsover a high thresholdDepending on the value of the shape
parameter (3), t hfeghre&Brm @ppeb e t g de dQ@ 3 omep @wnent i a*0).nshe = 0)
last case, we have a distribution with a heavier tail than the exponential or the dg@anaise the GP is a model for threshold
115 exceedancethe authors specify a threshold below which ML model with exponentiaintensity distribution isusedto
simulaterain cell depthand above which the Pareto distribution is used. This is justified @ssuenption that the ragell
depth may be of either high or low intensity.
The authors present a calibration strategy in which fistyfit the MBL model with exponentiatell deptls to the whole
rainfall recordusing the method of moments fradbmofand Wheater(1994b) Generalised Liklihood Uncertainty Estimation
120 (Beven and Binley 19923% then usedo find behavioural parameterizatiookthe Pareto scale and shape paramébensin
cell deptts overthethreshold' the location parameter being fixed at the threshold value. The central assumption of this model
is that the Pareto scale and shape parametecelfisrdepthover the threds o | d  w i nhinimalhingpackon fihe standard

statistics of the simulated continuous rainfall tisexie® (Cameron et al. 2000b, p.208)he validity of this assumption is



disputed byWheater et a2007a)who argue thathe MBL model should be fitted to rainfall coincident witin celks below
125 t he threshol d, binpossple sinte celldntehsitigs hra ot obshoi@dheateset &i. 2007a, p.16)
Themodel frameworlof Cameron, BeveandTawn(2000b)differs from that of thé1BL Gamma model oDnofandWheater
(1994a)and is essentially the nesting of two models. The authors present significant improvement in the estimation of hourly
extremes and show good agreement with Generalized Extreme Value (GEV) estimates. However tHmecaugkelying
process of continuousime rainfall is unobserved, the authare forced tamplement a calibration strategyhich limits the
130 impact on standard rainfall statistic&n approachvhich is undesirabl@/Vheater et al. 2007affurthermore,hte framework
appears to be an analogue of thedl rectangular pulse modsttuctureinitially developed byP. Cowpertwait1994)for the
NeymanScott model, and later incorporated inte BartletiLewis models byWheater et al(2007a) Regardless of their
relative performancehelarge number of parameteeqjuired for these modeksundesirable on the basis that more parameters
reduces paraeter identifiability and increasgsrameter uncertainty
135 Inan earlier study?. Cowpertwait(1994)differentiatedetween light and heavy rain cdllsa modified version of the original
(fi xed dScott Rectangalan Pulse (NSRP) mofiebdrigueziturbe et al. 1987py allowing rain cell intensity and
duration to be drawn from more than one pHiexponential distributionsThe new model termed the Generalised NSRP
model (GNSRP) leads to a significant increase in parameterization oweigfimal NSRP model, although the author presents
an intelligentway to simplify calibration by relating metiparameters to harmonic signals. While improvement is achieved
140 inthe fit to hourly extremes, the performance of the mod&plicaing other important statistics is not presented, in particular
autocorrelation and the proportion of dry periods. Bdtlthese properties are addressedRmdrigueziturbe et al.(1987,
1988)for the BartlettLewis modelwi t h t he i ncl usi on of @midation af theaih cekdgratienn c y
p a r a meEntekhabiaq al.(1989)present a randomised version of the NeytBantt model with significant improvement
in the fit to dry periods. However, because no aiedyexpression was available for the proportion of dry periods this statistic
145  was not used in model fitting, and other model parameters were not allowed foowastorm to storm with randomisation.
Consequently, while the MBL and the GNSRP models edotv rain cell intensity and duration to be drawn from more than
one pair of distributions, the MBL structure is preferred because it has fewer parameters.
In a later studyP. Cowpertwait(1998)hypothessed that including higér-order statistics in the fitting routine for mechanistic
rainfall models would give a better fit to the tail of the empirical distribution for rainfall amounts. Focussingooigitied
150 (f i x )eNSRRJmodel, analytical equations for skewness of the aggregated rainfall depth are presented and used in fitting the
models. Empirical analysis showed that including skewness in the fitting statistics improved the estimation of Gumbel
distribution parametrs from simulated maxima when compared with parameters obtained from olmanmuaiinaxima.
A criticism of the rectangular pulse model structure Byin and Favre(2008)is that it assumes independence betwaém
cell intensity and duration. Following previous attempts to link the two varigilgsou (1997) De Micheleand Salvadori

155  (2003) Kim andKavvas(2006]), Evin andFavre(2008)present a new NSRP model in which the dependence betaigen
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cell depth and duration is explicitly modelled using a selection of copulas. While the authnot pramarily motivated to
improve the estimation of rainfall extremes, good estimatidimeifscaleextremes is achieved. However, the manner in which

the results are presented makes interpretation and comparison with other studies difficult. Ihitigafirse, the extresn
performance of all models is almost entirely indistinguishable indicating that no overall improvement is achieved. Secondly,
monthly annual extremes are presented at hourly and daily scales but without clearly stating which month in the year. Despit:
this, it is likely that monthly extremes will hadewer variability than those taken from the whole year, and hence model
performance is likely to be better. On the basis of the results presented, it is not clear that explicitly modelling @ependen
betweerrain celldepth and duration with copulas offers any discernable benefit over the original model structure.
Theoretically, copulas offer an attractive framework for modelling the dependence structure between rainfall intensity and
duration. However, the @iibus mechanism for building copula dependence into mechanistic rainfall models isaat el

level as peEvinandFavre(2008) This approach draws upon the intuition that, just as for the rainfall@ishotstorm events,

rain cell amountamay becorrelated with their duratiorSuch intuition follows earliestudiesinto the dependence structure
between rainfall intensity and duratiBacch et al. 1994, Kurothe et al. 1997)although as stated Byandenberghe et al.

(2011, p.14)dit is not very clear in which way this modelled dependence at cell level alters the dependence between t
duration and mean intensity of the total storm

In recent years, renewed focus on estimating rainfall extremes at hourly andwslybscales has led to the development of a

new type of mechanistic rainfall model based on instantaneous pRIBewpertwait et al. 2007, Kaczmarska 2014 his

model structure, rectangular pulses are replaced with a point process of instantaneous pulses with depth X and zero duratio
the sunmation of pulses giving the aggregated time rainfall intensity. Considered initially to offer a more suitable
representation of rainfall at stimurly scales than rectangular puld€aczmarskaet al.(2014)found that the best performing
BartlettLewis Instantaneous PulsBL(IP) model effectively generated rectangular pulses when depth X was kept constant,
and cell dur at i.Benausg of the \gery largenndnaben iof pusds generated withinthellButhors noted that

this model structure imposes thimost extreme form of dependendéaczmarskeet al. (2014, p.1977)Consequently, the
authors developed a new rectangular pulse model in whitthdbo aep ate randomizedBLRPRx) which was found to

perform equally as well as tmandomisedrersion of the BLIP modddut without additional parameterization

3. Censored modelling forfinei scaleextremes
Despitethe modelimprovementsoutlined in Sect.2, there is an oigoing tendency fostochastic mechanistimodels to
underestimate extremes at hourly and-Babrly scales, requiring the practitioner to empéalditional methodsfor better
extreme valu@erformance including disaggregati@ifoutsoyiannis and Onof 2000, Koutsoyiannis and Onof 2001, Onof et
al. 2005, Onof and ArnbjgtNielsen 2009, Kossieris et al. 2018Ye propose @ensoredapproachto mechanistiaainfall

modellingfor improved estimatioffinei scaleextremes byocussing model fitting on thieeavy portion of the rainfall time



series.The aim of this research ig investigate if mechanistic models can be used as simutftéirei scaledesign storm
eventsto reduce the impact of low observationstba estimationof finei scaleextremesin this approach, rainfall below a
low censor is set to zero and rainfalleo thecensoris reduced by the censor amount. The effect is to geretabe-series

190 of heavy rainfallbased on the observed record in which the proportion of dry periods is increased, and rainfall amounts are

reduced.

(a) No censor (b) Censor 1 [0.25 mm] (c) Censor 2 [0.5 mm]
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Figure 1 Example censoring applied to 15 minute rainfall data at Atherstone in 2005. Arbitrary censors of 0.25 mn
and 0.5 mm are applied to demonstrate the effect of censoring on the rainfall record.

Figure 1showstwo arbitrarycensos applied to15 minute data aAtherstone in 200%refer toSect.5.1 for a description of

the data) The left plot shows the uncensored rainfall, and the two right plotshidrgge in rainfall with increasing censors
195 The reduced rainfall amounts are showrtloe secondary y axes. It can be seen from these plots that the minimum recorded

rainfall is 0.2mm which corresponds the tip volume of the tipping bucket rain gauge. Comparedhigtinerrainfall amounts

this volume is recorded with very higlequeny throughout the yeat the 15 minute resolution

Censored rainfall synthesis is a method for estimatinghsuioly to hourly extreme®8ecause observations below the censor

are omitted frormodelfitting, censored model parameters are scale dependectamhly be used to simulate storm profiles
200 above the censor at the same scale agdiveng datalt is the ability to simulate the heavy portion of storm profiles which

enables extreme rainfall estimatidrne basicprocedure is as follows:

1. Forthechosen temporal resolutioselect a suitable censor [mm] aaqgplyit to theobservedainfall time-series by setting

rainfall amounts below the censor to zero, and reducing rainfall amounts over the censor by the censor amount.

2. Fit the mechanistic rainfall model to the censar@dfall by aggregating the censortithe-seriesto a range of temporal
205 scales and calculating summary statistissecessarjor model fitting.

3. Simulate synthetic rainfalime-series at theameresoution as the training data Stepl and sample annual maxima.

4. Restore the censor to thenulatedannual maxima and plot against the observed.
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4. Model structure and selection
Mechanistic point process rainfall models, first develope®bgrigueziturbe et al.(1987)exist in various formsalthough
all models are formulated around two key assumptions about the rainfall generating process. Firstly, rainfall is assumed tc
arrive inrain celk following a clustering mechanism within storms. Secondly, the total rainfall within cells is represented by
a prespecified rainfall pattern which describes thm cellduration and amount. The continuous time rainfall is the summation
of all rainfall amounts in i me @t . Most models assume rectangul ar pul se
alternative patterns have included a Gaussian distrib(Morthrop and Stone 200&hd instantaneous pulggs Cowpertwait
et al. 2007, P. S. P. Cowpertwait et al. 2011, Kaczmarska et al.. 201Hislatter formulation, pulses are assumed to arrive
accordimy to aPoisson process within cells, with each pulse representing an amount with zero duration. The cetitireuous
rainfall is therefore the s trigureatshowsm sahdmati tepresgniatiors of thearamdall n t

generating process for rectangular pulse models.

(a)
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Figure 2 Rainfall generation mechanism for mechanistic stochastic models with rectangular pulses. Panel (a) sho
the arrival of storms and cells. Raincell intensity defines the height of each céX), and duration the length(L).
Panel (b) shows the unobservedontinuous-time rainfall time -series derived from the superposition of cells showr
in (a).

In the original form of the model, storms arrive accordingRPoizsorpr ocess with rate &, and t e
di stri buted p earrivabaraimcell withirnrserime follows a diustering mechanism which defines a secondary
Poissonpr o cess wi t dlusterigtmechafismsard specified byRodriguezlturbe et al.(1987) the first is the
NeymanScott mechanismin which the time intervals between storm and cell origins are assumed to be independent and
identically distributed random variablethe second is théartlettLewis mechanisnin which the time intervals between

successive cell origins are independent and identically distributed random variables. In each case, the time intervals ar



assumed to be exponentially distribut&in cellprofiles are rectangular with heights X for ammts, and lengths L for

durations. Both X and L are assumed to be independent of each other and follow exponential distributions with parameter:

pi ¢ andd r e s p.&xeFig. 2fa & graphical illustration of the continuatime rainfall generationnpcess

The original NeymasScott and Bartlettewis rectangular pulse models (NSRP and BLRP respectively) with exponential cell
230 depth distributions are the most parsimonious models, each having only 5 parassst@eble 1). A limitation of these

models is that their simplicity implies all rainféllstratiform, convectiveand orographie has the same statistical properties.

On the assumption that rainfall mayride from different storm types, in particular convective and stratiform, it is physically

Table 1 Model parameters for original and randomized BLRP modelsand the original NSRP model

Units BLRP NSRP BLRPRy BLRPRx
Stormarrival rate hril > =3 =3 &
Cell arrival rate hr't b b { b4 {b}
Ratio of cell arrival rate to cell duration - - - 8 bH(q a BH(d
Mean cell depth mmhf g €x €x {ex}
Ratio of mean cell deptio cell duration mm - - - 9=¢ex/q
Ratio ofstandard deviation to the mean cell dept| - r="0x/¢ex r =0/ &x r =0/ &x r="0x/¢ex
1 Expected square of the cell deffh mm?hr 2 {t } {t } {t } {t }
f Expected cube of the cell depth for inclusion mm*hr'®  {t } {t } {t } {t }

of skewness in the objective functiBh

Cell duration parameter hr't d d {d} {d}
1 Gamma scale parameter fipr - - -
9 Gamma shape parametehr U U
Storm duration parameter hr't 2 - {2} {2}
Ratio of sorm duratiorto cell duration - G =do G =do
Mean number of cells per storm - - €c - -
Number of parameters: exponential cell intensity - 5 6 6
Number of parameters: gamma cell intensity - 6 7

NOTES:

1. Parameters in curly brackets {} are not included in the objective function (seé& Spct.

2. For the two parameter gamma cell depth distributioa expected square and cube of the cell d¢pthadt ) are calculated from th&andard
devi a)andme a(nfiof(the cell depth. In practice it is the ratio of the3evhich is parameterized enabling calculation ofandt . For
both theexponential and gamma distributiohs Q@ and "Q  wheref=1+rand %=1+ 3F+ 2r*. Because the exponential
distribution is a special case of the gamma distribution where r is equal to=l, ,2andt = 8. Fherefore it is not necessary to parameteri

r for the exponential distribution, meaning the exponential versions of these models require 1 pkesswéter set to 1 in calibration.

more appealing to allow the statistical composition of raimfetlels to vary between storms.

235 Two different approaches have been developed to accommodate the simulation of different rainfall types with rectangular
pulses. For the Neyma®cott model, concurrent and superposed process have been developed in ge(feralmegdertwait
1994) and mixed(P. Cowpertwait 2004)ectangular pulse models respectively. Both models enable explicit simulation of

multiple storm types, althougheir increased parameterization and consequent impact on parameter identifiability means that
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it is undesirable to simulate more than two storm types. For the Baeleis model, randomization of thiain cellduration

p ar a mébdriguezidurbe et al. 1988, Onof and Wheater 1993, 1994t§) a Gamma distribution allows all storms to be
drawn from different distributions. Becausen cell durations are assumed to be exponentially distribuaéulcels with high
values of d are more |ikely to be shorter in duration,
Additionally the rate at whichain celk arrive, ad the storm durations, adefinedi n proportion to d by
b/ d and o9/d constant (equal to @ and ( respectirarecely) . T
with shorter rates of arrival and the oppositelémrger storms, which is characteristic of the differences between convective
and stratiform rainfall.

Themodi f i ed Bartletthelis model $eeBLRPR, in Table 1) of Onof and Wheater(1993, 1994b)s the most
parsimonious of the model structures able to accommodate multiple storm types comprising a minGparameters for

the expnential versionT he modi f i eNeymanSeott manehasdhe same number of parameters as the modified
BartlettLewis model, but because there is no evidence that it has any advantage over théslateluded from this study
Theupdated a n d 8artletel ewismodel withme a n ¢ e kdlso rdnelgmiséd (s RPRx in Tablel) requires fewer
parameters thaits instantaneous pulse counterpart ahd same number of parameters asrttwalified BLRPR; model.
Structurally,it is identical to thenodifiedmo d e | , & ik &lso allongdto vary randomly between storms by keeping the
ratig ds constant .

Because the Neyman Scott and Bartlett Leskistering mechanisms are considered to perform equally wadlehselection

is limited to the most parsimonious model structures within the Baltiatis family of modelsthe original model (BLRP),

the | inear random parameter mod el (BLRPR(Q) an@LRPRR)e | i n
Hereafter, these models are referred to as BLO, BL1 and BL1M respectia@iyhe models used in this study, it is@awmed

that rain cells start at the storm origm prevent the simulation of empty storms which can occur with the Bdrdelis

clustering mechanism if the first rain cell starts after the end of the.storm

5. Data andmodel fitting

5.1 Data selection
Estimation offinei scaleextremeswith censored rainfall simulation is performed on two gauges: Atherstone in the UK and
Bochum in Germany. Atherstone is a tipping bucket raingauge (TBR) operated and maintained by the Environment Agency
of England.The recordduration is 48 years from 1967 to 2015, with one notable period of missinfalatdanuary 974 to
March 1975The reason for the missing data is unknown, although it is not expected to affect model fitting and the estimation
of extremesThis site was dected fromall TBRs fortheE n v i r o n me nMidlaAdg Regienyrdtise basis that the number
of Environment Agency quality flags highlightedfigood o6 i n the record is greater t|

flags less than 109®2.3% and 6.7% resgtively). Between the 8 February 1981 and after 2Wovember 2003 the gauge

10
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resolution is 0.5 mmBefore and after this period it is 0.2 m.the period before the"8February 1981, the TBR record
includes a number of observations of 0.1 mm at precisely 09:00:00. It is assumed that these are manual observations to corre
the rain gauge totals to match with check gauge totals following quality checks of the data.

Bochum is a Hellmann raingauge operated and maintained by the German Meteorological Service. It uses a floating per
mechanism to record rainfall on a drum or band recondter a minimum gauge resolution of 0.01 mithe duration is 69

years from 1931 to 1998and the data are aggregated to a minimum temporal resolution of 5 mirhéss.sites are selected

to represent rainfall in different geographical regions obtained using different measurement techiggue8shows the

locatiors of these two gauges.
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Figure 3 Plan showing the location of the UK and German rain gauges used in this study.

5.2 Parameter estimation
Model fitting is performedn the R programming environmef® Core Team 20174)sing an updated version of the MOMFIT
software developed bghandleret al.(2010)for the UK Government Department for the Environment, Food and Rural Affairs
(DEFRA) research and development project FD2(0M&eater et al. 2007a, 20071 this software, parameter estimation is
performed using the generalised method of moments (GMM) with weighted least squares objective: Rifigfion
B 5 O z [ .Thereader is referred Wheater et al(2007b, Appendix Afor a detailed explanation of the fitting
methodology.
The GMM is preferred for mechanistic rainfall models because the crmpfendency structure and marginal distribution
of aggregated timeeries makes it very difficult to obtain a useful likelihood func{i@odrigueziturbe et al. 1988)In this
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procedure, the differendeetween observed and expected summary statistics of the rainfaidiies at a range of temporal
scales is minimised givVvintFt&@n djpit smal vpatamebér kde#hsdr w
(10d) & di) Nj riobk egpected surnneary statistiehich are functions of = 1€ ), Ng. of thevector of p model
parameter$or which analytical expression are availabl@e ith summary statistic is weighted according to the inverse of its
obser ved wHvart)avimere¢is tlme vector of diagonal elements of the estimated covariance mathig afean
summary statisticg,. While this weighting is not optimal, it provides a reasonable approximation tgptimal weights for

the GMM giving robust esthation of the parameter standard err@ts Chandler et al. 2010Dther weights can be applied
allowing the user to influence the dominance of specific rainfall properties, although for unbiased estimates ahéng sum
statistics the weights must be independent of the model parameters and {kéheaitzr et al. 2007b)

Typically, the vector of observed summary statistics T comprises the mean, varianemreeltdion angroportion of dry

periods for temporal scales between 1 and 24 hBuigr. to model fitting anda allow for seasonality,usnmary statistics are
calculated for each montiver the record length and pooled between moibiseach month, thpooled statiscs are used

to estimate theovariance matrix of model parameteesjuired for parameter uncertainty estimation, and the rot#me

monthly statistics Therefore 12 parameter sets are obtained for the whole year.

Model parameters are estimatging two minimisation routines. FirdlelderMeadoptimisations are performed oandom
perturbations aroundsersupplied parameteflues to identify promising regions of the parameter spaaliawing a series

of heuristics to identify the best penfoing parameter setandom perturbations around these valresised as new starting

points for subsequeriewtontype optimisationsThe parametesetwith the lowest objective function is the best performing
andselectedor that monthFollowing the aproach employed bigaczmarskgd2013)to obtain smoothly changing parameters
throughout the year, this twatep optimisation is only applied to one marubsequerparameter d@snationis based ora
singleNewtontypeo pt i mi sati on using the previous monthds esti mat
that when the parameters are well identified the same seaswialonis achieved regardless of the starting mofitie
sampling distribubn of the estimators resulting from the GMM minimisation routine are approximatgtjvariate normal

(MVN). The optimal parameter setdstimated byhe mearof this distribution and the covariance matrix is estimated from

the Hessiarof the least scares objective function 8Nheater et al. 2007bfhe MVN distribution of model parameter
estimatos is used to estimate 95% confidence interf@she parameter estimaté3n occasions that the model parameters

are poorly identified, it may not be possible to calculate the Hessian of the objective function preventing the estimation of

parameter uncertainty

5.3 Experimental design
Initial experiments with the coefficient of skewness and proportion of dry periodsi@ttin model fitting for censored data
were limited by the inability to obtain well identified parameters for some or all months. While good model fits werel obtaine

for some low censors, extreme value estimation continuedunderestimateddn the bais that censoring is @w approach

12
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to enhance the estimation of rainfall extremes, skewness is not considered to be an important fitting statistic for censorec
simulations. Furthermore, because censored models cannot be used to generate continsgrisstioi¢he sort which may

be used for hydrological modelling, the proportion of dry periods is also considered to be unimportant for censoring.
Consequently for censored model calibration, the choice of fitting statistics is reduced to the 1 hounaremffitient of

variation and lagl autocorrelation of the rainfall depths at the censor resolution, and the 6 and 24 hour resolutions. Again, to
ensure well identified model parameters for the Atherstone dataset, it was necessary to extent thefitfiajcstatistics to

include the 1 hour statistics for 5 minute simulations. This was neither necessary for 15 and 60 minute simulations at
Atherstone, nor the Bochum dataset.

For all simulations the fitting window is widened to 3 months, hence foriaap gnonth the models are fitted to data for that
month, together with the preceding and following months. This approach is used to increase the data available for fitting the
models when censoring on the basis that censoring removes data which wowldsetberused in fitting. Tests have shown

that widening the fitting window from one to three months has the effect of smoothing the seasonal variation in model
parameters and improving parameter identifiability. There is also negligible impact on thatiestiofi summary statistics

and extremes under the model parameters.

For the two randomized model s, BL1 and BL1M, the Gamma
and simulation. The Gamma s h dpeameaenandcaretdke any vdlueiwighina veryilargs e n
range without significant impact on the estimation of summary statistics or extfemeeappendix A)For the BL1 model,
parameterization without an upper boundimften results in poor identifialiiy with parameter estimates in the thousands to

tens of thousands. For the BL1M modélis typically better identified than for BL1 with a tendency to move towards the
lower boundaryl n order to avoid having i nf drthéBL& mosled ansvhfer she BLIMJ] mu
model (se&Kaczmarskaet al.(2014)and references therein fdiscussion on these criteyidhereforepy f i xi ng U a't
the BL1 model and 5 for the BL1M model, the rem of parameters to be identified for these models is reduced b#lbne.
models are fitted using the exponential distribution for mean cell depth. This further reduces the number of model parameter:
to be fitted for both uncensored and censored modedsefore in all cases the ratio of standard deviation to the mean cell
depth (r =G/ 9 is fixed at 1 Fitted model parameters are presented in Appendix B for 5 and 15 minute rainfall at both sites

for uncensored and censored rainfall using censors sélet$ect.6.2 (Table 2.

6. Results
6.1 Extreme value estimation
Rainfall extremes are estimated from the models by sampling annual maxima directly from simiHatieash model fitted
to uncensored data, QQrealisations ofL00 years duration are simulataging parameters randomly sampled from the

multivariate normal{MVN) distribution of model parameter§his allows model parameter uncertainty to be represented in

13
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the spread of the MVNextreme value estiates(hereafter referred to as MVkealisatios), coveringthe full range of
observationsExtreme value estimation up to the 10@ar return level ialsoprovided to indicate the potential magnitude of

rarer eventskor this extrapolation, extremes aestimated from one realisation using the mean of the MVN distribofion
parameter estimatofbereafter referred to as the optimal estimafEs)ensurestability of the extreme valuestimatesip to
approximately the 100@ear return levelsimulations hve been extended to,000years.

Extreme value estimation for the censored calibrations is shown in Figs. 4, 5 and 6 for 5, 15 and 60 minutes tempiora resolut
respectively. The top three plots in each figure show the results for Bochum, and time tho&e plots the results for
Atherstone, with observed and simulated annual maxima plotted using the Gringorten plotting péditgots show the
equivalent extreme value estimates obtained without censoring obtained by simulating one realisa@9gfears duration

with the optimal parameter set. Upper limits on censoring were identified when model parameterization noticeably deteriorated
resulting in the mean of the MVN realisations to deviate away from the optimal. Results presented drtolihmetd highest

censors with well identified model parameters, together with 95% simulation bands. The simulation bands show the range o
extreme value estimation between the 2.5 and 97.5 quantiles of the 100 MVN realisations for each simulated. data poi

All censored models have significantly improved the estimation of extremes at each site and scale with very good estimatior
by all three model variants particularly at the 5 and 15 minute scales. At these scales, the estimation of extremds with the
censors presented has approximately converged on the observations. At the 60 minute scale there is notable improvement
the estimation of extremes with some convergence in estimation with increasing censors, although there is continuec
underestimation afhe observed. The 95% confidence intervals by all censored models broadly bracket the observations and
are largely unvaried with increasing censors, other than with the BL1M model at the 60 minute resolution.

At the 5 minute scale, estimation has converge the observations with censors between 0.5 and 0.65 mm at Bochum, and
between 0.6 and 0.75 mm at Atherstone. For all three models there is slight underestimation of extremes higher thar
approximately thad.0 year return perigalthough the BL1M modelcaurately estimates the highest observed extreme at both
sites. At the 15 minute scale, convergence at Bochum has occurred for censors between 1.0 mm and 1.3 mm, while ¢
Atherstone convergence has occurred for censors between 0.6 mm and 0.9 mm. AS foirtle resolution models, the

BLIM model appears to perform slightly better than the BLO and BL1 models, resulting in improved estimation of the highest
observed extremes and elevated estimates afG6 year return period rainfat both sites. Atite 60 minute resolution,

there is good convergence in estimation for all three models at Bochum, and the BL1M model at Atherstone. However, extreme
value estimation with the BLO and BL1 models at Atherstone is more widely spread across the appliedrcerker8L0

and BL1 models, the 0.2 mm censor results in much lower estimates than the three higher censors, although the mean of tl
MVN realisations for the 0.6 and 0.8 mm censors are starting to deviate away from the optimum realisation. For the BL1M
model, there is good convergence between the optimal realisations with each censor, although the mean of the MVN estimate

for the 0.6 and 0.8 mm censors have significantly deviated from the optimum.

14



(a) BLO

Bochum 5 minute extremes

(b) BLI (c) BLIM

27 30
1 1

24
1

18 21
|

15

Rainfall [mm]

12

T T
10 25

100 300 1000 2 5 10 25 100 300 1000 2 s
Return period [yr]

10 25 100 300 1000

«  obs. AM opt. AM [> 0 mm]

—— opt. AM [> 0.5 mm]
<= - mvn. AM [> 0.5 mm]
1 95% SBs [> 0.5 mm]

<=~ mvn. AM [> 0.55 mm]

~— opt. AM [> 0.55 mm] —— opt. AM [> 0.6 mm]
c= - mvn. AM [> 0.6 mm]
[ 95% SBs [> 0.55 mm] [ 95% SBs [> 0.6 mm]

—— opt. AM [> 0.65 mm]
c= - mvn. AM [> 0.65 mm]
1 95% SBs [> 0.65 mm]

Un—censored fitting timescales [h]:
Censored fitting timescales [h]:

(d) BLO

Mean {1} CoeffVar {0.083,6,24} Skew {0.083,6,24} lag—1 AC {0.083,6,24}
Mean {1} CoeffVar {0.083,6,24} lag—1 AC {0.083,6,24}

Atherstone 5 minute extremes

(e) BL1 (f) BLIM

Rainfall [mm]

0 25

— opt. AM [> 0.6 mm]
- =-- mvn. AM [> 0.6 mm]
[J 95% SBs [> 0.6 mm]

Un—censored fitting timescales [h]:
Censored fitting timescales [h]:

100 300 1000 2 5

10 25 100 300 1000 3 s
Return period [yr]

10 25 100 300 1000

*»  obs. AM opt. AM [> 0 mm]

opt. AM [>0.65 mm] —— opt. AM [> 0.7 mm]

c= - mvn. AM [> 0.65 mm] - - - mvn. AM [> 0.7 mm]
[7195% SBs [> 0.65 mm] [ 95% SBs [> 0.7 mm]

— opt. AM [> 0.75 mm]
<= mvn. AM [> 0.75 mm]
1 95% SBs [> 0.75 mm]

Mean {1} CoeffVar {0.083,6,24} Skew {0.083,1,6,12,24} lag-1 AC {0.083,1,6,12,24}
Mean {1} CoeffVar {0.083,1,6,24} lag—1 AC {0.083,1,6,24}

Figure 4 Extreme value estmation at 5 minute resolution. Optimal realisations (opt. AM) are shown with solid lines
and the mean of the MVN realisation (mvn. AM are shown with dashed lines.
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Bochum 15 minute extremes
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Figure 5 Extreme value estimation at 15 minute resolution. Optimal realisations (opt. AM) are shown with solid lines
and the mean of the MVN realisation (mvn. AM) are shown with dashed lines.
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Bochum 60 minute extremes
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Figure 6 Extreme value estimation at 60minute resolution. Optimal realisations (opt. AM) are shown with solid lines
and the mean of the MVN realisation (mvn. AM) are shown with dashed lines.
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The mean of the MVN realisations for the BL1M model at Atherstone with the 0.6 and Oc@msorgseeFig.6) diverges

from the optimum because of the generation of unrealistic extremes. This divergence is also observable in the larder spread
95% simulation band®ver 100 realisations. While it has been possible to fit the mbBiel,7 shows that as csenring has
increased to 0.8 mm, confidence intervals on model parameters have widened for several months of the year, notably Januat
February and June. When sampling from the MVN distribution in simulation, these large confidence intervals meaa that ther
is a high chance of sampling parameters which deviate significantly from the mean of the distribution thereby giviag rise to
wide spread in extreme value estimates. These large confidence intervals indicatecthiafidbace irparameteestimation

is reducing with higher censaaadconsequentlyhe modekrror is too large fothereliable simulatiorof extremes
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Figure 7 Comparison of censored BL1M model parameters for Atherstone 60 minute data. Optimal paramete
estimates (params.) are shown with detlashed lines, and parameter uncertainty is represented with 95%
confidence intervals.

6.2 Validation
The rainfall extremesrpsented irSect.6.1 have been generated mechanatjcusing model parameters derived from central
moments of the censored rainfall tirseries. While censoredodels cannot be used to simulate the whole rainfall hyetograph,
it is important to ensure that the process by which the extremes are estimated is Telatgifore, model performance is
validatedin the usual way for this class of modbgl comparing th@nalytical summary statistics under the model parameters
with the observations here the observations are censofBte lowest censors presented in Figss and 6 are selected for

18



405

410

validation. No distinction is made between models in this choice, glthibis recognised that there is some variation in the

extreme value performance of specific censors between model types. See Table 2 for censor selection at each site and scale

Table 2 Censor selection for model validation.

5 minutes 15 minutes 60 minutes
Bochum 05 mm 1.0 mm 1.0 mm
Atherstone 0.6 mm 0.6 mm 0.2 mm

6.2.1 Replication of fitting statistics
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Figure 8 Seasonal variation in mean, coefficient of variation and lag autocorrelation for selected censorat
Atherstone, observed vs. estimated.

Figure 8shows the seasonal variation in mean, coefficient of variation anfl fagocorelation for all three modelat
Atherstonewith the selected censorsTiable 2 Comparable performance is achieve with the models for Bochum and hence
these resultare notpresentedThe plots show the estimated summary statistics calculated usimgptineum parameter
estimates, together with 95%mulation band®btained byrandomly sampling 100parameter setbfom the multivariate
normal distributionof model parametersestimating the summary statistics under the madel displaying the range of
edimates between the 2.5 and 97.5 quantBesausanodek arefitted over 3 monthly moving windows, estimated summary

statistics are compared wisummary statistics fazensored observatiofier the same periods. Fitting statistics for the 6 and
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24 hourscales are not showithelimits on thevertical Y axes areptimizedat each site and scale, therefore the reader is
advised to pay careful attention to the scales when comparing summary statistics.

415  All models perform very well with respect to replicatitg summary statistics used in fitting with the 95% simulation bands
comfortably bracketing the observations. The estimated summary statistics are very close to the observed with all model
performing equally well. fie seasonal variation in mean monthdynfall vaies between scales because there is a higher
proportion of low observations at short temporal scales removed by the censors. The greater prominence in seasonal variatic
shown in plotsa andb indicates that the summer months (approx. APict) are more prone to short intense bursts of rain,

420 and the winter months longer periods of low rainfall intensity. This is consistent with there being more convectivénrainfall
the summer, and stratiform rainfall in the wint€he plotsin Fig. 8 demonstatethatthe models are able to reproduce the

censoreditting statistics confirming reliability of the process.

6.2.2 Replication of gatistics not used in fitting

A consequency of censoring is that it truncates the thin tail of the rainfall amounts distributvh i ¢ h si gni fi can
425  shape. Because this truncation is not replicated in the analytical equations of the models used in this study, thenoodels are

expected to be able teproducehis statisticwell. Therefore this statistic is excluded from validatiGenverselycensoring

is not expected to significdptimpact the ability of the models to estimate the proportion of wet pelwdpite this, censoring

significantly changes this statistic at finenfgoral scaleg-igure 9shows the seasonal variation in the proportion of wet periods

for all three modelat both sitesvith the selected censorsTable 2
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Figure 9 Seasonal variation in skewness coefficient and proportioof wet periods for selected censors, observed
vs. estimated
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The ability of the models to reproduce the proportion of wet periods is gengoalty although there is a tendency for all
models to overestimate this statistic at both sAéthe 5 minue resolution for Bochum, the 958itmulation bandsomfortably

bracket the observations between the months of May and October, although thereeigimadion in the other months and

for all months at the 15 and 60 minute scales. At Atherstone, theoedsrgpresentation of the proportion of wet periods at

the 15 minute scale, although ovemimation at the &and 60minute scale Generally, here is very slightly better agreement

in the summer months whichs highlighted in Sect. 6.2.thay be more mme to short intense downpours at fine temporal
scales. This suggests that the censored models may be more effective at simulating the heavier short duration rainfa

characteristic of summer convective storms, than the longer duration low intensitll idiafacteristiof winter storms.

7. Discussion orcensor selection
The censors selected for validationTiable 2were choserbased ortheir extreme value performance. For the estimation of
extremes at other locations, it would be preferable to have a set of heuristics to guide censor selection. Thelfstiosgiom

of extreme value estimation performed in this study is intendedide gractitioners in the application of censored modelling.

7.1 Stability of confidence intervals
Upper limits on censoring were identifis’cheremodel parameters wemgdther poorly identified orthe mean othe MVN
realisationsdeviated significantly from the observations. The onset of this effect was observad tfor estimation of
hourly extremes at Atherstone with the BL1M modétjure 1 shows the change in 95% confidence intereaid the mean
of the MVN realisationsbtained with censored modelgth well and poorly identified parametefsr 15 minute data at
Bochum and Atherstone. The comparison is made between extremes for the selected censoatilee?(Ih0 mm and 0.6
mm respectively) and extremes from highensorg1.5 mm and 1.0 mmespectively)
Confidence intervals on extreme value estimates for Bochum 15 minute rainfall obtained with censors ft@minQ and
for Atherstone with censors from 0®9 mm (Fig. 5), are broadly stable and unchangings T indicative that
parameterization across each model variant and censor is good enabling robust estimation of extremes. As the censor
Bochum is increased to 1.5 mm (Fid), panels &c), there is a noticeable increase in the upper confidence bodnithe
mean of the MVN realisations has diverged leading to-esémation of the extremes. Increasing the censor at Atherstone to
1.0 mm has resulted in very significant widening of the confidence intervals and divergence of the mean of the MVbhrealisati
(Fig. 10, panels @f). In each case, this divergence results from the generation of unrealistic extreme value realisations which

are shown in Fig.@(light grey lines).
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Bochum 15 minute extremes
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Figure 10Change in 95% confidence intervals and mean of the MVN realisations for Bochum and Atherstone 15 minut

data with well identified (> 1.0 mm and > 0.6 mm) andyoorly identified (> 1.5 mm and > 1.0 mm) censored mode
parameters.
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While it has been possible fit models to data with these high censors, examination of the parameter estimates and associated

uncertainty reveals that parameter identifiability is redudtigure 1L shows the seasonal variation in estimé&yeshe BL1M

mod el par amedfeirtst edd st,0 aBoacnhdum 15 mi nute data with a 1.5
with tight confidence bracket s a therefaredthesphrametes pre notnshomn whi
Confidence i nt er verylarge ithe Wrtes montbs indicating tidentfiatdlity of these parametetmas

deteriorated When sampling from the multivariate normal distribution for model parameters in simulation, these large

uncertainties give rise fwoorextreme value estiation The same behaviour was observed for the BL1M model at Atherstone

for 60 minute data as shownHig. 7.
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Figure 11 Fitted model parameters for the BLLM model with 1.5 mm censor applied to Bochum 15 minute data.

With the upper bound on censorigntified the obvious questios how to identify a lower boundlhe results presented in

Figs. 4, 5 and 6 suggest that there is convergence in the estimation of extremes with increasindfcansehen is the onset

of convergence®igure 2 shows the change in extreme value estimation with censor for 15 minute rainfall at Bochum (top

plots) and Atherstone (bottom plots) fd and25 year return periods

At both locations, divergence in theean of the MVN realisations and confidence intervals shown in Fig.easily identified

with the very large boylot whiskers at 1.5 mm and 1.0 mm censors for Bochum and Atherstone respectively. The plots for

Bochum also show a large spread in theemtr realisations with a 1.4 mm censor for the BL1M model suggesting that

parameter identifiability is deteriorating at this censor.

At Atherstone, there is clear evidence of convergence in estimation between cerish& . However, convergence is

less obvious at Bochum. At Bochum, there is continual improvement in extreme value estimation with the increasing censors,
although there is a perceptible reduction in improvement with each successive increase in censor. For censors of 0.7 mm ar
above, all mdel realisations bracket the observed extremes (horizontal dashed blue line), which is also true for censors above
0.5 mm at Atherstone. Therefore, ranges may be identified at both sites for censors which may be considered to give

satisfactory estimatioaf extremes: 0i71.3 mm at Bochum and 0.6.9 mm at Atherstone.
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Bochum 15 min rainfall
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Figure 12 Variation in extreme value estimation with censor for 15 minute data at Bochum and Atherstone for twc

annual return periods: 10and 25 years

24



485

490

495

500

505

510

7.2 How much rainfall to censor?
In Sect.7.1weidentify plausible censor ranges on the basis parameter stability and convergence of extreme value estimation.
However, this doesndét addr d¢oxensot?Becaugelertrenges generatethecharasticalljnu ¢ h
we want to simulate the storm event hyetograph therefore it is in our interest to keep the censor low in relationfadithe rain
depth profile The most basic check is that the minimum observed exifieene designated as the smallest annual maxsna)
greater than the censbeing usedThis is true forall the sites and scales investigabedhis study, with the lowest observed
annual maximaf 1.6 mmoccurring at the 5 mute scale in Atherstonélowever, this significantly exceeds the maximum
censor appliedot5 minute data at Atherstor@75 mm éeeFig. 9,t her ef ore it ds unérizedimddgl t ha
would be achieved.
Figure B shows the empirical cumulative distribution function (ECDF) plots for the above zero rainfall records at Bochum
and Atherstone aggregated to 5 and 15 minute resolutions. All the censors used for the estirfiiaticscalleextremes in
Figs 4, 5 and 6 @& shown, with the top three censors highlighted magenta. The censors selected for model vakddeian (
are highlighted blue, antthe lower limits on censors identified in Settl for 15 minute rainfall are shown and highiigd
green.The ECDF plots are truncated at thd"@@rcentile to aid comparison of the applied censors, therefore the maximum
rainfall is highlighted in red text on the right of each pkr all censors, their rainfall quantile values are shown with th
colour matching the plotted lines.
It can be seen frorkig. 13 thata substantial proportioof the above zero rainfall record is masked from the models with
censoring. At the 5 minute scale, the selected censor of 0.5 and 0.6 mm removes in ex@sndf 3% of the above zero
rainfall from Bochum and Atherstone respectively. At the 15 minute scale, the selected censors of 1.0 and 0.6 mm remove il
excess of 9% and 8246 respectively. These quantiles are high and support the hypothesis that mechanistic models may be
poor at estimatinginei scaleextremes because the training data are dominated by low observations.
A striking difference in the ECDF plots for the two ldoas is the smoothness of the curves. The stepped nature of the
Atherstone plots is very pronounced and reflects the resolution of the gauge: 0.5 mm between 1982 and 2003, and 0.2 mr
before and after these dates. The stepped nature of the plots at Athdigtdights that the selected censor quantiles (blue)
are just greater than the 0.5 mm quantiles. We also know from Figpal a censor of 0.5 mm for 15 minute rainfall at
Atherstone would give very similar extreme value estimation to the selectegrOognsor (highlighted in green on the ECDF
plot, Fig. 13). This implies that to improve the estimation of fireale extremes at Atherstone, it has been necessary to remove

all observations which correspond with the gauge resolution.
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Figure 13 Empirical Cumulative Distribution Function plots for Bochum and Atherstone rainfall aggregated to 5 and
15 minute temporal resolutions. The plots are limited to the 99 percentile rainfall and show the rainfall quantiles
correspondingto the optimum censors used in the estimation of extremes in Figs. 4, 5, and 6.

While the proportion of rainfall observations removed prior to model fitting is laoger 906 and 8046 for 5 and 15 minute
515 rainfall fromBochum and Atherstonespectively comparison with the maximum rainfall amounts and an assessment of the
number of independent peaks over the censor demonstrate that the censorsTatgéo8vshows the proportion of risum

rainfall and the number of independent peaks per year f@elleeted censors given in TableThe number of peaks over

the censors are estimated using a temporal separation of 48 hours to define independence.
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Table 3 Proportion of maximum rainfall and number of independent peaks per gar for the selected censors giver
in Table 2

Scale [mirg] Bochum Atherstone
Proportion of maximum rainfall 5 3.0% 5.7
15 3.6% 3.5%
Number of independent peaks / year 5 53 27
15 46 65

The proportion of the maximum observed rainfall is thss % in all cases which is very low considering that the maximum
recorded rainfall across both sites and scales is just 27.9 mm for Bochum 15 minute FainfalstandardPeaks over
Threshold extreme value analysis, the threshold is typically seasbetween 3 and 5 independent peaks per year remain in
the partial duration series. Using a temporal separation of 48 todefineindependence, the number of peaks per year
retained after censoring is between 27 and 65 (T@bl&he actual numberf peaksretained for fitting the Bartlettewis
modelsis much greater than this becagseal dependence in the rainfall tirgeries is simulated wittmechanistic modelling.
While it is possible to estimate return levels for serially dependent extrgsimggextreme value theoryhe analysis set out

in Fawcett and Walsha@@2012)demonstrate that estimating the extremal index istrigial can be subjective.

8. Further discussionand conclusions
The estimation of rainfall extremes presented in this study using censored rainfall simulation is highly promising and offers
an alternative to frequency techniquébe estimation of extremes sub-hourly scaleshas far exceeded expectation with all
three models giving a very high level afcuracy across range of censorklowever,censoringuises rainfall models ia way
they were never previously intended. Rainfall models have invariably been used for simulationdfridiun timeseries
across a mage of scales fainputinto hydrological and hydrodynamic models. Censored raigfaithesiscannot be used in
this way because only the heavy portion of the hyetograph is simulated.
The success of this research is to broaden the scope of mechamifglcnmedelling and ask new questions of it. Mechanistic
models andelatedweather generators are very powedtilsimulating key summary statistifts a range of environmental
variables An area where these models have consistently underperformeddstimation ofinei scaleextremesEfforts to
improve extrera valueestimation at findemporalscalehave focussed on structural developments. But those developments
have always been undertaken in the context of raitifa-series generatiorContinu@ underestimation at fine temporal
scales has given rise to thetionthatrectangular pulse models gretentiallyfiunsuitable fofinei scaledatad (Kaczmarska
et al. 2014, p.1985)
For effectivescenario planning with hydrological models, good reproduction of rainfaltdgnies is necessanyith accurate
estimation of key summary statisti¢dowever, for assessment of extremes and estimation of storm profiles, good replication
of rainfall cental moments is arguably less important. Hibdity of the censoredhodelsto adequately reproduce the central

moments used in calibratiavas checketb ensure that the process by which the extremesoargructeds reliable Because
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rainfall over the cesor is by definition coincident with rainfall below the censbe censored models can be used to estimate
uncensoreeéxtremes bgimply restoringthe ceasor to the estimates.
Extremerainfall estimation with censoring across all models, scales angl isitsignificantly improved on that without
censoring as shown in Figg 5 and6. Up to approximately tha5 year return periqaestimation is broadly equivaleatross
550 all models. For rarer events, the BL1M modppears to perforrhetter than the othdwo at the 5 and 15 minute scales at
Bochumand Atherstondy accurately estimating the highest observatiatithose scal@his improvement over the BLO and
BL1 models is significant in the event that extreraimfall estimation is required beyond thenge of observation3his is
demonstratedniall 4 cases (5 and 15 minute scales at Bochum and Atherstitihéhe higherestimation ofextremes at the
1000 year return levddy the BL1M model compared with the other tBelow approximatelythe 25 year return periothe
555 differencesin extreme rainfall estimatioare so small that it is not possible to single out any one model agtiheimest
overall performance,lthough forincreasingly rareventsthe results suggest a preference for the Mlrhodel. This result
supports thdindings reported byKaczmarskaet al. (2014)that the dependence structure between rain cell amounts and
durationin the BL1M model is beneficial in estimatifigei scaleextremes
In all three models, there is a slight upward curvature in the Gumbel plotting of extremes which is consisteniGH the
560 andGPdistributions taking a positive shape paraméter 0). This curvature is more pronounced for the BL1M madskth
would be consistent with a higher positive shape paraméteite extreme value theory encompasses a range of distributions
characterised by the sign of the shape parami€tertsoyiannis(2004a)argues tht rainfall extremesaturally followthe
Fréchetdistributiof or annual maxi ma ( exQ),supportedwth empincal evidencebtsoyiamnis h 3
(2004b) The positive growth in extremes observed in our regittensistent witlhis hypothesisand suggests that important
565 information about the distribution of extremissceptured inthe full storm profilehyetograph over the low censor. Futher
research igequired to investigate the theoretical link between mechanistic model parameters and their extreme value
performance.
The results presented in this paper show that the method has worked for single site data from two very differentndations
recorced using different gauging technigues. Consistency inrétative magnitude o$electedcensos identified at each
570 location, and the stability of estimation across a range of cega@s confidence in the approach aupportshe original
hypothesis. It is an obvious limitation of censoring that it cannot be used to obtairstmes of synthetic rainfall as is the
principal application of mechanistic rdadl models. However, the intdoh of this research was to investigate if mechanistic
models cold be used for estimation bhei scaleextremes as an alternative to frequency techniquesaccuracy of estimates
for subhourly rainfall extremes using all three model variants is very good, although the BL1M model appears to outperform
575 the other twanodelsat both sites for the 5 and 15 minute scdlgsccurately predicting the highest observed extreme.
Reducingparameterizatioty fixing the Gimma shape parameteiin the randomised models, and increasing the data for

parameterizatiomy widening he fitting window to 3 months has enabled the models to be fitted successfully to censored
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observations. It is likely that these aidesparameterizatiorare necessary because censotinmcatesthe statistical
distribution of thetraining data. Thenalytical solutions in the models do not make this assumption, therefore a mismatch
between the training data and the models arises with censatilogv censors, truncation is minor and the analytical solutions

in the models are able to make reasonabtenates of the fitting statistics. However, as the censor increases and the mismatch
grows a point is reached at whicthe analytical solutions are no longer able to estimate the fitting statisticsng
deterioration in parameter identifiability

A principal goal of this research was to improve the physical basis of short duration extreme rainfall estimation. This has beer
achievedby simulating storm profiles mechanistically in a way which mimics the phenomenology of rainfall gend&tzigon.

has gien rise to extreme rainfall estimation which may be described as a function of a set of model parameters with physical
meaning, e.g., thextremerainfall quantilea "O_F B A H A for the original BartletiLewis model (See Appendix A

for definitions of mechanistic model parameters). Future research is requitétk tmodel parameters to environmental
covariates and spatial information. The latter may follow the regionalisation methodolidgy ef al.(2013).

Further research Elsorequired to investigate the potential fiocorporating censored modelliiigo a multimodel approach

for synthetic rainfall generation. This may take the form of simulating the rainfall below the csirspra bootstiping
approach similar to thah Costaet al.(2015) or continuous simulation of uncensored rainfall with replacement of storms

simulated using the censoring approach.

Data availability

The Atherstone tipping bucket raingauge dataset was obtained directly from the Environment Agency for England, UK. The
data are not publicly accessible because they are used by the Environment Agency for operational purposes, but can be obtair
for noncommercial purposes on request. The Bochum dataset was obtained directly from Deutsche Montan Technologie anc
was recorded by the Emschergenossenschatft / Lippeverband in Germany. The data are not publicly accessible because th

belong to the Emschergenosselmaft and Lippeverband public German water boards and are used for operational purposes.

Appendix A: Bartlett -Lewis model parameter sensitivity and impact on extreme value estimation.

To demonstrate the i ns e rBarilettliewis nogels,ahe BLA arfd 8lr1M mddels wera fittébtoni s €
Bochum 15 minute rainfall with ¢ han gthelghoucmearsand ttei0.85 6sando n
24 hour coefficient of variation, skewness coefficient andllagitoco r el at i on. For the BL1 mode
41(1 ower bound) and 5, 10, 25, 50, 75 and 100 (upper bou
75 and 100 (lower bounds) and infinity (upper bound). For the BL1 and BL1#lenb s , U converges on
bounds respectively, although because Rarameteramgestarpresshtetl f i x
in theparallel coordinate plots in Fig1 by sampling 1000 parameter sets from the maittate normal distribution of model
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parameterfor 41<U < O0Be+ The parameter sets corresponding to U =

models respectively with dashed magenta lines.

Figure Al Parallel coadinate plots for the two randomised Bartlett-Lewis rectangular pulse models, BL1 and BL1M.
Plots show the range of January parameter values for uncensored models fitted to Bochum 15 minute rainfall. Tt

dashed magenta lines show the parameter sets correspdi ng to U = 100 and BLIN models5
respectively.

610

The parall el coordinate plots clearly show the insensi
constrained with upper and lower bounds of betweeb®fmrtheR 1 and BL1M model s respectiv
and can take any value over a very large range (sedFiy . When U is constrained with wu
25 for the BL1 and BL1M model s eddklisginsengitivity redulis fromithe shape ofthe a b |

615 fitted Gamma distributioM used to sample d shown in Fig
As U increases the Gamma distribution converges on the
highvalues ofU , probasility of randomly sampling anywhere within the distribution is greatepared with low values
of.Fdr U O 50, the Gamma distribution is approxi mately n
by both models is always largesulting in a narrow range of potential Exponential distributions from which to samytiere

620 L isthe cell duration. This impacts the estimation of extremes as shown in Fig. A3. Figure A3 shows extreme rainfafl estimat
from the BL1 and BLIM models wih U fi xed at 5, 50 and 100. For U O 50,

identical. For U = 5, the BL1 model estimates | ower extr
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