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Abstract. Reliable estimation of rainfall extremeas essential for drainage system design, flood mitigation and risk
guantification. However, traditional techniques lack gibgl realism and extrapolation can be highly uncertaithis study,

we improve the physical basis for short duration extreme rainfall estimation by simulating the heavy portion of the rainfall
record mechanistically using the Bartied#wis rectangulapulse (BLRP) model. Mechanistic rainfall models habhad a
tendency to underestimate rainfall extremes at fine temporal scales. Despite this, the simple process representation ¢
rectangular pulsenodels is appealing in the context of extreme rainfalimegion because it emulates the known
phenomenology of rainfall generatioAh.censored approach to Bartiewis model calibration is proposed and performed

for single site rainfall from two gauges in the UK and Germany. Extreme rainfall estimatiorfioisnget for each gauge at

the 5, 15 and 60 minute resolutions, and considerations for censor selection discussed.

1. Introduction
Extreme rainfall estimation is required for numerous applications in diverse disciplines ranging from engineering and
hydrologyto 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, and hazard risk modelli
Extremes a¥ usually estimated using frequency techniques andsityaturation frequency curvesoiever these methods
are highly dependent on the observaisfall record which may not be charadstic of the extreme behaviour.
In this study we improve the phgsi basis oghort 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 observatins present various problems for the practitioner. They are often not available at
the location of interestheyare typically short in duration, atideymay not be available at the temporal scale appropriate for
the intendedise These difficulties, togther with the necessity to obtain perturbed {8ages 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.
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The principe of rainfall simulationis to replicate statistical properties of the observed record such that maéifigatiors of
statistically identical rainfall may b®ynthessed (Richardson 1981)arious methodsf simulationexist, andthere have been
several attempts in the literaturecetegorise¢he different approacheaside fromdynamic methods used in numerieadather
prediction modelsCox and Isham(1994) suggest that statisticalmulationmethods may be broadbategorisd as either
purely statistical or stochastiavhile Onof et al.(2000) further categorisestochasticmethods into either mufscaling or
mechanistic. The latter of these differ from other statistaqggdroachesecause rainfalbynthesisfollows a simplified
representation of thehysicalrainfall generatingnechanismThrough the clustering of rain cells in storms, the unobserved
continuoustime rainfall is constructed by superpositi@nabling the synthetic rainfall hyetograph to be aggregated to
whatever scale is desirdaczmarska et al. 2014Because of thisimplified process representation, mechanistic model
parameters have physical meaning which makes this class of model particularly appeidengontext ofextreme value
estimation.

When no likelihood faction can be formulate@Rodrigueziturbe et al. 1988, Chandler 199#pechanistic rodels are
typically calibratedusing a generalised method of momeitheater et al. 2007a)ith key summary statisticat a range of
temporal scalesuch as the mean, variance, autocorrelationpgodortion of dry periodsPerformance is assessed on the
ability of the models to reprodutlee calibratio statisticsas well as othensot used in calibration including central moments
and extremes. Since their inception in the late 1980fRdbgrigueziturbe et al.(1987, 1988) numerous studies have
demonstrated the ability of these models to satisfactorily repradhsszvedsummary statistidseeCowpertwait et al(1996)
Verhoest et al(1997) Cameron et a2000a, 2000h)Kaczmarska et a(2014) Waskoand Sharma(2017)andOnof et al.
(2000)for a review. However, these studies have also shownrtighanistianodelstend to underestimate rainfall extremes
at the hourly and subourly scales which limits their usefulndsgeVerhoest et ali2010)and references theréin

We hypothese that stochastianechanistic pulsbased modelsnay bepoor at estimatindinei scaleextremes because the
training dataand calibration methqére dominated by lomtensityobservationsMechanistic stochastic models are fitted to
the wholerainfall hyetograph, including zeroesggregated to a range of temporal scalgpically, 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. Hene, if the internibn of the model is to simulate 15 minute rainfall the training
data should include 15 minute observatiofts.the temporal resolution of rainfall data becorfieer, the distribution of
rainfall amounts becomes maopesitively skewed Primarily, this isbecausef the increasedroportion of dry periodsbut
also the higher proportion of low intensity events characteristimei scalerainfall. Because the calibration method uses
central momentw fit model parametershegreaterskewnes at finetemporalscales makes it difficult to obtain a goodtdit
extremest these scales

In addition to the dominance of low observatioti®e estimation offinei scaleextremes may béurther undermined by

operation angamplingerrors.This is paticularly true of tipping bucket gauges where measurement precision sdrfiperal
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scales is limitedo the bucket volume, typically 0.2 or 0.5 mine scalerainfall is highly intermittent (starting and stopping
with high frequency), yet a tipping bket gauge can only make a recording when the bucket is full. The limitations of tipping
bucket measurements at fine temporal scales loageheen 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 aipping 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 obsdatartsors show
that for the lowest rainfall tensities (< 5 mm/h) the mean relative error of the tipping bugaege 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 ihg US where the data were collected, although the error estimates are significant and
presencompelling 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(see Sect.2 for a
review). Despite this, little progress has been achieVedtest our hypothesia simple approach is proposed in whiokv
observations fofinei scaledata arecensoredrom 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 scatelreduces rainfall intensity at coarser scalds
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&thin the BartlettLewis family of modelsvhich conform to the original concept of
rectangular pulses developed Rgdrigueziturbe et al(1987) Preference is given to the most parsimonimaelvariants

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
in Sect.4, and the data and fitting methodolagyg presentedn Sect.5. Results argivenin Sect.6 together with validation
analysis. Discussion dhe results andensor selection are given in §&t SectiorB provides further discussion andtlines

our main conclusions and thoughts for future research.



2. Mechanistic model developments
Attempts to improvehe estimationof finei scaleextremesfor point (singlesite) rainfall using mechanistic models V&
95 focused on changing the model structure. Several authors have cited significant impr@¢@eawesttwait 1994, Cameron et

al. 2000b, Evin and Favre 200&)though increaseplarameterisatioand limited verification with real data have meant that
most changes have not been widely adopted. An early criticism of the original mechanistic models pre$endeid sz
Iturbe 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

100  approximately Gamma didituted(Katz 1977, Stern and Coe 1984)
On the basis that the Gamma distributiives more flexibility in generating rain cell intensiti@nof andWheater(1994b)
reformulate thenodified( r a n dRartettfiewis (MBL) model(Rodriguezlturbe et al. 1987Ayith the Gamma distribution
to improve the estimatioof extremes. Despite the gotitto hourly extremes cited b@nofandWheate(1994b) subsequent
studies have continued to show underestimatidroatly and subhourly scalegVerhoest et al. 1997, Cameron et al. 2000a,

105 Kaczmarska et al. 2014)
In an extension of this approadBameronet al. (2000b)replace the exponential distribution in tMBL model with the
Generalized Paret@P) dstributionfor rain cellsover a high threshold Dependi ng on the value o
the GP converges to onéthree forms: uppebound<e d0O ) 3 exponent i abO0).(nzhe last s weand F
have a distribution with a heavier tail than the exponential or the gaBeoause the G#&istributionis a model for threshold

110 exceedancgethe 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 on the assumption thatdgk rain
depth may be of either high or low intensity.
The authors present a calibration strategy in which finsy/fit the MBL modelwith exponentiakell deptls to the whole
rainfall recordusing the method of moments fraddmofandWheater(1994b) Generalised Liklihood Uncertainty Estimation

115 (Bevenand Binley 1992)s then usedo find behaviouraparameterisatisof the Pareto scale and shape paraméterain
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 parametereftardepth® ver t he t hr enmima impacter thelstandaadv e 1
statistics of the simulated continuous rainfall tisezie® (Cameron et al. 2000b, p.20 The validity of this assumption is
disputed bywWheater et al(2007a)who argue thathe MBL model should be fitted to rainfall coincident wittin cels below

120 the threshol d, bunpossble sinte cellinensiti¢s lara not obsedifegheateset &f. 2007a, p.16)
The model frameworlof Cameroret al.(2000b)differs from that of theBL Gamma model oOnof andWheater(1994a)
and is essentially the nesting of two models. The authors present significant improvement in the estimation of houdy extreme
and show good agreement with Generalieatteme Value (GEV) estimates. However, becahseunderlying process of

continuoustime rainfall is unobserved, the autharg forced tamplement a calibration strategyhich limits the impact on
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standard rainfall statistidsan approachvhich is une@sirable(Wheater et al. 2007alfurthermore,lie framework appears to

be an analogue of the-&ell rectangular pulse modstructureinitially developed byCowpertwait(1994) for the Neyman

Scott model, and later incorporated into the Bartletvis models bywWheater et al(2007a) Regardless of their relative
performancethelarge number of parameteesjuired for these modaksundesirable on the basis that more parametdises
parameter identifiability and increaggsrameter uncertainty

In an earlier studyCowpertwait(1994)differentiatesbetween light and heavy rain ceillsa modified version of the original

(fi xed dScottidctapgulapulse (NSRP) modglRodrigueziturbe et al. 1987y allowing rain cell intensity and
durationto be drawn from more than one pair of exponential distributibhe. new model termed the Generalised NSRP
model (GNSRP) leads to a significant increageairameterisationver theoriginalNSRP model, although the author presents

an intelligentway tosimplify calibration by relating model parameters to harmonic signals. While improvement is achieved
in the fit to hourly extremes, the performance of the mod&plicaing other important statistics is not presented, in particular
autocorrelation anche proportion of dry periods. Both of these properties are addresdeddoigueziturbe et al.(1987,

1988)for the BartlettLewis modelwith the inclusion® a fAhi gh fr equency | raihtebdurationand r
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 analytical expression was available for the proportion of dry peridagithis sta
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 each allow 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 alater study Cowpertwait(1998) hypothesised that including highorder statistics in the fitting routine for mechanistic
rainfall models would give a better fit to the tail of the empirical distribufibwrrainfall amounts. Focussing on tbgginal

(f 1 x )eNGRRImodel, 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 statistproved the estimation of Gumbel
distribution parameters from simulated maxima when compared with parameters obtained from ealnseralethxima.

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

(2003) Kim andKavvas(2006), Evin andFavre(2008)present a new NSRP model in which the dependence betaieen

cell depth and duration is explicitly modelled using a selection of copulas. While the authors are not primarily motivated to
improve the estimation of rainfall extremes, good estimatidimeif scaleextremes is achieved. However, the manner in which

the resits are presented makes interpretation and comparison with other studies difficult. In the first instance, tke extrem
performance of all models is almost entirely indistinguishable indicating that no overall improvement is achieved. Secondly,
monthly annal extremes are presented at hourly and daily scales but without clearly stating which month in the year. Despite

this, it is likely that monthly extremes will havewer variability than those taken from the whole year, and hence model
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performance is likly to be better. On the basis of the results presented, it is not clear that explicitly modelling dependence
betweerrain celldepth and duration with copulas offers any discernable benefit over the original model structure.
Theoretically, copulas offernaattractive framework for modelling the dependence structure between rainfall intensity and
duration. However, the obvious mechanism for building copula dependence into mechanistic rainfall modelsamatethe

level as peEvin andFavre(2008) This approach draws upon the intuition that, just as for the rainfallmshofistorm events,

rain cell amountsnay becorrelated with their duratiorBuch intuition follows earliestudiesinto the dependence structir
between rainfall intensity and duratiBacchi et al. 1994, Kurothe et al. 1997although 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 the
duration and mean intensity of the total storm

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

new type of mechanistic rainfall model based on instantaneous fGieepertwait et al. 2007, Kaczmarska 2011h) this

model structurgrectangular pulses are replaced with a point process of instantaneous pulses with depth X and zero duration
the summation of pulses giving the aggregated time rainfall intensity. Considered initially to offer a more suitable
representation of rainfalk aulzhourly scales than rectangular puld€aczmarskaet al.(2014)found that the best performing
BartlettLewis Instantaneous PulsBL(IP) model effectively generated rectangular pulses when depth X wasdegiaint,

and cell drandoanisedBeoause of the \&ry large number of pulses generated withintbellsuthors 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 whichdbothaen afe randomised BLRPRx) which was found to

perform equally as well as tmendomisedrersion of the BLIP modddut without additionajparameterisatian

3. Censored modelling forfinei scaleextremes

Despitethe modelimprovementsoutlined in Sect. 2, there is an ogoing tendency fostochastic mechanistimodels to
underestimate extremes at hourly and-Babrly scales Consequentlythe practitioners requiredto employadditional
methodsfor better extreme valuperformance including disaggregati@i®outsoyiannis and Onof 2000, Koutsoyiannis and
Onof 2001, Onof et al. 2005, Onof and Arnbjdiglsen 2009, Kossieris et al. 20E8)dmodel fitting withmore information
about the variability oprecipitation(Kim et al. 2013a)We propose aensoredipproactio mechanistigainfall modellingfor
improved estimatiofiinei scaleextremes byocussing model fitting on thieeavy portion of the rainfall timsetes. The aim

of this research is to investigate if mechanistic models can be used as sinufléit@isscaledesign storm events reduce
the impact of low observations time estimationof finei scaleextremesin this approach, rainfall below a low censs set to
zero and rainfall over theensolis reduced by the censor amount. The effect is to geretiate-seriesof heavy rainfalbased

on the observed record in which the proportion of dry periods is increased, and rainfall amounts are reduced.
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(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 tol5 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 plotshtdrgge in rainfall with increasing censors

The reduced rainfakmounts are shown on the secondary y axes. It can be seen from these plots that the minimum recordec

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

this volume is recorded withery highfrequency throughout the yearthe 15 minute resolution

Censored rainfall synthesis is a method for estimatinghsuioly to hourly extreme8ecause observations below the censor

are omitted frormodelfitting, censored model parameters secale dependent and can only be used to simulate storm profiles

above the censor at the same scale agdivéng datalt is the ability to simulate the heavy portion of storm profiles which

enables extreme rainfall estimatidrhe basicprocedure is afollows:

1. Forthechosen temporal resolutioselect a suitable censor [mm] aaqublyit 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 themechanistic rainfall model to the censoradhfall by aggregating the censortithe-seriesto a range of temporal
scales and calculating summary statistissecessarjor model fitting.

3. Simulate synthetic rainfalime-series at theameresolutionasthe training datén Stepl and sample annual maxima.

4. Restore the censor to thenulatedannual maxima and plot against the observed.

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 clstering mechanism within storms. Secondly, the total rainfall within cells is represented by
a prespecified rainfall pattern which describes thim cellduration and amount. The continuous time rainfall is the summation
of all rai nf at Mostanodels assuse rectangtlar pukses tp describe rainfall amount and duration, although
alternative patterns have included a Gaussian distrib(florthrop and Stone 2008nd instantaneous puls@owpertwait

7



210 etal. 2007, Cowpertwait et al. 2011, Kaczmarska et al. 201 #)islatterformulation, pulses are assumed to arrive according
to aPoisson proceswithin cells, with each pulse representing an amount with zero duration. The contiimeuainfall is
therefore the summation of all/l pul se amounts in time ot
In the original form of the model, storms arrive accordingRoi@sorp r o ¢ e s s  and terminateafteean exponentially
di stributed per i odraimcellwithirrserimefollows a dusteringamrechanisra wWhiclodefines a secondary

215 Poissonpr ocess wi t dustarimgmechafismsard spaxified byRodriguezlturbe & al. (1987) the first is the
NeymanScott mechanisnin which the time intervals between storm and cell origins are assumed to be independent and
identically distributed random variablethe second is thBartlettLewis 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&aiin cellprofiles are rectangular with heights X for amounts, and lengths L for

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

pi‘* and d r e Bigue @ showsae grgphical illustratiohthe continuousime rainfall generation procesbable 1

sets out the model parameters for the original and randofldRE models, as well as the originrdSRPmodel.

(a)
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cﬁ H . .
?)) A Storm origin
=
= X
=7 e Cell origins
A ] A | |
Time
(b) 0 Rain cells
=
2 —— Continuous
% time rainfall
& |
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—o ! - veo I
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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 c€K), and duration the length(L).
Panel (b) shows the unobservedontinuous-time rainfall time -series derived from the superposition of cells showr
in (a).

The originalBartlettLewis andNeymanScott rectangular pulse models with exponential cell depth distributions are the most
225  parsimonious models, each having onlyp&ametersseeBLRP and NSRP respectivelgrror! Reference source not

found.). A limitation of these models is that their simplicity implies all rainifagktratiform, convectiveand orographie has
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the same statistical properties. On the assumption that rainfallleneve from different storm types, in particular convective

and stratiform, it is physically more appealing to allow the statistical composition of rainfall models to vary betwegn storm

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

Units BLRP NSRP BLRPRy BLRPRx
Storm arrival rate hril & & & &
Cell arrival rate hrit b b { 6% {b}
Ratio of cell arrival rate to cell duration - - - 8 b4q 8 bq
Mean cell depth mmhf 1 gy €x €x {ex}
Ratio of nean cell deptto cell duration mm - - - 9=¢gx/q
Ratio of standard deviation to the mean cell de - r=0c/ex r=0ex r=0ex r=0x/8x
 Expected square of the cell deffth mm?hr 2 {{ } {t } {t } {ir }
§ Expected cube of the cell depth for inclusic 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 - - -
f Gamma shape paramet hr U U
Storm duratiorparameter hr't 2 - {2} { o}
Ratio of sorm duratiorto cell duration - G =do G =d0»o
Mean number of cells per storm - - €c - -
Number of parameters: exponential cell intensi - 5 5 6 6

Number of parameters: gamma cell intensity -

NOTES:

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

2. For the two parameter gamma cell depth distrdsytthe expected square and cube of the cell dgptlandt ) are calculated from the
standar d Jhedme a piof@¢he ce(l depth. In practice it is the ratio of theevhich is parameterized enabling calculation of
andt . For boththe exponential and gamma distributions " and " wheref=1+°Fandf=1+3F+2r Because the
exponential distribution is a special case of the gamma distribution where ris equal te 1, 2andt = 8. Fherefoe it is not
necessary to parameterize r for the exponential distribution, meaning the exponential versions of these models reapeiterlesswith r

set to 1 in calibration.

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(@mligedwait

1994) and mixed(Cowpertwait 2004yectangular pulse models respectively. Both models enable explicit simulation of
multiple storm types, although their increapedametdsationand consequent impact on parameter identifiability means that

it is undesirable to simulate more than two storm types. For the Baleis model, randorsation of therain 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 celldurations are assumeallte exponentially distributechin celk with high
values of d are more |ikely to be shorter in duration,
Additionally the rate at whichain celk arrive, and the storm durations, definedi n proportion to d by

b/ d and o9/d constant (equal to ® and (G respectirairecely) . T
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with shorter rates of arrival and the opposite for longer storms, whichriaatégstic of the differences between convective

and stratiform rainfall.

Themo di f i ed Rartletthedvis mode] §eeBLRPRyin Error! Reference source not found) of Onof andWheater

(1993, 1994b)s the most parsimonious of the model structures able to accommodate multiple storm types comprising a
minimumof 6 parameters for the exponential versibne modi i e d ( r NeymarsScott tigdehas the same number of
parameters as the modified Bartle&wis model, but because there is no evidence that it has any advantage over the latter it
isexcluded from this studfrheupdated a n d Bamletgl ewismodelwithme a n ¢ e kalso rdnegmisdd (s& RPRx

in Error! Reference source not found) requires fewer parameters thas instantaneous pulse counterpart and the same
number of parameters as tmdified BLRPRy model. Structurallyit is identical to thenodifiedmo d e | alistaldbough
all owed to vary randomly bet/weecnonssttoarnms. by keeping the
Becaug the Neyman Scott and Bartlett Lewis clustering mechanisms are considered to perform equaltydekdelaction

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

the linear randm par amet er mod el (BLRPR(d) and trdarelomiseéday BARPR. and o
Hereafter, these models are referred to as BLO, BL1 and BL1M respectiaiyhe models used in this study, it is assumed

that rain cells start at the stormgiri to prevent the simulation of empty storms which can occur with the Bdrdels

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 196@ 2015, with one notable period of missing dadan Januaryl974 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 selected froafi TBRsintheEn v i r o n me n MidlahgsdRegoty an the basis that the number
of Environment Agency quality flags highlightedigoodo6 in the record is greater t|
flags less than 109®2.3% and 6.7% respectiv@l\Between the 8 Felruary 1981 and after $0November 2003 the gauge
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 astatihed $e are manual observations to correct
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 recondr a minimum gauge resolution of 0.01 mithe duration is 69

years from 1931 to 1999, and the data are aggregated to a minimum temporal resolution of 5Thesgestes are selected

10



275

280

285

to representainfall in different geographical regions obtained using different measurement techfigues.3shows 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 environmeflR® Core Team 2017)sing an updated version of the MOMFIT
software developed bBghandlert al.(2010)for the UK Government Department for the Environment, Food and Rural Affairs
(DEFRA) research and development project FD2(M&eater et al. 2007a, 20071 this software, parameter estimation is
performed using the generalised method of moments (GMM) with weighted least squares objective: fifigtion
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 complex dependency structure and marginal distribution
of aggregated timeeries makes it very difficult to obtain a useful likelihood func{i@odriguezlturbe et al. 1988)In this
procedure, the difference between observed and expected summary statistics of the rairsetidsrat a range of temporal
scales is minimised givi ntgta@nt) djp i eroiklobsgned sammeaty statistisse ¢ ) d w
(0d) & dU) Nj i s a vector of whichaedynaians of d 16 d)ryiNp.aof tiyevestar @f p inosldl | ¢ s
parameter$or which analytical expression are availablée ith summary statistiis weighted according to the inverse of its
obser ved wvlvarl)avineregis tise vector of diagonal elements of the estimated covariance mattig afean
summary statisticg,. While this weighting is not optimal, it provides a reasonapf@@imation to theptimal weights for

11



the GMM giving robust estimation of the parameter standard e(fdnandler et al. 20100ther weights can be applied
290 allowing the user to influence the dominance of specific rainfall properties, although for unbiased estimates of the summary
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, varianamrealtgion and proportion of dry
periods for temporal scales between 1 and 24 hBuigr. to model fitting anda allow for seasonality,.enmary statistics are
calculated for each monthver the record length and pooled between mofthiseach month, theooled statistics are used
295  to estimate theovariance matrix of model parameteegjuired for parameter uncertaintytisgtion, and the meaof the
monthly statistics Therefore 12 parameter sets are obtained for the whole year.
Model parameters are estimatgging two minimisation routines. FirdielderMeadoptimisations are performed oandom
perturbations aroundser-supplied parametefalues to identify promising regions of the parameter sgamwing a series
of heuristics to identify the best performing parameterraatjom perturbations around these valresised as new starting
300 pointsfor subsequentiewton type optimisationsThe parametesetwith the lowest objective function is the best performing
andselectedor that monthFollowing the approach employed Kgczmarskd2013)to obtain smoothly changing parameters
throughout the year, this twatep optimisation is only applied to one marubsequerparameter ésnationis based ora
singleNewtontypeo pt i mi sati on using the pr evi oesingafthisdpbré@ash has shownma t
that when the parameters are well identified the same seaswialonis achieved regardless of the starting moiithe
305 sampling distribution of the estimators resulting from the GMM minimisation roigiapproximatey multivariate normal
(MVN). The optimal parameter setdstimated byhe mearof this distribution and the covariance matrix is estimated from
the Hessiarof the least squares objective function\8heater et al. 207b) The MVN distribution of model parameter
estimatos is used to estimate 95% confidence interf@she parameteestimatesOn occasions that the model parameters
are poorly identified, it may not be possible to calculate the Hessian of theiabjeaiction preventing the estimation of

310 parameter uncertainty

5.3 Experimental design

To test the effectiveness of censorathfall modellingfor the estimation of finescale extremes, the approach is applied to
three temporal scales: 5, 15 and 60 migu#d each scale, the three selected Bastlettis models are fitted to both datasets
with incrementally increasing censors. The minimum increments apaliedch resolution are 0.05 mm, 0.10 mm and

315 0.20mm respectivelylnitial experiments with the colifient of skewness and proportion of dry periods included in model
fitting for censored data were limited by the inability to obtain well identified parameters for some or all months. b¢hile go
model fits were obtained for some low censors, extreme \edtimation continued to henderestimatedOn the basis that
censoring is aew approach t@nhance the estimation of rainfall extremes, skewness is not considered to be an important
fitting statistic for censored simulations. Furthermore, because censored models cannot be used to generate continuous tim

320 series of the sort which may be used figdrological modelling, the proportion of dry periods is also considered to be
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unimportant for censoring. Consequently for censored model calibration, the choice of fitting statistics is reducdubta the 1
mean, the coefficient of variation and {agutocorrelation 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 ¢o extent th
choice of fitting statistics to include the 1ucstatistics 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 for any given month the models are fittetbtottokzit

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 would otherwise be used in fitting. Testsihave sho
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 the estimation of summary statistics
and extreme under the model parameters.

For the tworandomisedno d e | s, BL1 and BL1M, the Gamma shape paramet
and simulation. The Gamma shape parameter U iinsaveylargensen
range without significant impact on the estimation of summary statistics or extremes. For the BL1paradedterisation

without an upper bound dpoften results in poor identifiability with parameter estimates in the thousands to teossznds.

For the BL1IM modellis typically better identified than for BL1 with a tendency to move towards the lower bouiary.
order to avoid having infinite skewness, U must be gr e
Kaczmarsk et al.(2014)and references therein fdiscussion on these criteyidhereforeby fi xi ng U at 10
model and 5 for the BL1M model, the number of parameters to be identified for these moeldleésirby oneAll models

are fitted using the exponential distribution for mean cell depth. This further reduces the number of model parameters to be
fitted for both uncensored and censored models, therefore in all cases the ratio of standard dethatimeadn cell depth

(r=0x/ 3 is fixed at 1.Sensitivity of the Gamma shape paramételand its impact on extreme estimation is investigated in
Appendix A.Fitted model parametefsr the BL1M modelare presented in Appendix B for 5 and 15 mirmaiefall at both

sites for uncensored and censored rainfall using censors seleSedt.;i2 (Table 2.

6. Results

6.1 Extreme value estimation
Rainfall extremes arestimated from the models by sampling annual maxima directly from simuldfimnsach model fitted
to uncensored data, 100 realisations10D years duration are simulataging parameters randomly sampled from the
multivariate normal(MVN) distribution of model parameteestimatos. This allows model parameter uncertainty to be
represented in thepread of the MVNextreme value estimatélsereafter referred to as MVidalisatios), coveringthe full

range of observation&Extreme value estimation up to the 16@#ar return level islso provided to indicate the potential
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magnitude of rarer eventBor this extrapolation, extremes are estimated from one realisation using the mean of the MVN
distributionof parameter estimat® (hereafter referred to as the optimal estimatés)ensurestability of the extreme value
estimatesip to approximately the 100@ar return levelsimulations have been extended tcODOyears.

Extreme value estimation for the censored calibrat®elawn in Figs. 4, 5 and 6 for 5, 15 and 60 minutes temporal resolutions
respectively. The top three plots in each figure show the results for Bochum, and the bottom three plots the results for
Atherstone, with observed and simulated annual maxima plosied the Gringorten plotting positionsll plots show the
equivalent extreme value estimates obtained without censoring by simulating one realisation of 10,000 years duration with the
optimal parameter set. Upper limits on censoring were identified winagtel parameterisatiomoticeably deteriorated
resulting in the mean of the MVN realisations to deviate away from the optimal. Results presented are limited to thte 4 highes
censors with well identified model parameters, together with 95% simulation.ddmesimulation bands show the range of
extreme value estimation between the 2.5 and 97.5 quantiles of the 100 MVN realisations for each simulated data point.

All censored models have significantly improved the estimation of extremes at each site amdtsoadry good estimation

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 thigle irmprovement in

the estimation of extremes with some convergence in estimation with increasing censors, although there is continuec
underestimation of the observed. The 9&#ulation bands foall censored models broadly bracket the observationsiand

largely unvaried with increasing censors, other than with the BL1M model at the 60 minute resolution.

At the 5 minute scale, estimation has converged on the observations with censors between 0.5 and 0.65 mm at Bochum, at
between 0.6 and 0.75 mm ath&tstone. For all three models there is slight underestimation of extremes higher than
approximately thé.0 year return perigdilthough the BL1M model accurately estimates the highest observed extreme at both
sites. At the 15 minute scale, convergenc@&athum has occurred for censors between 1.0 mm and 1.3 mm, while at
Atherstone convergence has occurred for censors between 0.6 mm and 0.9 mm. As for the 5 minute resolution models, th
BLIM model appears to perform slightly better than the BLO and BL1elspdesulting in improved estimation of the highest
observed extremes and elevated estimates dfG6 year return period rainfat both sites. At the 60 minute resolution,

there is good convergence in estimation for all three models at Bochumeadiditil model at Atherstone. However, extreme

value estimation with the BLO and BL1 models at Atherstone is more widely spread across the applied censors. For the BLC(
and BL1 models, the 0.2 mm censor results in much lower estimates than the three higivsr e#hough the mean of the

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 théaengfiNoéstimates

for the 0.6 and 0.8 mm censors have significantly deviated from the optimum.
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Bochum 5 minute extremes
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c=c-mvn. AM [ 05mm] - - mvn. AM[>0.55mm] - - mvn. AM[> 0.6 mm] - --- mvn. AM [> 0.65 mm]
[ 95% SBs [>0.5mm] [ 95% SBs [> 0.55 mm] [ 95% SBs [> 0.6 mm] [ 95% SBs [> 0.65 mm]
Un—censored fitting timescales [h]: Mean {1} CoeffVar {0.083,6,24} Skew {0.083,6,24} lag—1 AC {0.083,6,24}
Censored fitting timescales [h]: Mean {1} CoeftVar {0.083,6,24} lag—1 AC {0.083,6,24}
Atherstone 5 minute extremes
(d) BLO (e) BLI (f) BLIM
o
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Return period [yr]
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—— opt. AM [> 0.6 mm] opt. AM [> 0.65 mm] —— opt. AM [>0.7mm] —— opt. AM [> 0.75 mm)]
c=comvn, AM [>0.6mm] = mvn. AM [>0.65mm] = - mvn. AM [>0.7mm] = mvn. AM [>0.75 mm]
[ 95% SBs [> 0.6 mm] [ 95% SBs [> 0.65 mm] [J 95% SBs [> 0.7 mm] [ 95% SBs [> 0.75 mm]
Un—censored fitting timescales [h]: Mean {1} CoeffVar {0.083,6,24} Skew {0.083,1,6,12,24} lag—1 AC {0.083,1,6,12,24}
Censored fitting timescales [h]: Mean {1} CoeffVar {0.083,1,6,24} lag—1 AC {0.083,1,6,24}

Figure 4 Extreme value estimation at 5 minuteresolution. Optimal realisations (opt. AM) are shown with solid lines

and the mean of the MVN realisation (mvn. AM are shown with dashed lines. Simulation bands (SBs) are shown wit
filled polygons.
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Bochum 15 minute extremes
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[195%SBs [> | mm] [ 95% SBs [> 1.1 mm] [ 95% SBs [> 1.2 mm] [ 95% SBs [> 1.3 mm]

Un—censored fitting timescales [h]: Mean {1} CoeffVar {0.25,6,24} Skew {0.25,6,24} lag—1 AC {0.25,6,24}
Censored fitting timescales [h]: Mean {1} CoeffVar {0.25,6,24} lag—1 AC {0.25,6,24}

Atherstone 15 minute extremes

(d) BLO (¢) BLI () BLIM

30
1

Rainfall [mm]

o 4
T T T T T T T T T T T T T T T T T T T T T
2 5 10 25 100 300 1000 2 5 10 25 100 300 1000 2 5 10 25 100 300 1000
Return period [yr]
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—— opt. AM [> 0.6 mm] —— opt. AM [>0.7mm] —— opt. AM [> 0.8 mm] —— opt. AM [> 0.9 mm]
c=c-mvn. AM [ 0.6 mm] - - mvn. AM[>0.7mm] - --- mvn. AM [> 0.8 mm] ---- mvn. AM [> 0.9 mm]
] 95% SBs [> 0.6 mm] [ 95% SBs [>0.7 mm] [ 95% SBs [> 0.8 mm] [ 95% SBs [> 0.9 mm]

Un—censored fitting timescales [h]: Mean {1} CoeftVar {0.25,6,24} Skew {0.25,1,6,12,24} lag—1 AC {0.25,1,6,12,24}
Censored fitting timescales [h]: Mean {1} CoeffVar {0.25,6,24} lag—1 AC {0.25,6,24}

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 lineSimulation bands (SBs) are shown with
filled polygons.
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Bochum 60 minute extremes
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[195% SBs [> 1mm] [ 95% SBs [>1.2mm] [ 95% SBs [> 1.4 mm] [ 95% SBs [> 1.6 mm]

Un—censored fitting timescales [h]: Mean {1} CoeffVar {1,6,24} Skew {1.6,24} lag—1 AC {1,6,24}
Censored fitting timescales [h]: Mean {1} CoeffVar {1,6,24} lag—1 AC {1,6,24}

Atherstone 60 minute extremes
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Censored fitting timescales [h]: Mean {1} CoeffVar {1,6,24} lag—1 AC {1,6,24}

Figure 6 Extreme value estimation at 60 minute resolution. Optimal realisations (opt. AM) are shown with solid lines

and the mean of the MVN realisation (mvn. AM) are shown with dashed line§imulation bands (SBs) are shown with
filled polygons.
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The mean of the MVN realisations for the BL1M model at Atherstone with the 0.6 and 0.8 mm ¢easdry).6diverges

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 mbBitel,7 shows that as censoring 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 confidencksintearathat there

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 irparaneterestimation

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

6.2 Validation
The rainfall extremes presenteddact.6.1 have been generated mechanatjcusing model parameters derived from central
moments of the censored rainfall tirseries. While censored models cannot be used to simulate the whole rainfall hyetograph,
it is important to ensure that the process by which the extremes are estimated is r€habéfore, model performance is
validatedin the usual way for this class of modbgl comparing the analytical summary statistics under the model parameters
with the observations here the observations are censofBte lowest censors presented in Figss and 6 are selected for
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400 validation. No distinction is made between models is thoice, although it is 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 moel 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 lad autocorrelation for selected censorat
Atherstone, observed vs. estimated.

405  Figure 8shows the seasonal variation in mean, coefficient of variation antl éagocorelation for all three maels at
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 using the optimum parameter
estimats, together with 95%imulation band®btained byrandomly sampling 100parameter setfom the multivariate
normal distributionof model parameterssSummary statisticare estimatedinder the modefor all 100 parameter setnd

410 simulation bands generatéat the range of estimates between the 2.5 and 97.5 quaB#eausanodek arefitted over 3

monthly moving windows, estimated summary statistics are comparedwwitimary statistics farensored observatioffigr
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the same periods. Fitting statistics fhe 6 and 24 hour scales are not shoWrelimits on thevertical Y axes areptimised

at each site and scale, therefore the reader is advised to pay careful attention to the scales when comparing suimmary statist

All models perform very well witlespect to replicating the summary statistics used in fitting with the 95% simulation bands
415  comfortably bracketing the observations. The estimated summary statistics are very close to the observed with all model:

performing equally well. fie seasonal vatian in mean monthly rainfall vas 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 mbat(approx. Apr Oct) are more prone to short intense bursts of rain,

and the winter months longer periods of low rainfall intensity. This is consistent with there being more convectivérainfall
420 the summer, and stratiform rainfall in the wint€he pbtsin Fig. 8 demonstratéhatthe 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 tharkinf amount s di stri buti on whi

shape. Because this truncation is not replicated in the analytical equations of the models used in this study, themobdels are
425  expected to be able teproduceskewnessvell. Therefore this stadtic is excluded from validatioi€onverselycensoring is

not expected to significagtimpact the ability of the models to estimate the proportion of wet pefmpite this, censoring

significantly changes this statistic at fine temporal sc&lgsire 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 inthe proportion of wet periods for selected censorgbserved 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 minute resolution for Bochum, the 9S¥hulation 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, there is good representation of the propatiparinds 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.hay be more prone to short intense downpours attémgporal

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 intensity iiafaltteristiof 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. §dledbllowingdiscussion

of extreme value estimation performed in this study is intended to guide practitioners in the application of censorad.modelli

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 modegure D shows the change in 958tmulation bandand the mean of
the MVN realisationsbtainedrom censored modeilsith well and poorly identified parametds 15 minute data at Bochum
and Atherstone. The comparison is made between extremes for the selested gamen inTable 2(1.0 mm and 0.6 mm
respectively) and extremes from higher ceng¢brs mm and 1.0 mmespectively)
Simulation bandsn extreme value estimates for Bochum 15 minute rainfall obtained with censors fidn8 inén, and for
Atherstone ith censors from 0i8.9 mm (Fig. 5), are broadly stable and unchanging. This is indicativeataheterisation
across each model variant and censor is good enabling robust estimation of extremes. As the censor at Bochum is increased
1.5 mm (Fig. D, panels &c), there is a noticeable increase in the upipgt on the simulation bandand the mean of the
MVN realisations has diverged leading to cestimation of the extremes. Increasing the censor at Atherstone to 1.0 mm has
resulted in very signifiant widening of the confidence intervals and divergence of the mean of the MVN realisatio®(Fig. 1
panels df). In each case, this divergence results from the generation of unrealistic extreme value realisations which are showr

in Fig. 10 (light grey lires).
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Figure 10 Change in 95% simulation bands (SBs)and mean of the MVN realisations(mvn. AM) for Bochum and
Atherstone 15 minute data withwell identified (> 1.0 mm and > 0.6 mm) angboorly identified (> 1.5 mm and > 1.0 mm
censored model parameters. The spread of the individual realisations is also shown with solid lines (mvn. RL).
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While it has been possible to fit models to data with these high censors, examination of the parameter estimates add associat

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

model par ame tfiged Bathum15minutdada Gwi th a 1.5 mm censor. Para
with tight confidence bracket s a therefaredthesphrametes pre notnshomn whi
Confidence intervals on U/ 3, sandieatind thaidentfiatdlity of thesy palaraetelgs i n

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

large uncertainties give rise fmor extreme value estimatiofhe same belviour was observed for the BL1IM model at

Atherstone for 60 minute data as showifrig. 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 neoringidentified, the obvious questios how to identify a lower boundrlhe 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) ftd and25 year return periods

At both locations, divergence in the mean of the MVN realisations and confidencelssrown in Fig. 2is 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 the extreme realisations with a 1.4 mm censor for then&ldIMuggesting that
parameter identifiability is deteriorating at this censor.

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

less obvious at Bochum. At Bochum, there is contifmmprovement 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 model realisations bracket the observed extremezsdital 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 estimation of extremes:i0l73 mm at Bochum and 0.6.9 mm & Atherstone.
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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: 10 and 25 years Plots show the ptimal realisations (opt. AM), the mean ofthe MVN

realisation (mvn. AM) and the spread of the individual realisations (mvn. RL) with box plots.
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7.2 How much rainfall to censor?
In Sect.7.1 we identify plausible censor rangésisedon parameter stability and convergence of extreme value estimation.
However, this doesndét address the que s fare generatethecharosticalljpu ¢ 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 pplied b 5 minute data at Atherstor&,75 mm éeeFig. H,t her ef or e it 6s undérisekkraddgt t ha
would be achieved.
Figure B shows the empirical cumulative distribution function (ECDF) plots for the above zero rainfall records anBochu
and Atherstone aggregated to 5 and 15 minute resolutions. All the censors used for the estirfiiaticscalleextremes in
Figs 4, 5 and 6 are shown, with the top three censors highlighted magenta. The censors selected for model VahizZjon (
are highlighted blue, anthe lower limits on censors identified in Settl for 15 minute rainfall are shown and highlighted
green.The ECDF plots are truncated at thd"@@rcentile to aid comparison of the applied censors, fidreréhe maximum
rainfall is highlighted in red text on the right of each pkr all censors, their rainfall quantile values are shown with the
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 excess of 98% and 96% of the above ze
rainfall from Bochum and Atherstone respectively. At the 15 miacéde, the selected censors of 1.0 and 0.6 mm remove in
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 dominatémbgbservations.
A striking difference in the ECDF plots for the two locations 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 2008mand 0.2
before and after these dates. The stepped nature of the plots at Atherstone highlights that the selected censorug)antiles (bl
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 selected 0.6 mm censor (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 limitedo the 99" percentile rainfall and show the rainfall quantiles
corresponding to 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
rainfall fromBochum and Atherstorrespectively comparison with the maximum rainfall amounts and an assessment of the
number of independent peaks over the censor demonstrate that the censorsTatgéo3vshows the propg@n of maimum
rainfall and the number of independent peaks per year for the selected censors given in Thbleuthber 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 year for the selected censors give
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 less tBam@ll 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 set so that between 3 and 5 independent peaks per year remain
the partial duration series. Using a temporal separation of 48 todefineindependence, the number of peaks per ye
retained after censoring is between 27 and 65 (T@bl&he actual number of peakstained 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 extrgsimegextreme value theoryhe analysis set out

in Fawcett and Walsha@@012)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 leveladcuracy across range of censorklowever,censoringuses rainfall models ia way
they were never previously intended. Rainfall models have invariakly bged for simulation of londuration timeseries
across a range of scales foputinto hydrological and hydrodynamic models. Censored raisfaithesiscannot be used in
this way because only the heavy portion of the hyetograph is simulated.
The sucess of this research is to broaden the scope of mechanistic rainfall modelling and ask new questions of it. Mechanistic
models andelatedweather generators are very powedtisimulating key summary statistifta a range of environmental
variablesAn area where these models have consistently underperformed is the estiméitiehsofleextremesEfforts to
improve extrera valueestimation at findemporalscalehave focussed on structural developments. But those developments
have always been undéken in the context of rainfatime-series generatiorContinued underestimation at fine temporal
scales has given rise to thetionthatrectangular pulse models gretentiallyfiunsuitable fofinei scaledatad (Kaczmarska
et al. 2014, p.1985)
For effective scenario planning with hydrological models, good reproduction of rainfalbénes is necessanyith accurate
estimation of key summary statistitsowever, for assessment of extremes andnesgibon of storm profiles, good replication
of rainfall central moments is arguably less important. dibibty of the censoredhodelsto adequately reproduce the central

moments used in calibratiavas checketb ensure that the process by which the extieareconstructeds reliable Because
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545  rainfall over the censor is by definition coincident with rainfall below the cetisicensored models can be used to estimate
uncensoreeéxtremes bgimply restoringthe ceasor to the estimates.
Extremerainfall estimation with censoring across all models, scales and sites is significantly improved on that without
censoring as shown in Figg 5 and6. Up to approximately tha5 year return periqaestimation is broadly equivaleatross
all models. For rarer en¢s, the BL1IM modeappears to perforrhetter than the other two at the 5 and 15 minute scales at

550 Bochumand Atherstoney accurately estimating the highest observatimithose scal@his improvement over the BLO and
BL1 models is significant in the enethat extremeainfall estimation is required beyond the range of observatibmis. is
demonstratedniall 4 cases (5 and 15 minute scales at Bochum and Atherstitihéhe higherestimation ofextremes at the
1000 year return levddy the BL1M modetompared with the other twBelow approximatelythe 25 year return periothe
differencesin extreme rainfall estimatioare so small that it is not possible to single out any one model agttheimest

555  overall performance,lthough forincreasingly rag eventsthe results suggest a preference for the BL1M model. This result
supports thdindings reported byKaczmarskaet al. (2014)that the dependence structure between rain cell amounts and
durationin the BL1M model is beneficial in estimatirfnei scaleextremes
In all three models, there is a slight upward curvature in the Gumbel plotting of extremes which is consisteniGH the
andGPdistributions taking a positive shape paraméter 0). This cunature is more pronounced for the BL1M mowdsiich

560 would be consistent with a higher positive shape param#ftale extreme value theory encompasses a range of distributions
characterised by the sign of the shape parami€tertsoyiannis(2004a)argues thatainfall 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
information about the distribution of extremiescaptured inthe full storm profilehyetograph over the low censd-uther

565 research is required to investigate the theoretical link between mechanistic model parameters and their extreme valu
performance.
The results presented in this paper showdbasored rainfall modellinigas worked for single site data fromotwery different
locations and recordedsing different gauging techniques. Consistency imdlaive magnitude afelectedcensosidentified
at each location, and the stability of estimation across a range of cgmgessconfidence in the approaahdssupportshe

570 original hypothesis. It is an obvious limitation of censoring that it cannot be used to obtagetieseof synthetic rainfall as
is the principal application of mechanistic refall models. However, the intdoh of this research was iavestigate if
mechanistic models could be used for estimatidimef scaleextremes as an alternative to frequency techniduesaccuracy
of estimates for subourly rainfall extremes using all three model variants is very good, although the BL1M appeéars
to outperform the other two modedsboth sites for the 5 and 15 minute scddgsaccurately predicting the highest observed

575 extreme.
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Reducingparameterisatioby fixing the Gamma shape parametgin the randomised models, and increasing the data for
parameterisatioby widening the fitting window to 3 months has enabled the models to be fitted successfully to censored
observations. It is likely that these aides parameterisatiorare necessary bagse censoringruncatesthe statistical
distribution of thetraining data. The analytical solutions in the models do not make this assumption, therefore a mismatch
between the training data and the models arises with censatilogv censors, truncatiois minor and the analytical solutions

in the models are able to make reasonable estimates of the fitting statistics. However, as the censor increases atchthe misma
grows a point is reached at whictie analytical solutions are no longer able to estinilagefitting statisticscausing
deterioration in parameter identifiability

A principal goal of this research was to improve the physical basis of short duration extreme rainfall estimation. &ais has b
achieveddy simulating storm profiles mechanistigan a way which mimics the phenomenology of rainfall generafidis

has given rise to extreme rainfall estimation which may be described as a function of a set of model parameters with physica
meaning, e.g., thextremerainfall quantiled "O_F A A H A for the original Bartlet.ewis model (See AppendB&

for definitions of mechanistic model parameters). Future research is requitétk tmodel parameters to environmental
covariates and spatial information. The latter may followr#ggonalisation methodology &fim et al.(2013b)

Further research mlsorequired to investigate the potential fiacorporating censored modelliivgo a multimodel approach

for synthetic rainfall generation. Thmay take the form of simulating the rainfall below the cemsamng a bootstrapping
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 raingauiptaset 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 obtain
for noncommercial purposes on request. The Bocliataset was obtained directly from Deutsche Montan Technologie and
was recorded by the Emschergenossenschaft / Lippeverband in Germany. The data are not publicly accessible because th

belong to the Emschergenossenschaft and Lippeverband public Geateairbeards and are used for operational purposes.

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

To demonstrate the i nsensi tliewid nogels ahe B arfd ®lr1M tnddels nadfittet doo mi s €
Bochum 15 minute rainfall with «c¢han gthelghouc mearsand ttei0.85 6sando n
24 hour coefficient of variation, skewness coefficientandllaga ut ocor r el at i on. For twhem BL1
41(1 ower bound) and 5, 10, 25, 50, 75 and 100 (upper bou
75 and 100 (!l ower bounds) and infinity (upper bound). F
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boundsespectively, although because U i s Parameterdnges arprdséntece d p ¢
in theparallel coordinate plots in Fig1 by sampling 1000 parameter sets from the multivariate normal distribution of model
parameteedimatorsfor 4.1<U < O0B%e+ The parameter sets corresponding to

BL1M models respectively with dashed magenta lines.

Figure Al Parallel coordinate plots for the two randomised BartlettLewis 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 parameteret s corresponding to U am BULB hodalsn
respectively.

The parall el coordinate plots clearly show the insensi
constrained with upper and lower bounds of betweeh®5 or t he BL1 and BL1M models res
and can take any value over a very large range (sedFiy . When U is constrained with wu
25 for the BL1 and BL1M models respectively, identifiabitf U i s i mproved. This insensi:t
fitted Gamma distributi oA used to sample d shown in Fig
As U increases the Gamma distribution converges on the
highvaluesofU, t he probability of randomly s a momhparadgitrelawyalles r e
of For U O 50, the Gamma distribution is approxi mately n
by both models iglways large resulting in a narrow range of potential Exponential distributions from which to sample 1/L

where L is the cell duration. This impacts the estimation of extremes as shown in Fig. A3. Figure A3 shows extreme rainfall
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