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Abstract

This work presents an analysis of extreme rainfall in Great Britain (GB) using a new storm
identification algorithm to obtain 70,000 independent rainstorms associated with annual
maxima (AM) for rainfall intensities from stiourly to daily durations. To do this a new rain
gauge dataset with subourly resolution was compiled and quality controlled. The high
temporal resolution of rairdll data was found to improve the ability of quality control to
identify faults in rain gauge records, as aggregated hourly or daily rainfall totals mask rapid
changes to rainfall intensity that can indicate quality problems. The high temporal resolution
of GKS RIGIFH&ASHG FEf26SR F2NJ (KS -RodrlNgigfall.f | NB S

The seasonality and geographical distribution of -@émerating rainstorms had good
correspondence with known characteristics of GB rainfall at hourly and daibstiales.
Extreme short duration (<#r) events have peak frequency during the summer, while the
largest long duration (>18r) rainstorms occur in winter at rain gauges with high elevation.
On average each rainstorm contributed ~3 AMs of different duretidhis demonstrated
important overlaps between AMs that pose a challenge for conventional rainfall design and
analysis methods. Empirical annual exceedance probabilities were calculated at a regional
level for rainstorms of different durations, this realed similar quantiles for the most extreme
short rainstorms across GB and major differences for -dungtion rainstorms related to

orographic effects and prevailing wind direction.

Hyetographs of all AMjenerating rainstorms were determined using duturly resolution

data, allowing an unprecedented exploration of the temporal characteristics of rainstorms in
GB. These profiles showed significant variation with event duration, but events of similar
duration but different seasons had similar profiles, wadicting key results from the 1975

Flood Studies Report (FSR). Hyetographs showed limited sensitivity to other variables such as
rainstorm volume and geographical location. Oa%.6% of all rainstorms had centrally
peaked hyetographs, therefore most eus were unlike the FSR profiles currently used in UK

rainfall design methods.

This analysis has implications for all infrastructure and studies that use the FSR rainfall design
profiles in the UK, including sustainable urban drainage systems and fle@duties. A move

away from centred design hyetographs towards the use of hyetograph ensembles is
recommended, and current univariate extreme value frequency analysis methods are

challenged.



(This page intentionally left blank)



Acknowledgements
This thesis could not have been written without the countless people who have supported me
in this endeavour. First, | would like to thank my supervisors, Hayley, Steve, Selma, and Caspar,
for providing outstanding guidance, encouragemeartd patience through %r-so years of
g2N] aAyOS adGFNIAy3I Yé a{O RA&AZASNIIGAZ2Y dzy
amazing time, and | look forward to continuing our work together. | would also like to thank
the Water Groupstaff, our coffee roomdiscussionsand you schoolingwhen | was your
student, have helped me develogs a researchei. would also like to thank my fellow PhD

colleagues in Cassie buildingulQNS G KS o6SadH
A mi familia, muchisimasagias por el apoyo incondicional, jlos amo!

To James,Emily, Stef, and Charlie at Northumberland Gardens, and Han@&h and
Johannes idesmond Garden3$hank you all for helping me stay sane and reminding me that

life outside Uni exists.

b|é7\|z B‘Lh"‘ _ “’<’z 1 B A 'h’>"v""_["‘,"“h A h



(This page intentionally left blank)



Contents

LY 0] £ = (o PP P PP PP PPPPRPP i
ACKNOWIEAGEIMENTS. ... e e e ee e e e e e e et e e e e e ennanas jii
1O 0] 3 (=] 0 | £ PP V.
] A0 010 o] 1T oF= 11 o 1P ix
] A0 T [0 =SSP X
LISt Of tADIES. ... s XV
Common abBreVviationsS...........oovviiiiiiii e XVi
Chapter 1. INtrodUCTION.......coouii e eee e e e e e e e e e e ennas 1
1.1. AV [0 1)YZ= 11 o] o ISP 1
1.2. FIOOAING ..o 1
1.3. Extremes of UK rainfall.............oooooiiii e 2
1.4. UK design rainfall and synthetic hyetographs.............cccccoiiieriiiiiiccnnn 4
1.5. UK rainfall data and quality CONtrol............ccooiiiiiiiiiiieeii e 5
1.6. Research aims and ODJECHVES.............oiiiiiiiiiie e 7
1.7. ST oT0] o RPPPPT 7
1.8. TRESIS SITUCTUIE. ... 8
Chapter2.  LitErature FEVIEW.......ccoiiiiiiiie ettt e e et e e e e eenees 9
2.1. FIOOAING ..o 9
2.2. Extreme value analySiS..........cooi oot 11
2.2.1. Univariate analySiS........couuuiiuiiiiiiiiiiie e 11
2.2.2. MUltivariate @nalySiS............oiiieiiiiiiiiiiaee it e e 14
2.3. Quality control of rain gauge data.............ccooieeeiiiiiieeeii e 15
2.3.1. Theneed for QC........ i r e e e e e aaann s 16
2.3.2. International gUIdEIINES...........uuuiiiiiiiiiii e 16
2.3.3. QC of daily rainfall data............cccouemiiiiiiiiieii e 18
2.3.4. QC of hourly rainfall data...............uuuiiiiiiii e 19
2.3.5. SUBhOUrly QC.. .. e e 20
2.4, Clmatology of GB rainfall and its extremes.............ccoovvevviicen e, 22
2.4.1. General characteristics of GB rainfall................ccciiiiii 22
2.4.2. Spatial and temporal variability of GB rainfall extremes........................ 23
2.4.3. Eventbased analysis of rainfall..............cccooooiiiii i, 25



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

................................................................................................................ 27

2.5.1. UK Flood estimation MBOAS............cooiiiiiiiiii e 28
2.5.2. UK rainfall frequency models............oouuiiiiiiiiiii e 30
2.5.3. UK design hyetograph model..............ouiiiiiiiii e 32
2.6. Design hyetographs and their impact on urban drainage systems........... 33
2.6.1. Design hyetographs.....ccooouiiiiiii e 34
2.6.2. Impact of hyetograph shapes on flood estimation....................ccoeeees 38
2.7. Climate change and changes to extreme rainfall...............cccooooeeeiin 39
2.7.1. ODbServed Changes.........ccoo i e e 40
2.7.2. Projected Changes..........coooiiiiiiiiiiieee e 41
Chapter 3. Data and quality CONrOL..........ooeuuuiiiiiiiiii e 43
3.1. INEFOTUCTION. ...ttt e e et e e eeee 43
3.2. Data and Methods...........uuuiiiiiiiieee e 44
3.2.1. DAL SOUIMCES......uiiiiiti ittt e ettt e e e e e e e e e e e e e e e eannas 44
3.2.2. Data provider QC.......cccoiiii e 45
3.23. Quality control method............coooiiiii i 46
3.2.4. QC diagnOStiC tOOIS. .. .cccuvii e 49
3.2.5. SubHourly QC algorithmyL...........cuiiiiiiii e e 50
3.2.6. SHQC/T Threshold SeleCtion...........coceuuieiiiiiiieiiieeeiee e eeeeee e 53
3.2.7. EXxtreme value analySiS...........ccoouiiiiiiiiiiieeie e 56
3.3. RESUILS and diISCUSSION.......ciieiiieeieee e 58
3.3.1. Dataremoved by QC......ccoiiiiiiiiiii e 58
3.3.2. QC validation with pluvial flood reportS..........ceeeeiiiiiieiiceeee e, 58
3.3.3. QC effects on rainfall distributiQn..............ccooeiiiiiiiiiiiii . 59
3.3.4. SHQC effects on extreme rainfall..............cooeeiiiiiee i, 60
3.3.5. Impact of SHQC on frequency analysSiS...........cccoeevviiiiiciiiiieiiiiece e, 63
Regional heterogeneity and discordant gauges............cooooiiiiiiiciiiiieiiiieeeeeeeeeeeee 63
Impact of QC on GEV Shape ParameLer...........ueevieiiiiiiiiiiiiiieeeeee e 64
Impact of QC on return level @StMAates.........oovvvviiiee e 66
3.3.6. Return level estimate case StUdIeS............ccceveviiiiiieeriiiiiieieiieeeieeeieeeeenn] 69
3.4. CONCIUSIONS ...ttt 72

Chapter 4. The creation and climatology of a large independent rainfall event database
for GB PPy "
Vi



4.1. [ A0 18 [e: o] o MR 74

4.2. Data and MethOOS . .....oooviiii e 75
4.2.1. Rainfall data and quality contral...........c.oouuiiiiiiiii e, 75
4.2.2. Rainstorm definition and sampling...........ccouuiiiiiiiiiiii e 76

Annual maximum series and rainstorm definition...............ooviiieee e 76
Time between independent raINSIOMIS. ........ciii i 77
RaINStOrm timeseries eXtraCliOn............ouiiiuiiiiiie e 79
RAINSIOIM fIlEIING ...cciieiiiiiiiee e e e e e e e e e e e e e e e e e 83
4.2.3. SUMMArY StAISTICS. . .. iiiiiii e eee e e e e e e 83
Seasonality and CIrCular StatiSTCS...........uuuuuiiiiiiiiiiieiiriiee e e e 84
4.2.4. Empirical quantiles of extreme rainStorms............cooovviiiiiieereiiiiineneeeen 84

4.3. RESUILS ..t e e 85
4.3.1. RaAINSIOIM SAMPIES......coiiiiiiiiieeiieei e 85
4.3.2. AMS OVEIAPS ... oot 87
4.3.3. RAINSIOIM PrOPEITIES....cceiiiiiii ettt ettt e e e e e 38
4.3.4. Regional and seasonal variation in rainstorm characteristics............... 91
4.3.5. Frequency and intensity of extreme AM8nerating rainstorms............... 97

4.4, DSBS [0« P 98

4.5. (@ 0] o [od 11153 [ 1= 7 100

Chapter 5. Representative hyetographs for extreme GB rainstarms..................... 102

5.1. ] 0o L8 Tox o] o 1 102

5.2. Dataand MethOdS........oooiiiiieie e e 103
5.2.1. Data and Quality CONtrol...........uuuiiiiiiiiiie e 103
5.2.2. Flood Studies Report profiling methads.............cooovviiiiieniiiiiiiiine, 104

FSR DALA. ... .ccciiiiieiiiitiee ettt e e e et et e e e e e a e e e e e e e e re s 105
Seasonal 24 hout@m PoINt ProfileS.........uuiuiiiiiiiiiieiee e 105
Variability of profiles with storm duration, return period, and region............ccccccceee.... 107
5.2.3. Modified-FSR Method.............oiiiiiiiiiee e 107
5.2.4. Dimensionless profile methods...............uoiiiiiiiicin e, 108
Classification of dimensionless ProfileS..........ccvvviviiiiiiiiiiii e 108
Classification effects on event profile frequency and shape.............ccccccoviiiiiiienennne 109
5.2.5. Synthetic profiles for GB rainfall.............coooiiiiiii 110

5.3. RESUILS .. e n e 111

5.3.1. FSRike profile results.............coooiiiiiiiiiiie e 111



5.3.2. Sensitivity testing of dimensionless profiles...........ccccceeeiiviieceiiiineennns 112

5.3.3. Synthetic profiles for GB raiNStOrMS..........cccoouviiiiiiineeeeiie e 121
Manual ClasSIfICALION..........coiiii e e e e e e e e e e e e e e e e e e e eaaeeasaan s 121
Automatic and semautomatic classification resultS............occcvveveeiniiiiie e, 122

5.4. DISCUSSION. ..ttt e ettt ettt e e e et e et e e e e et e e e aett e e e e eeees 125
Chapter 6. CONCIUSIONS.......ciiiiiiiiiii ettt eeeeeaeas 129
6.1. RESUILS SUMMIALY. ... iiiiiii e e e e rn e e e e e e e e aan e eeens 129
6.2. Results in context of existing literature and current practice.................. 132
6.2.1. Rainfall frequency estimation.............ccooiiiiiiiicer e 132
6.2.2. Flood estimation in the UK ...........ccooiiiiiiiiieee e 135

6.3. The results in a global warming conteXt............ccceeevvviiiieeeineeeeiiiceeeeeienn. 138
6.4. FULUIE WOTK. ...t e e et e e e e e e en e e eeees 139
4= (= €= o S PP 145
Appendix A. Supporting information for Chapter.3................c..c i, 173
Appendix B. Supporting information for Chapter.d...................cccooi i, 182
Appendix C. Supplementary information fo€hapter 5..............ccoo oo, 186

viii



List of publications
Chapters & of this thesiswere drafted as journal articleghough they have not been
published at the time the thesis wasoncluded. | took the lead in all articles and was
responsible for writing, code developmeadfigure drawing The ceauthors contributed to
research ideas and manuscripgiview. These have been edited for incorporation in this thesis
and material frontheir supplementary information has been added to the main body of each

chapter.

Chapter 3saccepted for review in the Quarterly Journal of the Royal Meteorological $ociet
dzy RS NJ {Skithoudlyxe$dlufion guality control of rain gauge data significantly improves
subdaily return levelS & G A Y I (i & éeceiveghbsitive comments from anonymous
reviewers wio have recommended publication after minor reviewShanges to Chapter 3
which resulted fromcomments from reviewers, the Associate Editor and Editor of the journal
have been incorporated into the work presented in this thesi® edited article has been

recently resubmittedand accepted for publication subject to minor revisions.

Chapters 4 and 5 are in final preparation for submission to the International Journal of

Climatology and the Journal of Flood Risk Management respectively
| have also contributed tthe following publicatios whicharerelevant to this thesis

Lewis, E.Pritchard, D., Villalobederrera, R., Blenkinsop, S., McClean, F., Guerreiro, S. B.,
Schneider, U., Becker, A., Finger, P., M&aistoffer, A., Rustemeier, E., Fowler, H.
J.:Quality control of a global hourly rainfall dataset, Environmental ModeBing
Software, 144, 105169itps://doi.org/10.1016/l.envsoft.2021.10516@2021).

In this paper helped develop the GSDR quality control code with E. Lewis, D. Pritchard and F.
McClean.l then adapted this codeso it could be used on UK data as a case study to
RSY2Yy&aidNI S WwWi20FfQ AYLX SYSydotelllaRo/virotetie (0 KS
section that describes this case studfe hourly quality contralsed in Chapter 3 is derived

from this workand is described in Appendix A.

Wasko, C., Westra, S., Nathan, R., Orr, H. G., Villarini, G., Villalobos Herrera, R., and Fowler, H.
J.: Incorporating climate change in flood estimation guidance, Phil. Trans. R. Soc. A,,

379:20190548http://doi.org/10.1098/rsta.2019.054§2021)

For this papen wrote areview on climate change in flood estimation guidance available

globally in English and Spanish languages contributed to manuscrigeview.
IX


https://doi.org/10.1016/j.envsoft.2021.105169
http://doi.org/10.1098/rsta.2019.0548

List of figures

Figure 3.1. Map (left) and histogram (right) of shdwrly rain gauge record length, in years. Rain
gauges with less than 15 complete years are highlighted in red on the.map............ 45
Figure 3.2. Example of abnormally large rainfall in EA gauge 589294: Seathwaite Tarn-0120D13
for different accumulatin periods. The final thresholds used by SHQC/T for January at
each accumulation period are shown with a horizontal dashed.line....................... 53
Figure 3.3. Lotpg plot of relative frequency of hourly rainfall events over 10 mm after three
different SHQC/T iterations, indicated with different line types and colours. Relative
frequency is calculated by dividing the number of hours in each rbbifgl A by the
total amount of wet hours, O1 @distered each month, these sums are shown here for
the subset of gauges impacted by SHQC/T...........coooiiiiiiiiiiie e 55
Figure 3.4. Cause for event removal according to data resolution and SHQC/T iteration.......55
Figure 35. Relative frequency of rainfall (a) and contribution to total rainfall (b) of hourly rainfall bins
before QC (green), after HQC (red), after SHQC/FR (purple) and after SHQC/T (pink).
Relative frequency is calculated by dividing the number of hoursdh esinfall bin, A E 1
by the total amount of wet hours, O 1 @dbided in the entire dataset...................... 60
Figure 3.6. Reduction in gaugMa length (years) as calculated by subtracting the number of years
present in the AMS series of each rain gauge at the QC stages shown in the panel headers.
Rain gauges without differences have been omitted. A maximum of 15% missing data is
allowedinaye NJ 6 ST2NB Al Ad O2yaARSNBR AyO2YLX SGS |
therefore the number of years at each QC stage equals the number of complete years in
GKS 31 dza3SQa NBO2NR YAydza (GKS ydzYoSNI 2T AyO2VYL
combined effect ®SHQC/FR and SHQC/T. not an additional QC stage................... 6l
Figure 3.7. Largest decrease inrhih, 1-hr, 3-hr, 6-hr, and 24hr rainfalltotals within each rain
3+ dzZ3SQa !a{ OlFdzaSR o6& SIFIOK {Ilv/ &aidll3Seo DI dASa
shortened have a black outline. Differences were calculated between the QC stages shown
2y GKS LI ySt KSFRSNRZI | v/ T[estéfBRQC/FRBAINS &Sy Ga
SHQCI/T, not an additional QC stage. Rain gauges without differences have been éanitted.
Figure 3.8. Heterogeneity measure of Hosking and Wallis (1997) as calculated i@imd&uge
region centred around each rain gauge location. Regions with H < 1 are considered
homogeneous and of acceptable quality for mwil frequency estimation..................! 64
Figure 3.9. Empirical distributions of the regional GEV shape parameter for each duration, after HQC
and SHQG for regions with acceptable heterogeneity (H < 1). Fitted normal distributions

are shown as dashed lines, and the mean values of each distribution are shown as vertical



lines. Note that this plot does not account for uncertainty in GEV paranestéamation at
(<72 o] o I (=0 [T o PP URR R 65
Figure 3.10. Return level estimate violin and box plots at different annual exceedance prasabiliti
(top panel labels) and event accumulation periods (right panel labels), after HQC and SHQC
for all regions with acceptable heterogeneity (H < 1). Violin plots are density plots,
mirrored about the vertical axis and plotted using a kernel density estintdie bold line
in the boxplot inserts shows the median, the upper and lower edges of the box show the
75% and 25% quantiles respectively, whiskers extend up to th& inter-quartile range
Peyond the DOX @AQES..........oii e 68
Figure 3.11. Percentage difference in regional return level estimates before and after SHQC, rainfall
durations indicated on panel tops, AEP on panel right. Regiohstdi0% difference were
heterogeneous prior to SHQC and homogeneous after SHQC, and regior0@tth
difference are homogeneous before SHQC and heterogeneous after SHQC.......... 69
Figure 3.12. Quantil®uantile plots for the 15nin AMS after HQC (a) and SHQC (b), with observed
quantiles (yaxis) against GEV model quantilesxis) plotted with a 1:1 straight line for
reference. GEV return level estimates (solid curves), 95% confidence intervals (dashed
lines) and observations (points) for data after HQC (c) and after SHQC (d) are shown for the
same gauge and duration. The rain gauges shown representhaghtion wesern
(Seathwaite Tarn, ~378m) and ldying eastern (Temple Ewell, ~29m) locations....... 70
Figure 3.13. Regional return level plots 3®gauge regions centred at Seathwaite Tarn and Temple
Ewell. Solid lines indicate return level estimates, while dashed lines indicate 90%
confidence upper and lower bounds for these estimates................ccccceeeve e 71
Figure 4.1. Map of rain gauge locations and record duration after QC (a), regions of extneme 1
rainfall (Darwish et al., 2021) with number of gauges, N, per region (b), and histogram of
record duration after QC (). .  uueuiierrreeiie e e e 75
Figure 4.2. Rainstorm of 18 to 20 November 2009 at the Honister_Tel EA gauge. Five embedded AM
values of different durations are indicated using coloured rectangles below-thin 5
resolution time series data. The dashed vertical lines indicate how each labelled segment
was identified and added to the rainstorm by the event extraction algorithm,riest in
SECUON 4.2.2. e a e e e e 76
Figure 4.3. Minimum storm interarrival tim®, A(iours), for rain gauges in Great Britain........... 79
Figure 4.4. Rainstorm extraction algorithm, initial phase (a), main phase (fipahpghase (c).....82
Figure 4.5. Heatmap of Algenerating rainstorm density (centre) with marginal distributions of
rainstorm duraton (top) and volume (right), sampled using all AM duratians........... 86
Figure 4.6.Density distributions for rainstorm duratia), wlume?2 (b), percentage dry timé A O U

(c), ratio of AM volume to rainstorm volume (d), rainstorm centre of r#aége), and peak
Xi



instantaneous intensity | AfZassociated with different duration AM. Note that although
CAM events have been excluded, agférrainstorm containing multiple AM values will be
present in multiple diStribUtIONS.........c.ooiiiiii e 20
Figure 4.7. Seasonal median rainstorm volir(@) and duratiord (b) for all rain gauges with at
least 10 years of record. Seasonal mean effective rainstorm intengig) is calculated as
V/Desr, Wwhere V is rainstorm volume and the effective rainstalunation Q¢ is the wet
portion of the total event duration D..............ccoociiiiiiiiier e 91
Figure 4.8. Month off per gauge (a) and temporal distributidb) of rainstorms, both classified by
their duration, T [hr]. Colours represent the month where rainstorms occur on average
according to radial STALISICS. ... ...cciiiiiie e 93
Figure 4.9. Annual cycle of rainstorms of different duration (a) and associated to different AM (b) for
GB and individual rainfall regionS. .........ccooiiiiiiiee e 94
Figure 4.10. Geographical (a) and temporal (b) distribution of extreme percentiles of rainstorm
volume [mm] for three duration bins, colours represent the month of each rainstorm.
Sample size imndicated in the panel headers. The rainstorm with largest volume was
plotted if a rain gauge was represented more than once in each duration and volume
(o= 1 (=T 0 [ 0] V25U 96
Figure 4.11. Regional rainstorm volume estimates associated with different empirical exceedance
probabilities (EPs) for rainstorms of different durations. Edges for rainstorm duration bins
were setto 0.25 0.5, 1-, 2-, 4-, 8, 16, 32-, and 64 NhOUIS......coeuvieeeeeeeeeieeeeeeeeen 97
Figure 5.1. FSR/FEH Storm profiles for the 50% most peaked summer storm and the 75% most
peaked winter storm drawn a&) Cumulative profiles calculated using the design storm
profile formulalU  p A U pA and wherd) @ Arom Faulkner (1999ndb)
hyetographs. Values of a and b for each profile are given in section 5.2.2. Note that small x
intervals can result in unrealistically large peak intensities for the summer profile, an
interval size of 0.02 has been used to prepare these figures to match the peak intensity
Shown in FaUIKNEr (1999). ..o 102
Figure 5.2. a) Location and length of record of rain gauges withautly duration, b) regional
classification for hourly rainfall extremes from Darwish et al. (2020), and ¢c) minimum storm
interarrival time,O Agrhours, for rain gauges in Great Britainset table in b) shows the
number of rain gauges in @ach regION. ..........uuuiiiiiiiiiiiei e 104
Figure 5.3. For Storm Desmond, as recorded at Honistar, PBasember 2015: a) Shortest duration
that accumulates 50% of rainfali Q )rrainstorm centre4 jtand centred windows of
proportional duration. b) Cumulative rainfall curve, and c) Intensity curve plot according to
the centred FSR methodology as adapi@drainstorms of any duration (blue) and without

OSYiNRY3a O6NBRUOUD® C{w LINRTFAES Ay .00..A.a10688 YYS{NR
Xii



Figure 5.4. FSkke, 50% most peaked summer profiles (left) and 75% most peaked winter profiles
(right) for a set of four increasing duration bins. Reference FSR profiles are shown in grey,
new summer and winter profiles are in red and blue respettive..............cccccvnnnes 112
Figure 5.5. Dimensionless profiles for all annual maximum generating rainstorms with at least 3 data
points. Profile shapé&op panel labels) describes which 0.20 gtbncentrates the
heaviest rainfall, duration bins (right panel labels) contain equal numbers of events, and
volume ranking (colour scale) reflects the empirical frequency of events. Rainstorms with
larger volumes are plotted on top. Insert text shows ghieportional contingency table
values for each profile shagevalues add up to 1 rowise (i.e., across each rainstorm
duration bin) and are colour coded using the same scale as the volume ranking. Additional
details regarding profile classification camfound in section 5.2.4............................ 113
Figure 5.6. Regional influence on dimensionless profile shafmgainstorm durations up to 6:45
hr. Profiles are categorised by their profile shape (top panel labels), duration and region
(both right panel [abelS)..........uuiiiiieii e 117
Figureb.7. As Figure 5.6 but for rainstorm durations over 8M5..............ccccoceviiiiininiiniennennee. 118
Figure 5.8Seasonal influence on dimensionless profile shaPefiles are categorised by their
profile shape (top panel labels), season and duration (both right panel labels).....119
Figure 5.9. Mosaic plots of season and rainstorm duration (a), and of profile shapes for summer (b)
and winter (c) rainstorms. All event data is included. Cell edge length along each axis
represents relative frequency, andltarea indicates overall proportion relative to all
EVENTS IN CACKN SEASOM........uiiiiiieii ittt ettt e e e e s e e e e e s st e e e e e e e aaes 120
Figure 5.10. Mean intensity synthetic profiles different percentiles of maximum relative intensity,
with rainstorms classified according to their profile shape and duration. The 90% profile is
the mean of all events that have a higher maximum relative intensity than 90% of other
events in the same dation and shape bin...........cccoooiiiiiine s 122
Figure 5.11. Mean intensity profiles for different clusters of events as identified bgeaks
algorithmfrom all top 10% rainstorms by volume, shaded according to the median
rainstorm duration of each cluster. Profiles are classified by shape after clustering, and the
number of clusters is indicated on the right panel labels..............ccccooiiiinnen. 123
Figure 5.12. Mean intensity profiles for 15 clusters at each duration category generated using a k
means algorithm. Profiles are classified by shape aftestering..............ccccceeeviiinnee. 124
Figure A.1. Maximum autumn (September, October, November) rainfall totals [mm]-foirl 3-hr,
6-hr and 24hr accumulation periods, after HQC (top row) and after SHQC (middle row),
with differences in magnitude (HQSHQC) shown in the final raw..............cccuvveeee. 175
Figure A.2.Hourly timeseries plots of the 10 closest gauges to the Newcastle upon Tyne pluvial flood

event of 27/06/2012, ordered by increasing diStanCe.............occvvveveeeiiniiiiieeeeennnnns 176
Xiii



Figure A.3. Monthly histogram of events removed by SHQC/T........ccovviviiiiiiiiiiii, 176
FigureA.4. GEV shape parameter violin and box plots at different event accumulation periods from
15-min to 24hr, after HQC (light fill) and SHQC (dark fill) for all gauges (top) and for gauges
where SHQC has removed suspicious data (bottom). Violin ploteasitylplots, mirrored
about the vertical axis and plotted using a kernel density estimate. The bold line in the
boxplot inserts shows the median, the upper and lower edges of the box show the 75%
and 25% quantiles respectively, whiskers extend up to 1tlte inter-quartile range
Deyond the DOX EUQES. ........oei e 177
Figure A.5. Empirical distributions of the coefficient of variance of AM satuimdividual gauges,
after HQC and SHQC, for different accumulation durations..........ccccccccvveeeeeeeeeeenee. 178
Figure A.6. Box plots of return level estimates at 0.2 and 0.1 AEP, after HQC and SHQC, for gauges
where SHQC has removed data. The bold line shows the median, the upper and lower
edges of the box show the 75% and 25% quantiles respectively, whiskerd et¢n 1.5

the inter-quartile range beyond the box edges and dots indicate outlying observations.

Figure B.1. QQ plot observed AMgenerating rainstorm volumes (sample quantiles) versus-a log
NOFMAl AISTHDULION.....cii it e e e ee e e e e e aaes 183
Figure B.2. Heatmap of Alyeneraing rainstorm density (centre) with marginal distributions of

rainstorm duration (top) and volume (right), sampled using only AM durations unter 6

Figure B.3. QQ plot of observed Ajdnerating rainstorm volumes (sample quantiles) versus-a log
normal distribution, for different AM dUurations...........cocouviviiiiiiiinieieeeee e 185

Figure C.1. FRS Vol. Il Ch. 6, Figure 6.1: interpolated summer storm profiles (Institute of Hydrology,

Figure C.3. Regional mosaic plots of profile shapes relative to rainstorm duration for summer (left)
and winter (MgN) rAINSTOIMMS........ooiiiiiii e e e 188

Figure C.4. Dimensionless profiles for all top 10% rainstorms by volume (grey) and mean profiles for
different clusters of events as identified by -#neans algorithm, shaded according to the
median rainstorm dration of each cluster. Profiles are classified by shape after clustering,

and the number of clusters is indicated on the right panel labels.......................... 189

Xiv



List oftables

Table 2.1. Precipitation checks found in referenced automatic QC methods, classified according to

draft WMO guidelines (Chambers et al., 2018).......ccoovvviiiiiiiiiiieecca, 21
Table 3.1. QC tests and their classificatiQn.............c.evvviiiiiiiieeiiieeec e A8
Tabk 3.2. Monthly thresholds (in mm) for SHQQCIT ... 54

Table 3.3. Summary of data removed by each QC stage, all percentagelsitwe to the raw

Table 3.4. Number of homogeneous regions (H < 1) after HQC and SHQC and the % improvement

calculaedas) | DOT ORI AIM@G 3 (1 #( 1 H 1 Heorereeeeeeeeeeeeeeeeee, 64
Table 3.5. Number of regions with discordant gauges at each duration, after HQC and .SHQ&2
Table 4.1. Percentage of overlap between rainstorms containing different duration AMs. The

diagonal shows the number of railsins at each AM. All calculations were made 1wige

relative to the diagonal, for example 76.3% of the 9449 rainstorms containingia BM

also contained a Hnin AM; however, only 74.2% of the 9708 rainstorms that contain a

10minAM alsocontainaBAy ! a® { KI RAy3I OKlIy3ISa SHSNE

overlap %. * Percentages in therin and 16min column are lower than expected as

these AMs cannot be calculated for rain gauges witmbd data.....................o.ooooo. 87
Table 5.1.Parameters for FSR/FEH design profile calculation (Faulkner,.1999).................. 107
Table 5.2. Proportional contingency table for annual maximum generating rainstorms, classified

according to their duration and profile shape. Valsaswn are percentages of all

rainstorms in @ach dUration DiM...........ooiiiiiiiiii e 114
Table 5.3. Contingency table for Figureccainual maximum progcing rainstorms classified

according to their duration, empirical frequency, and profile shape........................ 115
Table 6.1. UKFRH actions aabkvant results from this thesis............ccccceeiiiiiiiie e, 141
Table 0.1. Date, location, and maximumrh& and thr rainfall totals for reference pluai flood

oY SRR 180

Table 0.2. Summary statistics for singbuge estimates Qf ...........cccccceevviiiiiiiiee e 181

XV

H



AAR
AEP
AM
AMS
ARF
ARR
CAM
cC
CIWEM
CMP
DDF
DEFRA
DJF
DTW
DWD
EA
ETCCDI
FEH
FEH99
FEH13
FORGEX
FSR
GB
GCM
GEV
GHCN
GP
GPCC
GSDR
HQC
IDF
IPCC
JIA
MAM
MCS
MIDAS
NOAA
NRW
NWS
PCA
POT

Common abbreviations

Average annual rainfalinm)
Annual exceedance probabilii

Annual maximunrainfall (mm)

Annual maximunrainfall series(mm)
Areal reduction factor
Australian Rainfall and Runc
Compound or clustered annual maximum raini
Clausius Clapeyro
Chartered Institution of Water anBinvironmental Managemen
Convection permitting mode
Depth duration frequency
Department for Environment, Food & Rural Affairs (1
Meteorological vinter (DecemberJanuaryFebruary)
Dynamic time warping clustering algorith
Deutscher WetterdiengtGerman meteorological servict
Environment Agenc¢england)
Expert Team on Climate Change Detection and Inc
Flood Estimation Handboo
FEH DDF model issued in 1€

FEH DDF model issuedidl3

Focused rainfall growtbxtension
Flood Studies Repol

Great Britain

Generakirculation model
Generalised extreme value distributic

Global Historical Climatology Netwo

Generalized Paretdistribution
Global Precipitation Climatology Cent
Global Sub Daily Rainfall datas

Hourly quality control
Intensity duration frequency
Intergovernmental Panel on Climate Char
Meteorological summer (June, JuRygust)
Meteorological spring (March, April, Ma
Mesoscale convective syste

Met Office Integrated Data Archive Syste

National Oceanic and Atmospheric Administration (U
Natural Resources Wale

National WeathelService (USA

Principal components analys

Peaks over threshol

XVi



QA
QC
ReFH
RMED
ROI

RP
SEPA
SHE
SHQC
SHQC/FF
SHQC/T
SON
SWMM
UK
UKFHR
UKMO
WMO

Quiality assurance
Qualitycontrol
Revitalised flood hydrograph mod
Median annual maximum rainfginm)
Region of influence
Return periodyears)
Scottish Environment Protection Agen
SystemeHydrologiqueEuropéer(European Hydrological Systel
Subhourly quality control
Frequency and Resolution checks of Sk
Threshold checks of SHC
Meteorological autumn (September, October, Novemb
Storm Water Management Mode
United Kingdom of Great Britain and Northern Irela
UK Flood Hydrology Roadmi
Met Office(UK)
World Meteorological Orgamation

Xvii






Chapter 1. Introduction

1.1. Motivation

CKA&d (UKSaAa Aa (GKS NBadzZ G 2F | aAyYLi S 1jdzSa
answer is important because extreme rainfall (under the right conditions) triggers floods that
have generally negative impacts on human society. Design storma key tool used by
engineers an@nalystgo design infrastructure and evaluate flood risk, and the properties of
design storms influence the resulting design and floods. Therefore, a faithful representation

of rainfall is key to robust design and floostienation.

This thesis attempts to answer the question abdeeGreat Britain (GB)and it follows the
steps required to do so rigorouskxn overview of the relevant key topitspresented in this
Introduction along with the research aims and objecsivecope and limitations, and the thesis

structure.

1.2. Flooding

Flooding is one of the common natural disasters, it has severe economic and health impacts
(Alderman et al., 2012; Centre for Research on the Epidemiology of Disasters,i0a6)
increased in frequency since the 196B&azavi et al., 2020and the risk and costs associated
with flooding are expected to increase due to anthropogenic global warfi@C, 2021b;
Dottori et al., 2018)In the United KingdomJK) context, flooding has been categorised as
one of the leading causes of climatelated threats(Jarosweski et al., 2021)and a key
contributor to future economic damages of climate change to the UK in the order of 1% of
GDPper annum(DEFRA, 2022)

Floodscan becategorised according to the mechanisms that cause thHdavial floodsesult
from the overflow of a river channeinto the surrounding area, usually calledi@od plain
Pluvial floodsalso known asurface wateiflooding,occur when rainfall volumes exceétk
drainage capacity ofatural and humarsystems.Groundwater floodingoccurs whenthe
water table risesbove the ground surface, and finatlyastal floodingoccus whensea levels
rise overcoastal area¢Pitt, 2008) Examples of significant fluvial and pluvial UK floods can be

found in the literature review (Sectidhl).

The simplicity implied in the classification above is deceptivdpads arecomplex processes
that arise from the interplay okextreme rainfall withcatchment characteristicssuch as

elevation, soil type, vegetatiorgnd size(e.g.,Raudkivi, 1979; Chow et al., 1988; Maidment,
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1993; Do et al., 2017\ith antecedent conditions such asil moisture(Sharma et al., 2018;
Hettiarachchi et al., 2019; Wasko, Nathan, et al., 20&1g with human interventions such as
urbanization,drainage and its characteristi¢Butler & Davies, 2011; Cristiano et al., 2018;

| dzt y3 SiéG Ff & H n nMTgeTlink{bétv@eenYanfalSand floddidgris skrongest 0
(most immediate)in urban settings where high imperviousness impedgbut does not
eliminate)natural evapotranspiration and infiltration processes that moderate floods in rural
settings(Woods Ballard et al., 2015; Zhu et al., 2018; Hettiarachchi et al., 2019; Acquaotta et
al., 2019)

The significant impacts associatewith flooding, and its close relationship with extreme
rainfall make thestudy ofthe latter worthwhile. Beyond the obvious impact of volun{a
heavier rainfall event willceteris paribustend to produce a larger flogdthe duration over
which rainfal presents itseland the temporal variations in rainfall intensity within storare

key factosin determining flood response in a variety of catchme(igall, 1994; Sord@vard

et al., 2014; Ochoe®odrigue et al., 2015; Cristiano et al., 2017; Dullo et al., 2017; Cristiano et
al., 2018; Bardossy et al., 2022)

1.3. Extremes of5Brainfall

The climate of5Bis controlled byts location in thenorth-easternAtlantic Oceanlt lies n the
latitude of predominantly westerly windshat drive depressions and associated weather
fronts overGBin an easterly directiorandhas relativelyvarm waters to the west, moderating
seasonal temperature variation and resulting in cooler summers and milder winterts/eel

to the Europeancontinent. Annual rainfall totals are mainly controlled by the action of
depressions and the local orography, with higher annual totals found along the west coast and
its associated high ground in Scotland, northwest EngMfalesand southwest England. The
most intense rainfall events tend to be associated with summer convective events, while
winter frontal rainfall tends to be of a lower intensifChandler & Gregory, 1976; Hulme &

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

These large scale forcingéGBrainfall are expressed as geographic and seasonal variations
in rainfall extremes. Winter rainfaflas awell-establishedeastwed split. The western coast

of GB with its higher elevation and exposed position to prevailing winds, receives heavier
winter rainfall than the eastern lowlands which lie in its rain shadDaily extremes are most
frequent during the summer for eastern gmns, and in the autumn for all other regions.

(Faulkner, 1999; Hulme & Barrow, 1997; Jones et al., 2014; Darwish et al. S02iedaily
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rainfall, especially its extremes, show a nestbuth pattern,where heavier convective events
occur in southern GBs a result ostrongerlocal heatingas it lies at lower latitudg and the
influence of theEuropean continentlose to southeast Englar{&tewart et al., 1999; Hulme
& Barrow, 1997)

Despite the importance of rainfall duration, most analysi$&rainfall extremes have been
carried out using fixedluration daly (Osborn & Hulme, 2002; Osborn et al., 2000; Fowler &
Kilsby, 2003; Jones et al., 2014; Osborn & Maraun, 280d8)urly(Darwish et al., 2018, 2021;
Blenkinsop et al., 2017; Kendon et al., 20d8hfall totals The onlytwo studiesof GBsub-
hourly events known to the authoare the analysis ofdepth duration frequency IDR
relationships for a small set of 19 rain gauge stations within England and {Rateslocimi

et al., 2017whichrelied on fixedduration totalsfor its analysis and left gap in the study of

sub-hourly precipitation extremes for most of tt@B and thel dzi K2 NDR& a{ O RA &

studied59rain gauges with -imin data in the UKVillalobos Herrera, 2017)

The fixedduration approach contrasts with everdsased modelling of rainfall where

independentrainstormsare extrated from timeseries datgRestrepePosada & Eagleson,

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

et al., 2018) In this thesisainstormsare peiods of continuous or neatontinuous rainfall

that are separated by sufficiently long dry speffeo(e details are provided ineStion4.2.2).

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

constrainedin eventbased approachesnsteadevents and their durations ardetermined
using statistical or empirical methogghich, based on the method useuohd its assumptions,

maycontain some degree of arbitrarinesbhe use of events allows for a determination of the

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

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

on event duration are avoided&caleinvariant methods of analysis provide an alternative to

fixed duration or evenbased characterisations of rainfall, these methods have been used to

generate synthetic rainfall field®e Michele & Bernardara, 200&0)d toestimate subhourly

rainfall extremes in locations where no shburly data is @ailable(Bonaccorso et al., 2020)

Eventbased studies oEBrainfall exist for small samples extreme events. They show clear
differences in forcing mechanisms of extreme rainstorms under or oNerduration, with
convective or frontally forced convectiog including mesoscale convective systems

dominating shorter extremes while longer extresitend to be frontally or orographically
3
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driven (Hand et al., 2004; Clark & Webb, 2013; Lewis & Gray, 2P1i0} to this thesisno

largescale eventsbasedstudy hal been carried out for UK rainfall.

1.4. UK design rainfadind synthetic hyetographs

TheFlood Studies ReporESRthe Flood Estimation HandbodkiEH and their updatedave
represented the state of the art in flood estimation methods in the(Bid hence in GBjnce

1975 (Institute of Hydrology, 1975; Faulkner, 1999; Kjeldsen, 2007; Stewart et al., 2013; HR
Walllingford, 2016)Twotypes offlood estimationprocedures have been includegeak flood
estimaeswhich are based on flow gauging and the usdistharge records to estimate peak
floods; andrainfall-runoff methods, which rely on a design rainfall input to generate an

estimateddischarge

The rainfall runoff methodurrently in use is th&evitalised Flood Hydrograph ModeR2FH2
(HR Wallingford, 2016)t is an update of theRevitalised Flood Hydrograph ModBleFH
method (Kjeldsen, 2007and it is capable afstimating flows generated by any rainfall event.
The rainfalrunoff model is conceptual in nature, aidii Q& O 2 ¥10d8 cldR a BUEing
model, and a base flow modeReFHZecommended for usélood estimationin nonrurban
catchmentsand for green field runoff and volume estimatiorhile urban drainage models
such as SWMM, CityCAT or HiP(R8ssman, 2017; Glenis et al., 2018; Xia et al., 201£9)
recommended for usen predominantly urban areg®oods Ballard et al., 2015; SEPA, 2019a;

Environment Agency, 2020)

Suitable rainfall input is needed fthe ReFH2r other rainfaltrunoff models The rainfall
frequency analyses which have generated extreme raim@alhime estimates suitable for
design have been an integral part of the FSR and FEH prdgiete the FEH was published,
rainfall volume estimatesin the UKare produced usingpDFmodels The originalmodel is
commonly known as the FEH99 DDF m@Eaulkner, 1999ndits update - which represents
the most upto date model of UK rainfall frequencyis known as the FEH13 mod@&tewart

et al., 2013)An updateof the FEH DDF model is expecsedn(Vesuviano et al., 2021)

Volume estimates calculated using DDF models need to be distributed in time, ubisaity
done using a design hyetograph or rainfall profildhesehyetographs can be observed
(derived from real events) or synthetic (conceptually derived or averageu frultiple
observations), and it is common practice to rely on different profiles for different design

situations In the UK context, two synthetic design hyetographs are usedmmer profilas
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recommended for use in urban areas, whilewanter profile is recommended for rural
catchmentgFaulkner, 1999)These two profilehave centred, symmetrical shapes and differ
mainly in the peak intensityas the summer profileeachesabout twicethe peak intensity of

the winter profile UK design guidance recommends these profiles for events of any duration
(Institute of Hydrology, 1975; CIWEM, 2015; HR Wallingford, 2016; Faulkner, 1999; Kjeldsen,
2007) Both hyetographsvere derivedby the FSR and have not been updated since 1975.

1.5. GBrainfall data and gality control

The quality control (QQ)f weatherobservations is an essential prerequisite for the use of
meteorological data. Highuality rain gauge measurements are necessary for a wide gamut
of applications, including climatological analyses, as input for reanalysis and forecast models,
climate modé validation, agricultural management, water resources planning, design rainfall
estimation for civil engineering applications, and oth@estévez et al., 2011 particular,

the analysis of extremes, including their climatology and statistical properties, requires high
confidence in the veracity of the extreme values present@ather observationgDunn et al.,

2012; Blenkinsop et al., 2017)

TheWorld Meteorological Organization (WMO) guidelines on climatological practices and on
quality control of surface observations recommend that all meteorological atsubject to

a wide range of testéChambers et al., 2018; WMO, 202Theseguidelinesaim to ensure

that datasets compiled and distributed by meteorological servicesexample, the UK Met
Office (UKMO), are of higluality. For example, theJKMO and US National Oceanic and
Atmospheric Administration (NOAA) maintain neeal time QC proceduresvhich are
capable of identifying and correcting or removing errors on a dailyourly basigQi et al.,
2016; Kim et al., 2009; Met Office, 2020Hpwever, their methods are not open and not well
suited for the posthoc QC analyses carried out during the compilatioa wéw dataset which
must be capable of identifying a wide range of errors potentially present in raw(@erain

gauge records.

QCprocedures are not standardised across meteorological services and multiple sources of
hydrometeorological data exist outside of these institutions. BB this includes the
Environment Agency (EA) in England, Natural Resources Wales (NRW) and the Scottish
Environment Protection Agency (SEPA). Data from tiesesesourcesare available to users

with varying degrees @@C which does not meet WMO guidelinasd therefore may require

additionalQC by users compared dataprovided by institutions such déise UKMQ However,
5



data fromthe EA, NRW and SEPA netwarkderpins a significant amount of resear@hg.
Joneset al, 2013; Daleet al, 2015; Darwisket al, 2020)and policy including UK design
rainfall methodqStewart et al., 1999; Kjeldsen, 2007; Stewart et al., 2013)

Due to the varied nature of rain gauge measurement errors and the accumulation of errors
over time (Morbidelli et al., 2017, 2018Yhe QC of large datasets compiled from multiple
sources is a complex procedure best aggrhed with automated algorithm3hese have been
used for the development of large global datasets such as3tobal Historical Climatology
Network (GHCN) Dai{fpurre et al., 2010)the subdaily (Dunn et al., 2012)and theGlobal
SubDaily Rainfall (GSDR) datagkewis et al., 2019, 2021GSDR and its Qalilt upon
previous work which qualitgontrolled a large hourly rainfall dataset for the (B{enkinsop

et al., 2017)which were expanded with tests against neighbouring gauges to generate a
gridded hourly rainfall dtaset for the UK(Lewis et al., 2018)The work in this thesis
complements the hourly GSOFC.

While sub-hourly data allows for a greater detail when examining rainfall timesgass
periods of suspiciously high tipphngtes can be identifiegUpton & Rahimi, 2003available

rain gauge datasetwith sub-hourly resolutionare oftennot be subject to the same level of
QC as those availablg sower resolutions. In the UK, qualitontrolled hourly datasets
derived from sukhourly data exist (e.d-ewiset al,, 2018b; Met Office, 2020however, the
original subhourly data is provided by its holders either with much more limited or no QC (EA,
NRW, and SEPA)anly for a reduced number of gauges and limited number of years (UKMO).
In Germany, 4dninute and 18minute precipitation data are freely available from the German
weather service Deutscher Wetterdiens{DWD, which also provides hourly dat@OWD,
20197 K2 g SOSNE ihk Quality of he\Ndjgh résiélistion oliservations cannot be as
high as the quality of the hourly etc. aggregated data, because the latter are checked more
thoroughly¢ (DWD, 2017)Overall, these differences in QC create barriers toube of sub

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

The paucity of sulmourly analyses o&Brainfall can be explained by the relatinevelty of
measurements at this resolution, which only became widespread since 2000, and the difficulty
in obtaining qualitycontrolled data at this resolutionGiven the relative maturity of the
available data, and advances and expertise in the autom@ti of rainfall data within
Newcastle Universitythe compilation andQCof a subhourly rainfall databas&vas deemed

feasible. This datasétas been used here to extend knowledgeGBrainfall extremes into
6



the subhourly domainand tocarry out an unpreedentedeventbased analysis of rainstorms

in GB

1.6. Research aims and objectives
The overall aim of this project is to improve the current understanding otlineatologyand
hyetographsof extremerainfall events withinGB with a special emphasis on shahtration

extremes

To achieve thia suitabledatasetof good-quality rainfall time series datia required.This can
then be used to identify a sample of extreme eveahist will be characterised usirtgeir time
series andsummary statisticsThe climadlogicalbehaviour of these extreme events can then
be describedbefore finally studying the properties of their associated hyetographse
analysis is then rounded out by a discussiomaifv the findings impact current and future

flood estimation in thaUK.
This thesis will address the following research objectives:

1 Conduct a comprehensivand thorough review of the literature surrounding
rainfall extremes irGRB their climatology how they relate to flooding, how they are
represented irflood estimation methods, and how they are expected to change in
the future.

1 Compile and quality control available shburly rain gauge observations @B

7 Identify and extract the time series information of extreme rainfall events observed
at a subhourly resolution inGB

1 Describe the climatology of thextremeevents, wth emphasison their seasonal
and geographical variations.

1 Examine the incumbent method of event hyetograph analys(SBand determine
its suitabilityfor further use provide an Hernative as needed

1 Determine the key variables that control variability in rainfall event hyetographs

1 Discuss possible changesdarrent UKflood estimation method$ased on tiis
iKSaraQ FTAYRAyYy3a

1.7.Scope
The project is geographically constrained tedtions in the UK with suitable siiourly
rainfall records. While tgiime data is preferred, data is stored in the form of-hénute

rainfall totals in Wales and parts of England and Scotland. No source-bbsuly data was
7



found for Northern Irelandtherefore, the data available allows for complete coverag&Bf
Data requests were submitted in 2018 therefore most data obtained concludes in summer

2018.

A point representation of rainfall is used througlt this thesisthis simplification is requad

to constrain the research project within the timeframe expected of a PhD. From a modelling
point of view, the uniform spatial distribution of rainfalithin an eventis a frequent
assumption when using design rainfall methods in urban deaighin sm# catchments
GKSNBEF2NBE Ad0Qa O2yaARSNBR Fy OOSLIilFotS aAayLix
1.8. Thesis structure

The literaturereview is presented as Chapter 2. Chapter 3 describesubérourly rainfall
dataset the QC it was subject fand the impact Q@as on extreme values present in the
dataset this materialhas been resubmitted after revisidior publication to the Quarterly
Journal ofthe Royal Meteorological Socie(@QJRMS)Chapter 4explains how independent
rainstorms were extracted from the quil-controlled time series datand describes their
climatology Chapter5 examines the FSR methfmi synthetic hyetograph estimation as well

as the use ofdimensionless mass curves as alternative, three different methods for the
estimation of alternativesynthetic hyetographs are exploreds chapters3-5 have been
written as papersChapter 6provides the link betweerthe previous chapters by discussing
the overallimplications forflood estimation methodshat arise from the results in previous

chapters



Chapter 2. Literature review

A wide variety ofopicsarerequired tocontextualise this thesis, its methods, and results. This
chapter presents a broad review of the most important literattiwethe topics of flooding,
extreme value analysis, rainfall quality control, UK rairdall flood estimation methods,

design hyetographs and climate change

2.1.Flooding

The flood threats faced bgBare varied, they include coastal, groundgter, fluvial aml pluvial
sourceg(Pitt, 2008) as wellas events where two or more flood sources coincide in space or
time, or where flooding coincides with other extremes such as \{@s¢heischler et al., 2020;

Owen et al., 2021)rhis revew focuseson fluvial and especially pluvial flood sources.

GBfloods can be broadly categorised as summertime floods and wintertime floods, as the
processes that force these events vary seasornadinghamet al, 2019and references
therein). Winter (DJF) is the dominant seasonffavial floods infGB with a tendencydwards

an earlier peak in autumn (SON) in wetter areas to the west and north. Very few river gauging
sites¢ mainly urban and small catchmergsave peak flood frequency in the sumn{&ayliss

& Jones, 1993; Black & Werritty, 199The main forcing behind these seasonal patterns is
believed to be changes in soil moisture, as fluvial floods are triggered at high soil saturation
points where excess rainfallésenvertel to runoff more rapidly and these high soil saturation
levels are commonly found in the UK wintertirf@underlik & Burn, 2002; Ledingham et al.,

2019)

Examples of recent, largeagnitudeGBwinter floods includehe 2009 Cumbria flood$orced

by then recordbreaking rainfall and which set new maximum flow records in 17 flow gauging
stations (Miller et al., 2013) These were followed byhe widespread and lontasting
December 2013 and Felamy 2014 flood, triggered by persistent heavy rainfall and the
wettest winter on record since 191Qwhen records begag (Muchan et al., 2015; Thorne,
2014) Thewinter 2015/2016 floodsonce again broke rainfall recordsvith the wettest
December, and second wettest winten record at the timg¢ and witnessed widespread and
severe floodingnotably inCumbria(Barker et al., 2016) The February 2020loods which
were particularly severe in Wales and were forced by redwehking rainfall in Wales,
England, and Northern Irelan@avies et al., 2021 More recently(2022) flooding in the

Severn catchment has followed after heavy rainfall from a sequence of 3 winter storms within



a week(BBC, 2022)These events were all fluvial in nature and associated with prolonged
rainfall over saturated or neasaturated soils. Note that the recottoreaking aspeadf rainfall

and river flows associated to these floods is unsurprising giverstioet length of existing
data records and the underlying spatemporal dependencies involvg@&erinaldi & Kilsby,
2018; Vesuviano et al., 2021)

GB summertime floods tend to be more localised than wintertime floods as higher
temperatures and evapotranspiration keep soil moisture levels low. Notable g8&osyto this
include thesummer 2007and 2019 floods The former had direct impacts on over 60,000
people in northern England during June, and on over 350,000 people during the July floods in
southern England. Flooding was both pluvial and fluvial inneais heavy sustained rainfall
combined with severe thunderstorms to both saturate soils and overwhelm local drainage
systems(Pitt, 2008) While less widespread, the 2019 floods also resulted from combined
frontal and convective rainfall which caused both pluvial and fluvial flooding in riehgba
particular note was the evacuation of Whaley Bridge after damage to Toddbrook Reservoir in

the Peak Distric{Sefton et al., 2021)

Beyond these widespread summertime events, multiple examples of staeaksedlooding

have been recorded, including the 2004 Bastle floods, the 1975 Hampstead Heath storm,
YR G0KS HnwmH (Goldh@ef al. 22008 Hand ¢t &l., 2004; Clark & Webb, 2013)
These events are a small sample among at least 3,706 historical flash floods for which records
exist. These generally occur in snmadtchments (area under 100 Kjnand have response
times that range from near instantaneous to undehrl(Archer et al., 2019)Flash floods
require intense rainfall, however no absolute threshold can be defined as catchment
characteristics moderate hydrological responses to rairffaltzy etal., 2012; Archer et al.,
2019) In addition, urban areas are susceptible to pluvial flooding due to heavy downpours
due to the presence of impervious land cover and (locally) insufficient drainage cajeagity

Cristianoet al,, 2017; Veldhuist al, 2018)

Barring natural events such as snowmeltcoastal floods, and human causes such as dam
failures, most fluvial flooding and (by definition) all pluvial flooding are caused by rainfall.
There is considerable debate regarding the coincidence of extreme rainfall and flooding, in
particular related tothe return periods (RP) or annual exceedance probabilities (AEP) of
flooding associated to rainfall afertain AERyiven that soil moisture conditions moderate

floods even within urban catchmenfsedingham et al., 2019; Cunderlik & Burn, 2002; Wasko,
10



Nathan, et al., 2021; Hettiarachchi et al., 2019; Fidal & Kjeldsen, 2020yigro et al., 2020)
Nevertheless, rainfaliiriven flood estimation methods are widespread, and they present a
series of advantages over flow gauge derived statistical analysis, including generally more
plentiful rainfall records and the ability to gvide useful information for use in ungauged

catchmentgFaulkner, 1999)

2.2.Extreme value analysis

Statistical models are the preferred tool for the analysis of rainfall extremes. As with rainfall
events, statistical models of rainfall can be classified into univareatg,the growth curves

that underlie intensity duratiorfrequency(IDF and DDFnodels) or multivariate (e.gcopula

based) models. An overview of these methods, their main uses, and limitations is provided
KSNB a ySoSaalNe O2yiGSEG F2N Ft22R SadAy
discussion.

The fundamental goal of extreme value analysis is to describe the behaviour of a process at
unusually large (or small) levels. It is frequently used to estimate the magnitude of events that
are of a greater (smaller) magnitude than have bebserved and to estimate the probability

of occurrence of such extreme events. Extreme value models are often asymptotic in nature
¢ they model the expected behaviour of a quantity as the number of observations tends to
infinity ¢ and are derived using aidealised set of assumptions which may differ from the
physical process that generates the observations being modelled. As such, users should be
aware of limitations inherent to extreme value modéShow et al., 1988; Stedinger et al.,
1993; Coles, 2001)

2.2.1. Univariate analysis

Classic introductions to the field of hydrologic statistics can be found in Chow et al. (1988) and
Stedinger et al. (1993). Coles (2001) representsgaly cited general introduction to the
statistical modelling of extreme values. Three general typesaxfeis are used in univariate

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

Block maxima models arise from grouping long sequences of identically distributed,
independent observationsd htd F8 into blocks of lendt n, for some large value of. The
largest value within eacim block is extracted to form a series of block maxing (8 ) .
Calendar years or hydrologic years are frequently used to define blocks, which leads to the

customary designation of bleanaxima asinnual maximgAM). In general, larger values of
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m and n, increase the information about the underlying statistical process and improve

statistical modellingColes, 2001)
Thel values of a block maxima series converge to the generalised extreme value (GEV)
distribution family:

0d a 00w Qwn p , — h Equation2.1

where’ is the location parameter, is the scale parameter ands the shape parametefhe
GEV is definedontheseldp , — m where b * Hy,, mand Hb

Ho. Extreme quantilest of the AMSdistribution can be estimated by invertitgguation2.1:

a | . p‘ i I‘ I? n } h el m Equation2.2
o ,ldp Tlp i h Qe m
where"0O0 p N, nisthe AEP of the return level, with a return periodor) (Coles,
2001) The use of return periods known to lead to confusion, especially in multivariate or
non-stationary settingg(Serinaldi, 2015)however it is still referred to in most literature

regarding rainfall extremeas well as Uguidance(e.g. Stewart et al., 2013)

The value of determines the family of the GEV and the behaviour of the tail (superior) end
of the distribution and its shape. The case Tttis referred to as the Gumbel (GEV type I)
distribution which has ardear, unbounded, return level plot (a plot of { Tp 1, a)
commonly used to diagnose GEV goodness of fiéhet (GEV type Il) distributions meet the
condition, 1tand are consideretieavy tailedas their return level plots are concave and
have no finite bound. Finally, the Weibull (GEV type IlI) distribution occurs whem, it has

a convex return level plot that is limited §° Hbat‘ , %, . Note that, values and their
interpretations are fequently reversed in the literature as the minus sign present in the
exponent ofEquation2.1 may be missingChow et al., 1988; Stedinger et al., 1993; Coles,
2001)

The globaktudiesof , for daily precipitation(Papalexiou & Koutsoyiann®)13; Serinaldi &
Kilsby, 2014; Ragulina & Reitan, 204&ye shown a tendency towarg®sitive, values and
heavy tailed distribution®f extreme rainfallChanges in with duration are not frequently
reported in the literature, with no discernible trend in Dutch stidily data studied by

Overeemet al. (2008)which justified their selection of a DDF model with a fixedalue.
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Smilar results were obtained b$tephensoret al. (2016)using Australian data. The limited
study of relationships betweenand duration may be due to the relative brevity of sddily
records, which limits the robustness of GEV paramegtimation, and the widespread use of
IDF/DDF models for whichhas long been considered constant with durat{gtoutsoyiannis

et al., 1998)

l1a o0f201 Y2RSta 2yte alryYLfsS (G4KS tFNBSald OIf
values within each block are dismissed, even if they are larger than the maximum at another
block. Threshold modelsrytoF @2 AR (G KA&a A&aadadzS o0& &l YLX Ay13
Wi NBESQ A& RSTAYSR dza A ¥fEock madindahave an bpproximatid (1 K
GEV distribution, then the excesses over a high threshdld 6 of an independent and
identically distributed random variabl®@ that are larger than a sufficiently large threshdid
have a corresponding approximate distribution within the generalised Pareto (GP) distribution
family.

0@ o0 «sdd 0 00w D ’_(b R Equation2.3
where , is equal to that of the corresponding GEV distribution gnd=, , 0 °

Interpretations of, made for the GEV family also hold for the GP family of distributions
(Stedinger et al., 1993; Coles, 2001)

The phase pealoverthreshold (POT) is usually used to describe threshold models as they
sample the values (peaks) that exceed a threshold. AM block maxima models are often
preferred in applications such as the derivation of tDFves(e.g., Hogg et al., 1985; Stedinger

et al., 1993; Koutsoyiannis et al., 1998; Papalexiou & Koutsoyiannis, 2013; Van de Vyver, 2015;
Mantegna et al., 2017; Lutz et al., 2020; Roksvag.et@P1)or DDHe.g.,Overeem et al.,

2008, 2009)ue to ease osampling and interpretation of frequency results. Despite the
additional complication of threshold selection in POT mod8tedinger et al., 1993; Coles,
2001; Deidda, 2010; Langousis et al., 20168y remain as a popular alternative to block
maxima modelge.g., Serinaldi & Kilsby, 2014; Jones et al., 2014; Lee et al., 2019)

The models abovassume that the underlying process consists of aisage of independent
random variables, however temporal independence may be an unrealistic assumption when
studying rainfall extremedfkandom variables which may be mutually dependent, but where

the underlying stochastic properties are homogeneous oveetiane stationary. Stationary

13



processes may be modelled using the blozkximum and POT models described above,
however care must be taken during POT modelling to avoid the inclusion of more than one
variable from clustered, temporally dependent extremd@de alternativeto a stationary
process is process where the stochastic properties of random variables are heterogeneous
or time-dependent,these are known ason-stationary processegColes, 2001)important
considerations when contemplating the use of retiationary models include thorough
exploratory data analysis that establishes a wdelffined mechanism as cause for non
stationarity, though there is concern that the additional uncertainty introeld into statistical
models by norstationarity reduces theeliability of modelling resultgSerinaldi & Kilsby,
2015)

Regional frequency analysis represents a family of methods that are used to aggregate data
FNRY Ydzf GALIX S &A G Swaypiogide befidt ésBnAtBs®f [dng ratBripariidR | v R
extremesthan singlesite estimates using the above metho@&edinger et al., 1993; Hosking

& Wallis, 1997)These methods commonly rely on teendardisatiorof records by armndex

variable commonly referred to as andex floodwhen used in flood estimation. They can be
categorised into fixegegion(Hosking & Wallis, 199@) region of nfluence (ROIReed et al.,

1999; Stewart et al., 2013; Ball et al., 20089thods based on how each method defines a

region with homogeneousextreme rainfall characterices. ROl methods generate flexible

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

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

problem of possibly sharp changeg@turn level estimates along region boundaries.

2.2.2. Multivariate analysis

Multivariate analysis of hydrologicalrgresses such as floods and rainfall has been in
development at least since 1980. Among others, multivariate Gaussian, lognormal, and
exponentialdistributions were used to model joint probabilities of hydrological evdsée

Yue & Rasmussen, 208Rd references therein These models are limited by the need for
clearly defined marginal distributions, a lack of extension beyond the bivariate case, and lack

of an explicit model for variable dependen@eavre et al., 2004)

Copula ¢ from the LatincopulaY W | € A ¥ &E funictiors that 2epriesent the
dependency structure between two or more variables and their link with-dingensional
marginal digtributions (Sklar, 1959; Nelsen, 2006)hey represent a practical and efficient

method to model dependence between two or more variables, with the advantage that
14



copulas are not determined by the marginal disttibans associated with each variable (hence
the dependency structure can be studied separately to each marginal distribution), and that

they can be extended beyond the bivariate céSben & Guo, 2019)

Without loss of generality, consider the bivariate cdse€’O be a joint distribution function

with marginal functionsSOand™O. Then there exists a bivariate copulac@ula) Fsuch that

O Wy FOwHRO® h Equation2.4
for all realafuBIf "O and "0 are continuous thenris unique; it is useful for applications to
consider both marginal functions asntinuous and strictly increasirfignctions. Conversely,
if Fis a copula functin, then™O is a joint probability function with marginal® and "O

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

The first applications of copulgdSklar, 1959jo hydrological processe®e Michele, 2003;
Salvadori & De Michele, 2004; Favre et al., 20@&monstrated the superiority of this
framework over prior multivariate models in hydrologs copulas can explicitly model
complex dependencidsetween variables, and unlike previous multivariate models, they can

be constructed with any marginal distributioBopulas have since become well established in
hydrology, and they have been used in a wide range of applications includuigvariate

return period estimatio{Salvadori & De Michele, 2004; Salvadori et al., 20NikeGet al.,

2013; Serinaldi, 20150lesign hyetographs and hydrograp{@rimaldi & Serinaldi, 2006; Kao

& Govindaraju, 2008; Serinaldi & Kilsby, 2013; Liu et al., 2648yt based and continuous
rainfall generatorgSerinaldi, 2009Vandenberghe et al., 2010; Vernieuwe et al., 2015; Callau
Poduje & Haberlandt, 2018; Jun et al., 2Q18yional frequency analysf€hebana & Ouarda,
HantTT alaasSt2d Sid FfdX HAMT T, andity HeednipdSe H N1 M
multivariate dependency structurégillalobosHerrera et al., 2021)The basics of copulas and

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

and Guo (2019).

2.3. Quality control of rain gauge data

The QC of large datasets of meteorological observations are generally carried out by national
meteorological or hydrological agencies as part of their functions, usually in arsguatar
process as data is ingested arntdred; or whenever a dataset is compiled from multiple
sources by a third partyThis sectionestablistes the need for QC, followed bthe QC

requirements expected by the WMO for higjuality data This is followed by an overview of
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the literature relevantto the QC of rain gauge data from multiple sources, with a focus on

large datasets, automatic procedures, and matiurce data.

2.3.1. The need for QC

Systematic errors in rainfall measurements include wind loss or ucakeh (Pollock et al.,
2018) wetting loss, evaporation loss, and tipping errdqidcMillan et al., 2012) The
accumulation of these errors may rdsin 30% or higher underestimates of precipitation that
reaches the ground, yet these errors are generally uncorrected. Tifquioket rain gauges
have additional sources of error due to their operating mechanism: they have a finite
resolution (conventioally 0.2 mm) and the finite time taken by the bucket when it tips may
cause appreciable errors for rainfall intensities over 250 mrh(WMO, 2008) In addition,

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

of these blockages may produce sharp spikes in rainfall re€@/dsd et al., 2000)

Rain gauge data is not the only source of rainfall informafionexample satellite and radar

rainfall estimates are available for large portions of the globe and devel@oecitries

respectively. However both radar and satellite rainfall estimates have efBasdossy &

t SANI YSE HAMTT {dzy S If ®X Hwnmy T thaOfaReltherw 2 R NA 3 dz!
unreliable forthe automated Qf complex datasetseven though they are valuable as a

confirmation during manual checks.

2.3.2. International guidelines
The WMO guidelines on surface station data quality control are a relativelyldugh
document intended for use by national meteorological and hydrological services or other
entities with interes in the QC of meteorological observatiof MO, 2021) It distinguishes
between quality assurance (QA) and QC as separate but complementary praQues:
NBLINBaSyila aiKS LiNStisfactoy level2oNdJuality ik sath beh of dayad
collection so that the data available to potential users are sufficiently reliable and complete
and can be used with confidencéWMO, 2021)and concerns itself with the diagnosis of
systemic patterns of error in théata life cycle. Meanwhile they refer to QC as the tools and
practices employed to verify if observations are representative of the phenomenon being
observed by ensuring that errors in the data or its continuity are detected and flagged. This
second defirtion aligns well with the processes used this thesis to check rain gauge
20aSNDFGA2yas Fa (GKS NBazftdzianzy 2F a2adSyao 1
WMO distinguishes between QC, homogenization, infilling missing data, and the
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disaggegation of cumulative precipitation as separate proceg8esO, 2021)this approach

is followed here.
QC principles that are of high importance and relevance include the need to ensure:

1 Proper documentation and process traceability
1 Recordkeeping of the outcome of every objective QC test.

1 Storage of the QCd and original data.

Other principles, such as the representativeness of each observation site regarding its
surroundings, instrument calibration, and network upkeep are cleaalgvant to network

operators, but not to @osthocQC proceséNMO, 2021)

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

Of these, manual checks are labantensive, subjective and depend on operator knowledge

and access to corroboratirigformation, andis only recommeded when a small amount of
datamust be checked or when access to QC software is limited. Fully automated QC scans the
data and assigns flags without operator intervention, though great care should be taken to
avoid flagging too many or too few potentiadlyspect values, some error is deemed inevitable

at this stage. The future potential of machine learning techniques is mentioned as a way of
improving automated QC. Finally, seautomated QC is a compromise between both
methods, where a manual followp ceck is carried out on observations flagged by an
automated QC. As before, this process can be subjective and depends on suitable access to

corroborating information by the QC operatGp//MO, 2021)
The WMO classifies QC tests intefcategoriesWWMO, 2021)

71 Constraint(tolerance)estsare range tests that ensure observations fall within the
theoretical limits of the observing sensor and the physical phenomenon under
observation.

1 Consistency tesensure thatdata from two or more sources are consistent. This
can be sukclassified into:

o Internal consistencyefers to observations of different variables (e.g.,
rainfall and sunshine) at the same location.
o Temporal consistenagfers to checks against the tira-year and between

consecutive observations.
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0 Spatial consistenaogyompares observations of the same variable at two or
more adjacent locations.
0 Summarization consisteneysures that summations at different durations
(e.g., daily and hourly rainfall totalsyjeee with each other.
1 Heuristic testsely on experience to test for inconsistent/unlikely values.
1 Data provision (completeness) tesesek to identify faults related to gaps between
observations or observation timing or formatting errors.
i Statistical testsare varied and can analyse observations against historical data, look
for signs of unexpected spatial or temporal variability such as spikéstreaks in
the data Many spatial and temporal consistency tests tend to be part of this

category.

Highfrequency data, such as shiourly rain gauge observations, should be subject to
consistency tests and domain (constraint) testith the explicit inclusion afpike tests, rapid

change testsandflat line (streak)tests (WMO, 2021)

Note that these classifications and recommendations are largely identical to those included in
the draft guidance published in 2018 which was used throughout the development of this
thesis(Chambes et al., 2018)the final published guidelines was published after the QC work
had been completed but it was developed by the same authodsis consistent with the draft
guidance Anotable differencdsthe exclusion otompleteness testbom therecommended

tests forhigh-frequency datan thefinal guidelines

2.3.3. QC of daily rainfall data

The global historical climatology network (GH@Hi)y is a large dataset with over

p® p Tobservations at over 40,000 observation sitesf historical daily reteorological

data compiled and maintained by the National Climatic Data C¢NEDC2 ¥ (1 K SIOAA{ ! Q&
(Durre et al., 2010; Menne et al., 2012he QC system developed for this database consists

of 19 automated checks dhmeteorological variables. Fully automatic procedures have been
developed as a seraiutomatic QC was deemed impractical due to the need for constant
reprocessing and updates to the dataset which would make a manual check on flagged values
prohibitively ime-consuming. The precipitation checks used are presentetainie2.1 as
classified using the draft WMO guidelines classificat{i@hambers et al., 2018hote that

completeness, summarization consistency, and spike tests are not included. Overall, the QC
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procedures remove about 0.24% of all GHG&lly observations, with most removals taking
place due to iternal and temporal consistency ched3urre et al., 2010)Similar methods
were adopted in the preparation of the HadlSD synoptic report datafiasen et al., 2012)
though this dataset does najuality controlprecipitation data(Dunn et al., 2016)

2.3.4. QC of hourly rainfall data

Hourly observations from rain gauges operated by the U.S. Geological Survey (USGS), the U.S.
Army Corps of Engineers (USACE) and Remote AtgdMéeather Stations (RAWS) operated

08 GKS !'®d{d 5SLINIYSYyd 2F ! ANAOdzZ (G dzNBEQa o {
WNBRYSQ Fdzi2zaYFGAO v/ o0& 0UKS 1 8RNRBYSUGS2NRBTE 2:
US National Weather Service (NWS). Q@ checks include formatting, tolerance, spatial,
temporal, and internal consistencies, and occasional manual. Particularities of interest include
the use of lightning data as an indicator of thunderstorm activity which relaxes the use of the
spatial constency checks due to the highly local nature of the rainfall associated with these
SpSyidad LYGSNylrt O2yairaidSyoe OKSOl1a YIS dz
SaldAayYlFIidSa G2 GSad FT2N) waddzOl Q MiitacgursManzal S&
checks by ofuty forecasters were also use(Kondragunta & Shrestha, 2006; Kim et al.,

2009) The multisensor checks were expanded upon to develop thiteeensional radar and
guantitative pecipitation estimate (gaugeorrected reanalysis precipitation fields) mosaics

(Qi et al., 2016)As before, the precipitation checks used in these papers are presented in
Table2.1 and classified using the draft WMO guidelimsssificatioChambers et al., 2018)

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

The QC procedures used in this thesis have been developed otiiext of a longunning

QC development at Newcastle University that started with the publicati@iarikinsop et al.

(2017) QC of hourly resolution data presented adyecame the basis for the QC of the sub
hourly data used in this dissertation. Data was sourced from the UK Met Office Integrated
Data Archive System (MIDAS), SEPA, and the EA for the peric@@BBGBEPA and MIDAS
data were of hourly resolution while AEdata was a mix of tipme data and 18min
accumulations. MIDAS and EA data were subject to internal QC, including the use of check
gauges by the EA. This QC was used as a starting point (for example data marked as suspect
by the EA was treated as misg)rhowever some suspicious records were still observed in the
remaining dataset. Temporal changes in the quality of EA data were also observed, with a
sharp increase in unchecked data after 2003.
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In total eleven QC procedures were used, most of which Hasen incorporated or
superseded in further work developed to QC a gridded hourly dataset for tHedyKs et al.,
2018)and a global sukdaily rain gauge datasdtewis et al., 2019, 2021and which are
discussed in detail i@hapter 3 Atest which was not carried forwards wHge comparison of

24h totals accumulated from the hourly data using the standard record time of 0900 with the
QCd UKCPQ09 5km gridded daily rainfatbdet from the Met Office. Rain gauges that were
excluded by this test were not included in posterior checks of UK aktihey hadalready

been deemed untrustworthy

2.3.5. Subhourly QC

Little work is available regarding QCsab-hourly timescalespartly due to a lack of available
data and analysis at these duratiotdpton and Rahimi (2003) established the usefulness of
tip-time records as part of automated QC procedures. Using 2 years of observations from a
small network ofjauges around Bolton, England, they determined that 0.2 mm tips separated
by 3seconds or less were never credible. Two additional sisitgetests were described and
used to detect slowipping or increasing intetip times associated with blocked gaiggdhe
3-second threshold informed the sthourly QC described in Chapter(3pton & Rahimi,
2003) The QC of Dutch citizen science observations was the firstdasde application of QC
procedures exploiting subourly rainfall data. All tests (sdeable2.1) involved checks against
neighbouring gauges, and omitted most of the checks suggested by the #1Zos et al.,
2019)-
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Table2.1. Precipitation checks found in referenced automatic QC methods, classified according to draft WMO d@telimesrs et al., 2018)

GHCN; Daily (Durre et al., 2010)

U.S.NWS¢ NOAA(Kondragunta & Shrestha, 2006; Kin
et al., D09; Qi et al., 2016)

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

WMO test class : . . . .
. . . - . . Hourly data that meets the following conditions is ~ 5-min accumulations were flaggec
Daily rainfall data that meets thfellowing conditions is flagged: .
flagged based on:
Format Observations flagged as muttay accumulations in metadata Gross error checks None
hoaSNBFGA2ya GKFG FNB Ftl33SR Fa WeNIF OSC
Completeness None None None
Multi-sensor test using radar and satellite rainfall None
Internal Snow observations when temperature is above freezing. SadGAYlIiSa (2 ARSydaFTe wa
values during rainfall events.
Checked by comparing hourly rain gauge and radar None
_ 20aSNUIFGA2yazT AF 020K F NJ
¢C>>” Temporal Duplicate [annual and monthly] values are deemed valid. If radar estimates are zero and rain
o observations exceed a threshold, the rain gauge data i
2 flagged.
5 {dFrGAadGAOrt OKSO1l I3 Aya Fauly zeros, high influx, and
o . . o . . . grid where outlier gauges are identifiesljbject to a station outlier tests were all based
Spatial Checks for observations that dl_ffer significantly from tptals and percentiles at neighbouring convective rainfall screening procedure on checks against neighbouring
P gauges reported on the preceding, current and following days. . i oA s s oA . gauges
Multi-3 1+ dz38 GS&dG G2 ARSyGATe gauges
zero values during rainfall events.
Summarization None None None
Values exceeding the world record (1828.8 mm/day) None
Rainfall under 0 mm Rainfall under 0 mm
Tolerance/ Values more than 300 mm larger than any other observations in a given location and caler Outliers are identified by comparison with®&nd 73
range month guantiles and an estimate of mean deviation in each
Daily totals that exceed th29-day climatological 95percentile by a factor of 9 or 5 if gauge
temperature is above or below freezing, respectively.
Runs of 20 or more consecutive values (missing values and zeros are skipped). None
b 2N Y2NB 2dzi 2F mn 02y asSOdzia@dS Ohperdebtie |
Streak 8 or more out of 10 consecutive values are identical and exceetl e | (i & geytéhtile p None
T 2NJ Y2NBE 2dzi 2F wmn O2yaSOdziAg@S @"perdebtie |
p 2NJ Y2NB 2dzi 2F wmn O2yaSOdziir @S o%perdetie |
Spike None None None
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2.4. Climatology o6GBrainfall and its extremes

2.4.1. General characteristics GBrainfall

TheGBclimate is determined by its position in the northern hemisphere off the naréstern
coast of Europe, in the latitude predominantlywesterly winds, and its surrounding bodies

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

Isles moderate temperature extremes and represent moisture sources whichGjd.emn
oceanic climate with cool, wet winters and warm, wet summers according to the Kdppen
climate classificatiofPeel et al., 2007; Hulme & Barrow, 199¥he location ofsBnear the
polar front jet stream puts it close to the normal path of lpressure systems (depressions)
that tend to pass over Britain in less than two dégbsandler & Gregory, 1978hd European
windstorms associated with frontal rain bands. These are separated by anticyclonic, high
pressure ridges assiated with drier conditions; this alternating sequence of synoptic systems

meansGBweather is highly changeab{#et Office, 2013; Hulme & Barrow, 1997)

Precipitition is generally caused by the upward motion of air parcels which are adiabatically
cooled to their dew point, causing water vapor to condense into droplets which coalesce and
precipitate (Chow et al., 1988)The mechanisms that motivate air parcels to rise and hence
that force GBrainfall arefrontal systems(generally associated with lopressure systems
embedded in the predominant westerly circulation), atmospheric uplift by hills and mountains
that leads toorographic precipitation and local atmospheric instability which leads to
convective precipitation (Hulme & Barrow, 1997)Substantial seasonal and geographic
variations in the frequency and occurrence of these mechanisms ultimately c@taahfall

variability.

The predominantlywesterly circulation that drives moist oceanic airmasses, and the high
ground along the westerooasts of Britain cause a remarkable easist pattern inGBrainfall.
Western Scotland, Snowdonia and the Lake District register average annual rainfall (AAR) that
is up to 20 times larger than that in East Anglia and the Thames estuary because they are
nearer to the normal track dbw-pressuresystems and their associated rain fronts, and due

to orographic precipitation and enhancement. This geographic pattern is presentga@adl

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

highest(Met Office, 2013; Hulme & Barrow, 1997)
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Convectively forced rainfall is strongly seasonal, more intense, and more localised than frontal
and orographic precipitation, with peak frequency in England between May and August. This
seasonal pattern mirrors seasonal variations in surface temperdtdwéme & Bamow, 1997;

Met Office, 2013)Organized convection in the form of mesoscale convective systems (MCSs)
is rare inGB with an average frequency of one or two systems per year, and are often
associated with plumes of unstable air that move from Spain td&arorthern France and

southern Englan@Lewis & Gray, 2010)

2.4.2. Spatial and temporal variability GBrainfallextremes

General studies of extrem@Brainfall have largely been associated with design rainfall efforts,
they have studied the characteristics of extremes as defined by monthly, seasonal and annual
maximum values of hourly to multiay rainfall accumulation@nstitute of Hydrology, 1975;
Faulkner, 1999; Dales & Reed, 1989; Stewart et al., 28%3xpected from largecale studies

with considerable overlapping data (especiallggarding daily and multay rainfall
accumulations), their results are consistent and mirror in many ways the general

characteristics o6sBrainfall discussed in Secti@¥.1

Geographic variation in extreme daily rainfall follows closely the variation in AAR reported in
Section2.4.1with larger values expected along the edded, western coast of GB and low
daily totals expected in the eafihstitute of Hydrology, 1975; Faulkner, 1999; Stewart et al.,
2013) A principal components analysis (PCA) of descriptors of extreme daily rainfall, including
distribution parameters (GEV and GPgated comprehensive extreme rainfall regions for the
UK that reflect geographic variations in maxima magnitude (which is similar to variation in
AAR) and variancéwhich is greater along the eastern coast of)@B well as seasonal
variations that are congruent with other analyses of daily extremes discussed Lkloes et

al., 2014)

Geographic variation in hourly extreme rainfall follows a nestiuth patten that is also
modulated by orographic effects. In general, London, the Thames estuary and southern
England, as well as some high elevation regions of western GB (Snowdonia, the Lake District,
and the western Highlands around Ben Nevis) have higbarly median annual maximum
rainfall (RMED), while eastern Scotland has the lowest holRIMEDvalues(Faulkner, 1999)

This general pattern was tempered with updates as part of the FEH13 model which increased
the amount of hourly data available, however eastern Scotland remains as the region with

lower expectel hourly extremegStewart et al., 2013)Changes in hourly estimates between
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FEH99 and FEH{see SectioR.5.2 reflect the pitfalls of short rainfall records and show how
data updates (and methodological improvements) can alter results over time. A PCA akin to
that in Jone<et al., 2014 was combined with an analysis of the weather patterns associated
with hourly extremes(AM) between 19922014 to define five homogeneous regions for the

UK that reflect the effect of orographic, largeale circulation, and thermodynamic drivers of

UK hourly rainfall extreme®&egional estimates of 20%, 4% and 2% AEP hourly raoiédsé

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

and lower values$o the west and north(Darwish et al., @21)

Seasonal variation in extreme rainfall has been studied since thé@li<$iRite of Hydrology,

1975), which classified rain gauges in the UK by AAR, a similar classificationvigsitede

during the FEH13 preparation process. Both analyses found congruent results. Annual
extremes with durations unde6-hr are all dominated by summer extremes, summer
extremes also dominate annual extremes across all other durations considered (ufglfy 25
iNnFSRanduptoRlF & Ay C91 mMoUO Ay [ff RNASNI 6!l w X mnan
duration increase thee is a clear trend for winter extremes to dominafdVl extremes
(Institute of Hydrology, 1975; Stewart et al., 201Both studies used similar winter
(November to April) and summer (May to October) definitiorsecshould be used as the
winter season spans two years, which can result in mismatched seasonal and annual extremes.
Studies of hourly and mulhour AMs in a 1992014 UK dataset found congruent results, as
short duration AMs (1 and-Br accumulations) &ive a clear, summetominated seasonality,

while 12 and 2dr AM accumulations behave similarly across all regions and have a wider
seasonal spreaDarwish et al., 2018; Blenkinsop et al., 20Ife contributiorof seasonal

1-hr maximato daily (wet day) totaldras been found to be important (> 50%) for summer
extremes in the south of England, larger proportions across all seasons follow a north and
west to east and south split, with lower values in western amdthern regions where

orographic and frontal mechanisms dominate rainfBlenkinsop et al., 2017)

Dales & Ree(l989)studied the concentration of-tlay extremes across regions, showing that
over a third of allAM accumulations in northeast, eastern and central England occur in July
and August, presumably due to a convective origin of these extremesdeeward position
from high ground further west which is dominated bgavy frontal rainfall. Western regions
show much more evenly distributed monthly AM frequencies, with peak occoerém late

autumn and winter(Dales & Reed, 1989; Faulkner, 19%ijmilar results have been reported
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using a 1962009 daily rainfall dataset, with a pattern of unimaod#asonal peaks in both
north-western Scotland and southeast England, suggesting a dominance of a single
mechanism controlling the timing of extreme rainfall in each of these locations, with-large
scale(winter) systems in Scotland and convect{gemmer)events in England. Other regions

of the UK show combinations of these two mechanigdmes et al., 2014, 2013)

Only two studies have been carried out regarding UK-lsulxly precipitation. Villalobos
Herrera (2017) studied geographic and seasonal patterns, as well as the behaviour of extremes
for data from 59 Met Office gauges with om@nute resolution from 198&005. Winter
extremes of 1@min accumulation show an eastest gradient that is congruent with that
reported elsewhere in the literature for winter hourly and daily extremes. Other seasons show
a north-south divide, with higher values in southern Britainc@mparison of median AM
values across different accumulation periods shows that the nsotlth pattern for sub

hourly and hourly periods (with higher values in south&Band low values in Scotland), is
replaced by an eastest pattern at 24hr accumuléions, 6hr accumulations show a pattern

with a coastal influence, where south and west coasts have higher values than rain gauges
inland or along the north and east coasts. Once again, this is congruent with previous findings
and seasonal and geographiariation in different rainfall forcing mechanisms @B A
regional frequency analysis of stiburly totals using-inoments and the GEV distribution
found that min and 15min accumulations (calculated for three large regions covering all the
UK) have 5§ear return levels of approximately 3.5 and 15 mm respectively, though large
error bands were present due to the relatively short records used for this an@fidedobos
Herrera, 2017)Prosdocimi et. al. (2017) compared DiDFve estimates from a set of 19 rain
gauges with suthourly (time of tip and 18nin accumulations) resolution to FSR and FEH99
DDF estimates. It concluded that the FEH99 model yields acceptable results when compared

to a DDF model based on shburly obsevations(Prosdocimi et al., 2017)

2.4.3. Eventbased analysis of rainfall

Rainfall, when considered as a peprbcess, can be described ustligcreteor eventsbased
frameworks. In a discrete framework, rainfall is simply studied using -tixedtion totals

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

hour measurements, calendar day measurements, or-8:00 24hr measurementsge.g.Met

Office, 202009 ¢ KA & A& (y26y G2 dzy RS NSD sated Wwth theSe Wi NI
durations as the discrete measurement process is unlikely to coincide with the start and end
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times of rainfall pulses, requiring the use of correction factors to approximate the values
et al., 2013; Morbidelli et al., 2017, 201&or example, in the UK rainfall accumulated using
a 60min window that can start at any moment is, on average, 1.16 times larger than the
equivalent clock hour measuremeriStewart et al., 2013)Fixed duration accumulation
windows that start at any point in time are known radling or sliding window accumulations
can be calculated usy highresolution rainfall observations, however they are discrete

representations of rainfall due to their fixed duration.

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

and end points that are uniquéo each event, this is referred to as aventbased
representation of rainfall. The main challenge within this framework is the definition of event

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

on defining a rmimum time dry spell window that is then used to segregate rainfall events
(e.g.RestrepePosada & Eagleson, 1982; Bonta & Rao, 1988; Koatsoy & Mamassis, 2001,

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

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

et al., 2020, 2021)his time canbeRSFAY SR dzaAy3a SELISNI (y2éft SR3IS

through theoretical considerations.

Theoretically, in a poiRprocess representation of rainfall a minimum time between events
can be defined using the Poisson arrival process as a basis. Accorthimgthe distribution

of intervals between the arrival of completely random events with zero duration is exponential
in nature. It has been argued that a stationary series of events that has interarrival times that
are exponentially distributed are alsa Poisson proces@Cox & Lewis, 1966)This was
exploited by Restrep®osada and Eagleson (1982) to develop an algorithm that efficiently
calculates the minimun interarrival time necessary to define an independent population of
rainfall events. This method is applied in this thesis, with more details provided in Chapter 4.
The Poisson arrival process is also used in continuous rainfall simulation nfedgls

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

Independent events are desired for the analysis of rainstorm hyetogré@bif$, 1967; Bonta,
HnnnT 52t Ol The &fendericedal hyetagraphwith the minimum time between

events is not well studied singlestudy has shown that the Huff curve method for synthetic
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hyetograph derivation is robust to errors @stimating the minimum time between events.

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

Caalogues of extreme rainfall events for the UK have existed since the original FSR and have
been instrumental in demonstrating the need to improve flood and rainfall estimation
methods as observed events have exceeded probable maximum precipitation esgimat
(Institute of Hydrology, 1975; Faulkner, 1999; Hand et al., 2004; Stewart et al., 201B¢se
studies, Hand eal. (2004) is most interesting as it explores the meteorological processes that
generate these very extreme events, most of which were sHaration convective events,
demonstrating both the capacity of localised events to generate large rainfall t@tads,
limitations to the understanding of short duration extremes. Common features were found
for most events, including the influence of orographic enhancement and west to southwest
airflows on large winter extremes, and the relatively slowving nature ofsystems
associated with frontal extremes. Finally, events were successfully classified according to their
drivers (convective, frontal, orographic, or frontal and convective combinations), events under
~4-hr in duration were all found to contain a conve® aspect, while events with longer
durations were predominantly forced by frontal systems and orograjptand et al., 2004)

Work on updating existing extreme event catalogues is ongoing as part of EA piR{t9222
Umproving Probable Maximum Precipitation (PMP) and Probable Maximum Flood (PMF)

estimation for reservoir safeffUK Government, 2021)

2.5. UKHood estimation methds, rainfall frequency models, and design hyetographs

Flood estimatioristhe process by which engineers and analysts estimate flood volumes and
peak discharges for reservoir safety assessniafrgstructure design, and flood risk analysis

In the UKflood estimationwas initially codified by the FSR in 19Mastitute of Hydrology,
1975) The FSR rainfaiinoff model was envisaged and calibrated as a cohesive model, with
careful consideration of the assumptions and model components and their probabilistic
context. The FS®Ras superseded by the FEH in 198%stitute of Hydrology, 1999)with
updates to rainfatrunoff models in 2007Kjeldsen, 2007and 2016(HR Wallingford, 2016)

to rainfall frequency models in 20XStewart et al., 2013)and to flood frequency estimation
methods in 200&Kjeldsen et al., 2008nd 2014(Kjeldsen et al., 2014\ote that this update
sequence was piecemeal, as updates were made to individual FSR complouientt the

whole process
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Additional relevant guidance has been provided for design and flood estimation in urds a
(CIWEM, 2015, 2016; Tiggerington et al., 2@ to include the effect of climate change in
estimations (Dale et al., 2015; Environment Agency, 2021b; SEPA, 201IBe)overall
guidance which recommends different methodscaing to catchment characteristics and

the system under consideration are published by the EA for use in England and Wales, and by
the Scottish Environment Protection Agency (SEPA) for use in Sc@lawvicbonment Agency,

2020; SEPA, 2019b)hese publications represent substantial bodies of work and include
sections on a wide variety of flood estimation topics. The summary and discussion which
follows firstprovides an overview into different methods for flood estimation before focusing

on the rainfallrunoff methods of flood estimation and design hyetographs that are most

relevant to this thesis.

2.5.1. UK Flood estimation methods

Flood estimates derived directisom the statistical analysis of river discharge measurements
are referred to asstatistical proceduregor peak flood estimation, hencefortpeak flood
estimates The FSR Vol | provided a statistical framework for the analysis of flood records at a
site, for regional analysis when single site records are short, and fayjauged catchments
based on regression models fitted to catchment descriptors. This was complemented by flood
routing methods described in Vol Il and hydrological data provided in \(8ltfiffe, 1978)

The FSR methods have been superseded by the statistical procedures described in Vol 3 of the
FEH(Robson & Reed, 199and its updategKjeldsen et al., 2008, 2014hough the basic
principles remain largely unchanged. These statistical procedures are included in the WINFAP
modelling software family, which is currently in its fifth iteration. All the statistical procedures
depend on the analysis of river discharge records, through ssiggeor multisite estimation

based on blocknaxima or peak over threshold approaches, and in general they are used
wherever data is available and whenever a peak discharge is desiredld®ehiethods are

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

Dischargebased statistical procedures do not reliably provide complete flood hydrographs or
total flood volumes(Kjeldsen, 2007)flood estimates that require these quantities, such as
reservoir safety assessmenfStewart et al., 2013)and urban flood modelling or drainage
design rely on rainfallunoff estimateq CIWEM, 2015; Tiggerington et al. 1ZQ Environment
Agency, 2020; SEPA, 201943 implied by the name, rainfalinoff methods have at least
two components: a rainfall frequency model and a runoff model.
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Runoff models are classified into conceptual and physically based models, bolticof ave

used in the UK. The most relevant conceptual model is ReFH model and its updates. This
method is recommended for use in rural catchments and greenfield sites with area over 0.5
knm?, though smaller catchments can be studied if required @Geeironment Agenc{2020)

section 7).ReFH models should not be used on mnedhantly urban catchments (wherat
least60% of the catchmerdreais urbar), while catchments with 15%60% urban extent can

be analysed with modifications to the standard, rural catchment metligdvironment
Agency, 2020)Conceptually the ReFH models (of which ReFH2.3 is the latest iteration) have
three components, a loss model, a routing model, and a base flodemdhe loss model
receives as input the catchment initial soil moisturgi@ndtotal rainfall, it calculates the
LINPLR2NIA2YyA 2F NIAYyTFELHEE GKFEG Ada wiz2aldQ oA
effective rainfall A unit hydrographsi used as routing model to convert effective rainfall into
discharge, which is finally combined with the output from the baseflow model (a linear
reservoir conceptual model with exponential decay) to generate a total flow hydrograph
(Kjeldsen, 2007; HR Wallingford, 201Barly critiques of the ReFH method included the need

for a seasonal adjustment fer to reduce initial soil moisture to reduce runoff during more
extreme rainfall event¢HR Wallingford, 2018) | & ¢St & | ySSR (2
performance on small and heavily urbanised catchméreulkner & Barber, 2009)hese

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

Unlike conceptual modelsphysically based catchment models represent hydrological
processes such as infiltration, surface saturation, sediment transport, and so forth, using the
Slidzr tAzya 2N Wil gaQ gKAOK KIFI @S 06SSy RSNAGSI
(Abbott et al., 1988p / I G OKYSyGa | NBE 3ISYySNItfée adzwRAJD)
processes are modelled, with fluxes along cell boundaries. These models gustantially

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

can be used for continuous simulation modelling as well as evas¢éd modelling, and they

output flow hydrographs in addition to other fluxes ands of interest. TheSysteme
HydrologiqueEuropéen(SHE family of hydrological models, including the commercially
available MIKESHE, is the best known example of this model cate@@wen et al., 2000;

Abbott et al., 1986)

Alternatively, physically based hydrautmdels,for example CityCA{Glenis et al., 2018)r
HiPIMY Xia et &, 2019) are focused on the numerical solution of the governing equations of
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2-dimensional surface water and piped flows in both urban and rural environments in order
to realistically simulate river discharge and flood levels. The data requirementfidse
models are also substantial, though they can be automated from open GIS sources. Simpler
models, such as the Storm Water Management Model (SWMM) combine conceptual models
of surface and groundwater processes with simple yet physibalhed sewer etwork models

to represent urban drainage systerfRossman, 2017Urban drainage models such as these

are popular in industry, and the bulk of urban flood modelling and drainage design, as well as
academic research, relies on these simplified representations of urbamagy@isystems (e.g.
Muller & Haberlandt, 2018; Qin et al., 2013; Zhanglet2®17; Rivera & Gironas, 2005; Yao et

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

The Urban Drainage Group of the Chartered Institution of Water and Environmental
Management (CIWEN UDG) has published multiple guidelines regarding rainfall modelling
(CIWEM, 2015, 2016and a Code of Practice for the Hydraulic Modelling of Urban Drainage
SystemgTiggerington et al., 2017YThese are part of the literature recommended by flood
estimation guideline$Environment Agency, 2028hd include a discussion of the rainfall and
models to be used during urban flood estimation and drainage network delsiggeneral,
recommendedurban drainage models are of a higher degree of sophistication than the ReFH

family of catchment modelsandthey require similar rainfall inputs.

2.5.2. UK rainfall frequency models

The FSR, FEH99 and FEH13 rainfall frequency models are recommended for use with rainfall
runoff models in the UK. These rainfall frequency models are used to estimate the magnitude
ofranf I £ £ | 3a20A1 GSR gAGK | IAPBSY WRAzNI GA2YQ
this takes the form ofDDF models. Design rainfall models also includa temporal
disaggregation component (a design storm or hyetograph modell an areareduction

factor (ARF to convert point estimates of rainfall tareal rainfall Unlike the DDF model¢he
hyetograph(Institute of Hydrology, 19759nd AR (Keers & Wescott, 197 models have not

been updated since 1975 and 1977 respectiaglg are assumed to be independent of return
period. The absence of updates to these components reflecipiecemeal approach to

updating tie FSR rainfatlnoff model.

The rainfall frequency model recommended for use in UK flood estimation is the FEH13 DDF
model(Environment Agency, 2020; CIWEM, 2016; Tiggerington et al., 2017; SEPA, R4.9b)

theoretical framework that underpins this model is dabed in both peerreviewed literature
30

by F



and technical publications, in essence the modelling framework uses the empirical Focused
Rainfall Growth Extension (FORGEX) method to produce dimensionless rainfall growth curves
for specific durationg¢Reed et al., 1999; Stewart et al., 201B)at are then combined with a

DDF model to provide depth (volume) estimates for durations ranging fremiQo 8days,

though subhourly estimates are extrapolatedFaulkner, 1999; Stewart et al., 2013)
Complementary aspects include spatial dependentwzdelling as part of FORGEX and its
updates, as well as areal reduction factors to adapt point rainfall estimates over catchments
(Faulkner, 1999; Stewart et al., 2013)

The FORGEX methodes a RCapproach to pool data from multiple observation sites a
needed to extend dimensionless growth curve estimates to long return periods. It relies on
the use ofAM data with hourly and daily resolution from which mtitour and multiday
accumulations can be calculated. These accumulations are standardised auriiple sites

¢ with preference towards local datausing RMED, which is spatially interpolated onlaril

grid of the UKUnlikemost frequency analysis, FORGEX avoids fitting a probability distribution
to observed extremes, and instead reliesamenpirical linear leassquarego standardised
observations Additional data points are added by calculating tA&S of the largest
standardised value observed by the network (thetwork maximumseries) which are
adjustedto account for spatial dependence the network. The FEH DDF model, consisting of
an exponential curve on the Gumbel reduced variate, was then fitted based on FORGEX output
with special consideration to avoid contradictions between different durations or return
periods, extrapolation wassed for return periods over 2,00@ars(up to 10,006years)and

for durations under dhr. Allowance for discretization in rainfall measurements was applied

during the DDF stage of the mod&eed et al., 1999; Stewart et al., 2013)

Problems related to the estimation of vehygh return period rainfall (10,00@ear return
period) were made public soonftar the FEH99 model was published. Specifically, the
extrapolation used in the DDF model, and the constant spatial dependence model used for
events of all frequencies was questioned and research on estimating long return period
rainfall commissioned by D& (Cox, 2003; Babtie Group, 2000; Stewart et al., 20dBanges

to the FEH99 model in preparation for the ABHnodel modified the specific standardisation

of AM values by RMED by use of a standardisation factor which is specified according to the
geographical variables of a site and the rainfall accumulation pé8teivart et al., 2013)The
constant spatial dependence model was modified for a substantially more complex model
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which considers the network area, number of gauges and typical rainfall for the network

(Stewart et al., 2013)

The FEH99 DDF model was substantially revised for the FEH13 rainfall frequency model. Like
the original, all FORGEX return level estimates are carried out separately for each duration,
and the DDF model stage is requireal énsure consistency between estimates between
different durations. A key feature of the update is improved extrapolation for very high return

period rainfall volumes required for reservoir safety assessments.

The use of fixed duration rainfall datahich isadjusted for discretization effectgproduce
contradictory FORGEX results whesturn level estimates fronempirical 24hr DDF curves
may lie abovestimatesdaily rainfall curves for a single sgsimilar problems were found for
other adjacent duations (Stewart et al., 2013)No explicit model for dependence between
totals of different durations is usedh FEH13and the DDF models used are empirically
derived the resultingDDF model smooths instances where the FORGEX orgguited in
contradictory return level estimates at different duratigrieowever in order to do thishe
DDF models have 14 parametefStewart et al., 2013 his is a clear example of how the use
of discretised rainfall informatiom a univariate frequency analysis framework can encounter
difficulties in representing the behaviour @infall extremesand similar problems have been

reported in NorwayRoksvag et al., 2021)

Finally, as expected from a largely empirical method, and indeed any extreameeficy
analysis, the results of the FEH99 and FEH13 models are dependent on the observations
available, their validity and the length of records available. The role of natural variability
cannot be underestimated. These effects are shown in a recent sthah recalibrated the

FEH13 model to account for large events observed in Cumbria during2Bd®g, as part of

a Ukwide update of FEH13 expected to be published in 202&ich revised return period

estimates for recorebreaking storms from ~1,00¢eas to ~156years(Vesuviano et al., 2021)

2.5.3. UK design hyetograph model

Unlike the substantial amount of work that has been caroetisince 1975 to update rainfall
frequency methods recommended for use in the UK, the hyetograph models used to distribute
volume estimates over an event duration have not been updated or studied since the FSR was
published(Institute of Hydrology, 1975; Faulkner, 1999; HR Wallingford, 2016; Kjeldsen, 2007,
CIWEM, 2015, 2016)
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While acomplete description of the method used by the FSR to generate summary profiles is
given in Chapter 5, a few salient features are presented here. First, the FSR examined the
temporal profiles of 80 summer (May to October) and 32 winter (November to Apwiins

with hourly data and 24r duration observed in England and Wales between 1B&/D.
These temporal profiles were centred about the period of peak rainfall intensity, and profiles
of cumulative percentage rainfall relative to cumulative duratidiout the storm centrevere
calculated. These profiles were ranked in term of thegtakednessand interpolated to
generate the two symmetric, singfgeaked, and belhaped profiles now widely used for
rainfall design and flood estimation in the UK. Boenner profile is more peaked than 50%

of the 80 studied summer storms and reaches a peak intensity of ~3.75 timescidne event
intensity(notated with"Gn the FSR(s used here for clarity). Theinter profile is more peaked

than 75% of the 32 winter storms, with a peak intensity of “@These original FSR profiles
are illustrated inFigure5.1. Some discrepanciesist between the FSR and FEH versions of
the summer profile, as the FEH representation reaches a peak intensity®fhis is due to

the use of a mathematical model to represent these curves. This model is known to produce
unrealistically large peak tees whena hyetograph withshort time stepss desiredg this is

discussed further isection5.2.2(Institute of Hydrology, 1975; Faulkner, 1999)

The FSR also concluded that profiles were invariant with event duratiom gafidying storms

with durations between 4hr and 4 days), return period, and areal size. Importantly, they note
that regional differences and differences due to rainfall type (i.e., convective or frontal) are
confounded with seasonal differences in prediland the different percentiles of profile
peakedness within each season. Previously, FEH and ReFH guidance recommended the
summer profile for use in urban catchments (as defined using the catchment descriptor
URBEXT > 0.125), while the winter profile wesommended for use elsewhel&aulkner,

1999; Kjeldsen et al., 2008}urrent guidance recommentisat both the summer and winter
profiles be used in ReFH models for very heavily urbanised areas (URBEXT > 0.3) and in urban
drainage models where ReFH is not recommen@@tWVEM, 2016Environment Agency,

2020) There is also a caution against using the summer profile in mountainous regions

(Institute of Hydrology, 1975)

2.6. Design hyetographs and their impactwbandrainage systems
Substantial work exists regarding the derivation of hyeémins for use in rainfabunoff
models of flood estimation and urban drainage design and the impact that their variation has
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on urban drainage model outputs. In this section some general concepts regarding
hyetographs are introduced before providing an oxew of different categories of synthetic
hyetographs, followed by the literature that demonstrates the importance of hyetograph

shape in urban flood modelling.

A hyetographis simply a representation (in the strict sense, a graphical representatiding of
distribution of rainfall intensity over time, the phrasemmporal patternor profile, andtime
distributionare synonymous and are used interchangeably throughout this thesis (to avoid
repetition) and the literature Synthetic hyetographare not repesentations of an individual
observed event, but rather they are models of rainfall behaviour that can be derived through
multiple methods. Finallydesign hyetographare temporal patterns that have been selected
for use in rainfatrunoff flood modellingor design because of their desirable properties, they

can be either observed or synthetic hyetographs.

2.6.1. Design hyetographs

Useful reviews of different design hyetograph methods can be found in Chen (1975), Chow et
al. (1988), Wu et al. (2006), and Ballas$oldevila et al. (2019). These studies broadly use
the same classification scheme to categorise different design hyetograph methodsadBd;
standardised, observed, and stochastic. This classification, based on the information used to

derive each typ of design hyetograph, is used below.

The simplest possible design hyetograph is @iméform hyetographwhich simply uses the
rainfall intensity associated to a given duration and frequency by an IDF curve as the design
intensity. This assumption is usedthe Rational and Modified Rational methods of rainfall
runoff estimation and has been largely discontinued in favour of more robust models as
computational capacity has increased, they may still be of use in very small urban catchments

or for preliminay assessments of urban drainadutler & Davies, 2011; Kellagher, 1981)

The next desighyetograph family also use information from a single point on an IDF curve as
basis, however thewpply non-uniform intensity distributions. The simplest of these is the
triangular hyetograph, defined by a peak intensity that is double’dbtained fran an IDF
curve and a factom, that determines the position of the peak intensity relative to the total
event duration(Yen & Chow, 1980; Chow et al., 1988je threeblock method divide&into

three blocks, the first has increasing intensity, the central one has the moment of peak

intensity, and a final, longer duration block has decreasing inte(Sifglda, 1973; Balbastre
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Soldevila et al., 2019The Linear/Expantial storm model family uses a steep linear increase

in rainfall intensity until peak intensity is reached and an exponential decay is assumed after
peak intensity, this model is intended to representirlstorms and was developed for use in
urban areasin Canada(Watt et al., 1986) Many of these methods were originally
recommended for use in the design of small infrastructure (such as culverts) and urban
settings and remain in use where the information required for alternative methods is

unavailable.

Design hyetograph models thatclude a greater level of information derived from an IDF

curve include the Chicago Design Stdluifer & Chu, 195@nd the Alternating Block method

(Chow et al., 1988)These methods combine intensities associated with multiple durations

into a compound, neacentred, profile. In general, |Ederived profiles do not resemble
observed rainfall patterngy dzi G KSe& Kl @S GKS FR@GFydal3asS 27 |
which will result in conservative desig@#/u, Yang, et al., 2006) his category of profiles is

1Yy26y Fa WadzZJSNEI2NXaAQ 2N WYONBWEMO20I6) Ay Lddzi K

Standardised or summary hyetographs are generated throughttitdy and generalisation of
observed event profiles. This type of profiles has been widely used in raunfalif methods,
including in the USMonnin et al., 2011; United States Department gfiéulture, 1986)the

UK (Institute of Hydrology, 1975)and Australia(Cordery et &, 1983) The FSR method
(discussed in detail in Sectiops.3and5.2.2 contains several key features of standardised

or summary hyetographs. First profiles from multiple events are each standardised to enable
comparison across different events, these profiles are then ranked and classified, and finally
summarised to geneta synthetic hyetographs that represent the original storms. Unlike

most other methods, the FSR also includes a centring step when standardising storm profiles.

The underlying concept used to standardise events with different durations and intensity
distributions is themass curvein this context this refers to the variation of cumulative rainfall
relative to time within an event. Mass curves can be easily standardised using total event
duration and volume to obtaidimensionless mass curvagealso Setton 5.2.4) which form

the basis for summary hyetograpke.g., Huff, 1967, 1990; Wu et al., 2006; Yin et al., 2014;
Bonnin et al., 2011; Ball et al., 201Besign hyetographs derived in this way are also called
Huff curvesn the literature. Different sources vary their raidfalent definition according to

their needs, design guidance in Australia and the USA study the dimensionless mass curves

associated wittrainfall accumulation®f specific durations (e.g.-Hr, 6-hr, 24hr) that are
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consistent with the durations used iteir rainfall frequency models, while other studies
which focus on the study of hyetographs use rainsto(misole eventsjnstead(Huff, 1967,
1990; Wu, Yang, et al., 200@his distinction is important as specific duration events may omit
portions of the entire rainstorm profile to focusidhe most intense portion of an eve(Ball

et al., 2019)

Dimersionless profiles can be manually classified according to their se@sstitute of
Hydrology, 1975)or according to the position of the heaviest rainfall in the profile, effectively

a measure of profile shap@uff, 1967, 1990; Ball et al., 2019) using automatic methods
such as #means(Hannah et al., 2000; Ramos, 2001; Wu, Yang, et al., 2006; Yin et al., 2014;
Dullo et al., 2017; Wartalska et al., 202%)) dynamic time warpindDTW)(Wang, 2020)
automatic clustering algorithms. Hyetographs that are manually classified are generally then
ranked, as detailed iSection5.2. The FSR ranks events based on the proportion of total event
rainfall that occurs in the central-br of their 24hr profiles (Institute of Hydrology, 1975)

Huff curves classify event profiles according to which quartitBroénsionlesgvent duration
containsthe mostprecipitation; eachquartile contains 25% of an events duration. Events are
then ranked using the proportion of rainfall that is concentrated within the quactiith
heaviest precipitationin this way the 10% profile is typical of storms whégch unusually
heavily concentrated, i.e., the top 10% most concentrated ev@dtdf, 1967, 1990; Bonnin

et al., 2011)Note that this is opposite to how the FSR describes its ranking, therefor@¥%e 9
FSR profile conceptually matches the 10% Huff profile.

The automatic (or unsupervised) clustering algorithms are a-gaténg solution to classify
large amounts of data that is usually relied upon when there ia poiori knowledge about
classes. Thgoal of these algorithms is to maximise the similarity between objects (individual
storm hyetographs in the context of this thesis) assigned to a cluster while minimising
similarity to objects in other clusterf®Rani & Sikka2012; Aghabozorgi et al., 2015; Sarda
Espinosa, 2017Yime series clustering algorithms aaesubset of clustering algorithms that
have been developed for use on time series data (such as DTW) or that can function on time
series without modificatiorfe.g., kmeans).The main difference betweenikeans andDTW
clustering algorithms is the similarity or distance metric they use to evaluate proximity
between cluster memberTW is a shapbased method that clusters whole time series that

is well equippd to cluster events based on their shape, even if similarly shaped events are
shifted in time, astime series with similar patterns of chargye intensitywill be clustered
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regardless ofvhere the change occurs within the evdtghabozorgi et al., 2015} has been

used with hyetographs, successfully clustering events with similar changes in rainfall intensity
(Wang, 202Q)kmeans clustering uses Euclidean distancesvben corresponding positions
within a time series, therefore it is better suited for hyetograph applications, where the timing
of shifts in rainfall intensity and hyetographs and rainfall time series asymmetry are
considered importan{Mdller et al., 2017)and has been used to cluster hydrographs as well
as hyetographs. The only prequisite for this method is that hyetographs be in a
dimensionless state of uniform leng{iHannah et al., 2000; Ramos, 2001; Wu, Yang, et al.,

2006; Yin et al., 2014; Dullo et al., 2017; Wartalska et al., 2020)

The final step when etiving design hyetographs from observed events is the calculation of
summary profiles. This is generally achieved by taking, for each cluster or event classification,
the arithmetic mean of the dimensionless cumulative rainfall values found within bins of

dimensionless duratiofe.g.Huff, 1967; Institute of Hydrology, 1975; Wu et 2006)

Alternatively, observed events may be used as design hyetographs. An example of this is
Australian rainfatfunoff (ARRpuidance(Ball et al., 2019%hat considershree eventbased
rainfalkrunoff flood estimation method The simplest isingleevent simulations using

single AEP rainfalolume estimat and asynthetic hyetograph (called representative
hyetograph in the ARRJerived using theverage variability method this is akin to methods
currently in use in the UKrhe ensemble event methodises single AE¥lume estimate
coupled with a sample of0 to 20observed hyetographs to avoid possible biases in flood
estimation due to the use of a singdgnthetichyetograph The use of observed events avoids

the loss of information and variability inherent to the use of summarised hyetographs in
exchangdor increased modelling effort as the effect of multiple events are simulaiée.

third and most complex everiased method is a Monte Carlo simulation approach where
multiple inputs to flood simulation modelsncluding catchment parameters arrdinfall
characteristicsare stochastically generatedMultiple simulations with varying parameters
then allow forrobust estimates offlood magnitudegNathan & Weinmann, 2004; Ball et al.,
2019) SeeBall et al.(2019)for more detail on Australian method€bserved hyetographs
corresponding to very large historic events atso used in rainfalunoff methods, however

care needs to be taken as the floods associated with these rainfall events also depend on the

catchment conditions prior to the eveEnvironment Agency, 2020)

37



Finally, stochastally generatedhyetographs may be considered a special category of
standardised hyetographs as they seek to reproduce the stochastic propeftigisserved
hyetographs or of rainfall distribution®.g., Cowpertwait, 1991; Wu, Tung, et al., 2006; Wu,
Yang, et al., 2006; Vandenberghe et al., 2010; Vernieuwe et al., 2015; Rohith et al.Th621)
principal limitation tothese methods ighat due to the stochastimature of the profiles
studies for different locations will be assessed with differerdfiles and hence with varying

degrees oftrictness(BalbastreSoldevila et al., 2019)

2.6.2. Impact of hyetograph shapes dodd estimation

Rainfall is the most important input faratchmentrainfalltrunoff models, and up to 50% of
modelling errors can be attributed to precipitation uncertairftyuang et al., 2019; Bardossy

et al., 2022) Rainfalls complex, with significant spatial and temporally heterogeneity over a
large range of scales which depend on the meteorological drivers at play in specific rainfall
events. Hydrological processes in are similarly heterogengmarticularly in urban area3his
variability makes urbaareassensitive to smalscale temporal and spatial variability in rainfall
(OchoaRodriguez et al., 2015; Emmanuel et al., 2015; Veldhuis et al., 2018; Zhu et al., 2018;
Huang et al., 2019)While temporal and spatial variability are deemed important for the
accurate epresentation of flooding, their relative importance remains a matter of debate
(Emmanuel et al., 2012, 2015; Cristiano et al., 2018, 2019; Zhou et al., B@@tddynamic,
distributed models are more sensitive to input variability than conaafptlumped models
(Pina et al., 2016)

Hoods are connected with catchment characteristtbsit determine response to rainfall
eventso { 1 St N3 Sdnd datthdénts havedanwide range of sizes and characteristics,
therefore a universal relation between spatial and temporal rainfall variability is unlikely to
exist. However, it has been shown that sensitivity to srsatle variability in rainfall input
increases as catchment size decreaf@shoaRodriguez et al., 2015; Huang et al., 2019)
Rainfall spatial variabiljt determines the timing and shape of the outphydrographin
relatively homogeneous catchmentwhile temporal variability is more determinant of peak
flow (Singh, 1997Fnally, smaller catchments may be more influenced by temporal variability
while catchments over 2,000 Knmay be more influenced by spatial variabil{@hu et al.,
2018) As mentioned in the introduction, the study of spatial variabwtthin rainfall events
and across events with different duratioms beyond thescope of this PhD as a pragmatic
means to keep project complexity to feasible lelswever, this remains an important topic
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that should be addressed in future workherefore the remainder of the literature review

focuses on the effect that hyetograpthave on hydrologic responses.

Different hyetograph shapesesult in different hydrologic responsdsy changingpeak
dischargeandits timing as well aflood volumes This has been shown @mwide variety of
urban(Lambourne & Stephenson, 1987; Schilling, 1991; Ball, 1994; Nguyen et al., 2010; Bruni
et al., 2015; Dullo et al., 2017; Muller et al., 2017; Pochwat.e@17; Hettiarachchi et al.,
2018; Yi Ng et al., 2020; Wartalska et al., 2G2@®) rural(Bardossy & Pegram, 2016; Zhu et

al., 2018; Huang et al., 2018atchments, albeit with significant moderatiorc@rding to
catchment and model characteristics. As runoff volumes are modified by hyetograph shape,
they also influence the sizing of retention tanks used fesairce volume control in small
urban catchmentgPochwat et al., 2017 here is evidence that sensitivity to profile shape in
dzND 'y F NBIF & A& 3NB hah BidliforE@réidestd tidvery highEtensited S y
that can be found in extremes dominate the hydrologic response to these events, though this
study relies on a small sample of four hyetograph shdpasone et al., 2021)As intuitively
expected, the timing of the peak intensity impacts the timing of peak discharge in the resulting
hydrograph (e.gBall, 1994; Dullo et al., 2018nd evidence exists that hyetographs derived
from IDF curves (e.g. Triangular, Alternating Block) overestimate flooding when compared to
observed hyetograph® Y NIJI @A Ol 3 amddgererdtd bigher peaki flows than
standardised hyetograph®albastreSoldevila et al., 2019)

The importance of hyetograph shape catchment response has led tettitly of temporal
disaggregation of daily rainfall to hourly or shburly resolution so that the greater
availability of daily data can be exploited in urban and rural modelling environments (e.g.
(Molnar & Burlando, 2005; Koutsoyiannis, 2014; Bardossy & Pegrds, R6leg et al., 2017,
Muller & Haberlandt, 2018)This disaggregation can be avoided usinglsalrly data.

2.7. Climatechangeand changes to extreme rainfall

¢CKS TYGKNRLR2ISYAO 4 N¥Y¥Ay3a 2F 9FNIKQa layza
precipitaion. An overview of observed and expected impacts on rainfall is presented here as
context for the results presented and discussed in this thesis though future changes are not

considered directly.
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2.7.1. Observed¢hanges

Research into AM UK daily rainfall extesrbetween 1961 and 2000 using regional frequency
analysis found changes to daily and multiday extremes that varied regionally. Little change
was observed for 1 and 2 day duration extremes, but 5 and 10 day extremes were found to
decrease during the 19908 the south of the UK, with increases reported in the north,
particularly in Scotlan@Fowler & Kilsby, 2003Jhoughthis research ismow almost 26years

old, these changes wersubsequentlyconfirmed using data between 1961 and 2009, with
results showing that shio-duration summer rainfalvas declining in intensity while longer
events increasgin intensity, as well as evidence of an upward trend in autumn magiorzes

et al., 2013) This autumn increase is also linked to an increased frequency in heavy autumn

rainfall of daily duratior{Cotterill et al., 2021)

Other studies have found similar results that can be summarised as increasing winter rainfall
intensities¢ related to increases in the frequency of heavy winter precipitation and their
contribution to winter precipitation totals; and decreasing summer geipitation, both in
terms of event frequency and intensifidulme & Barrow, 1997; Osborn et al., 2000; Osborn

& Hulme, 2002) These results have been challenged recentiyth measurementbiases
flagged aghe likely source forperceivedchanges irthe England Wales Precipitation (EWP)
(Murphy et al., 2020)ndeed observationsn the last decadehowmarked increases in both
winter and summer preciption, assummerswinters between 20112020were on average
179419 wetter than 19611990 (M. Kendon et al., 2021)Smilarly, increases have been
reported in the number of days with rainfall over &Gn and50 mm, though substantial year

to-year variability and short records impede establishing a clear tfghd&endon et al., 2021)

Similar increases in daily extremes have been observed in E(Bepg et al., 2013; Luu et al.,
2018) About 18% of daily heavy rainfall events over continents have been attributed to
anthropogenic warming, this may inc@s& (@2 I 02 dzi n m> A(Fischer &1 ¢ /
Knutti, 2015) Daily and hourly rainfall extremes have been shown to dlplsaaleat a rate
consistent with the increase in atmospheric moisture described by the ClaGtapgyron
equation (~7%K), known as G&caling(Ali et al., 2018, 2021There is regional evidence that
sub-daily extremes show higherates of scalingwith temperature than daily extremes
(Lenderink et al., 2017; Guerreiro et al., 2QE)dincreases in the frequency and/or intensity

of subdaily extremesare repored inSoutheast Asia, Australia, Europe, North America, and
parts of Chind Fawler et al., 2021)Therdore, CC scaling is at best a baseline for estimating
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future changes to precipitationsince local changes tatmospheric circulation patterns,
moisture convergence, atmospheric stability, and other drivers of precipitation

considered by CC scaliagoaffect extreme rainfal{Guerreiro et al., 2018)

2.7.2. Projected changes

The study of plausible changes to rainfall in the future relies largely omugbeof climate

models. Global circulation models (GCMs) such as those that are part Gbtpéed Model
IntercomparisorProject (CMIP) typically have coarse resolutions with grid spacingg8060

km. Regional climate models (RCMs) with grid spacindeeinorder of 12¢ 50-km are
O2YLdzii  GA2y L tfé& Y2NB SELISyaAadS (2 NHzy odzi
surface. Finally, convectigmermitting models (CPMs) are climate models of such fine
resolution (< &m grid scale) that deep convegati parameterization schemes can be switched

off, allowing for an improved representation of convective rainfall processes at greater
computation costwhich limit model run length and hence their usefulness for extremes

analysigPrein et al., 201Xendon et al., 2017; Luc&cher et al., 2021)

Modelling results for future rainfall are largely consistent with observed global trends, with
rainfall intensification projected for the remainder of thes2dentury(Fischer & Knutti, 2016)
Much uncertainty remains regarding regional patterns and rate of change due to the regional
modulation of thermodynamic drivers of changes to rainfall (e.g. increased atmospheric
moigure-holding capacity due to increased temperatures) by dynamic (i.e., circuatisad)
drivers(Pfahl et al., 2017)This is important givethat future changes to global circulation,
and hence changes to storm track and polar jet stream positions, are the result of complex
interactions(Shaw et al., 20J)@hat still present biases in climate models, though these have
been reduced in the latest CMIP6 modgtkarvey et al., 2020)

A recent review of the literaturpresented inthe IPCC WGL1 repoitPCC, 2021aummarises
changego the North Atlantic circulation as being better defined in summer and autumn, both

of which are expected to experience poleward shifts in storm tracks and the polar jet stream
(e.g.,Simpson et al., 24; Harvey et al., 20205hifts in winter are more uncertain, with
SOGARSYOS GKIFIG OKIFIy3aSa G2 6AYyGSNI ali2N¥YAySaa
threshold (Barcikowska et al., 2018Note that biases in larggcale circulation present in

GCMs are also present in CPMs whenevetdter are usedo dynamically downscale GCMs

or whenever a GCM drives a Ciéndon et al., 2019)
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In contrast, thermodynamic drivers of changesr&infall are better understood, with wide
consensus that xCC scaling occurs for hourly and daily extrerfiee.mechanisms that cause
observed and projected sup&C scaling for stdaily, convective extremes are less well
understood and an active ared research(Fowler, Lenderink, et al., 2021; Fowler, Ali, et al.,
2021) An important considerationsievidence that warming is leading to longer summer
seasons as warm days become more frequ@frac et al., 2014)eading to an extension of
the convective seasomhe combination of these physical drivers motivates pldesibanges

to future UK rainfall extremes.

UK:specific studies using CPMs have found there will be a greater chance of hotter drier
summers and warmer wetter winters. Summer rainfall is projected to become more intense,
but less frequent, leading to an ekall decrease except in northern Scotlamdiean winter

rainfall is expected to increase, again excepting northern Scotland, due to an increase in wet
days(Kendon et al., 2014; Chanadt, 2016, 2018; Fosser et al., 2020; E. Kendon et al.,.2021)
UK CPM simulations also show an increase in the areal extent of extreme rainfall events in the
future (Chen etal., 2021) while RCM simulations project dramatic increases in the frequency
of heavydaily rainfall (> 50 mm) in Octobddecember(Cotteril et al., 2021) Expected
changes to UK rainfall have been incorporated into guidance for water companies to produce
climate uplift factors that represent return level changes for rainfall totals with durations
between %hr and 24hr (Dale et al., 2015; Dale, 20; Chan et al., 2021yith basis on the
UKCP18 Local ensemble of CPM simulaiien&endon et al., 2021)

Other European or global studies of future extreme rainfall have found changes that are

NBfSOFyid (2 GKS !'Yd ¢KA&E AyOfdRSa Iy AyONBI as$

similar volumes precipitate over shorter periods of ¢éifWwasko & Sharma, 2013 decrease
in storm velocity has been describedfuture climateCPM simulations over Europelated
to seasonal weakening of the jet stream, which led#creases ipoint storm duration and

high hourly and dhourly precipitation accumulation@&ahraman et al., 2021)
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Chapter 3. Data and quality control
Material in this chapter is undergoing review for publication in the QJRR&® of the
introduction of this manuscript has been may to chapters 1 and 2 of this thesis. Minor
OKIy3aSa KI@S o06SSy YIRS G2 AyO2N1LERNI OGS YI
information into the thesis.
3.1. Introduction
TheQC of weatheobservations is an essential prerequisite for the use of meteorological data.
Highquality rain gauge measurements are necessary for a wide gamut of applications,
including climatological analyses, as input for reanalysis and forecast models, climate mode
validation, agricultural management, water resources planning, design rainfall estimation for
civil engineering applications, and othdistévez et al., 2011 particular, the analysis of
extremes, including their climatology and statistical properties, requires high confidence in
the veracity ofthe extreme rainfall values present in rain gauge recdqilenkinsop et al.,
2017) WMO guidelines for national hydrometeorological organizations recommends a series
of tests for high frequency meteorological obseteat (Chambers et al., 2018; WMO, 2021)
While the UKMO has stringent QC procedures, the rainfall data they make available is largely
at hourly or daily resolutiorfMet Office, 2020h)and the sukhourly data held by other rain
gauge operators (EA, NRW, SEPA) is subject to inconsistamd(@<often provided without

QC

Subhourly data allows for a greater detail when examining rainfall timeseries analticsus

in rainfall intensity, and it is required to make accurate hyetographs of shawtion
rainstorms. Suthourly data is also useful for QC as periods of suspiciously high tiatewy

can be identifiedUpton & Rahimi, 2003however, the increased measurement variability
and reduced spatial cohence in sukhourly data creates additional challenges for QC.-Sub
hourly records tend to have shorter lengths than daily or hourly records, which may limit their
usefulness for applications such as trend analy®i®hourly rainfall data is also an imparit

input for flood estimation and modelling, especially in urban settings or in small catchments
sensitive to changes in rainfall intensity, with periods of high intensity leading to surface water
flooding(Archer & Fowler, 2015; Ochdodriguez et al., 2015; Cristiano et al., 2017; Peleg et
al., 2017; Fadhel et al., 2018; Zhu et al., 2018)
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Due to the varied nature of rain gauge mes=mment errors(Wood et al., 2000; McMillan et

al., 2012; Pollock et al., 2018)d the accumulation of errors over tingilorbidelli et al., 2017,
2018) the QC of large datasets compiled from multiple sources is a complex procedure best
approacted with automated algorithms.Durre et al. (2010) developed a set of 19
comprehensive, automated QC tests for daily observations of surtaceperature,
precipitation, snowfalland snow depth as part of the development of GHOly dataset.

The GSDR datas®tas qualitycontrolled using a set of 25 quality tests, covering the entire
range of WMO recommended tests that are achievable relying solely on lfaiata, which

flag possible faults in hourly rainfall records which are then evaluated by-basketo remove
suspicious daté_ewis et al., 2019, 2021 hese tests built upon previous work which quality
controlled a large hourly rainfall dataset for the UK using 11 sisitgeests(Blenkinsop et al.,
2017)which were expanded with 4 tests against neighbouring gauges to generate a gridded

hourly rainfall dataset for the UK ewis et al., 2018)

This chapter introduces further extension to the hourly GSBRC algorithmLewis et al.,
2021) with additional QC tests exploiting high resolution wdurly rain gaugelatawhich is
used to reveal spurious records that are maskeddgregation to hourly or greater periods.
Frst, the data and methodshat were used to develop and test &€on adatasetof 1,301
rain gaugesre described (SectioB.2). Next,the impact of QC and the data resolution used
by QC on the general characteristics of the datasetexaminedefore focusinghe analysis
on the changes QC has on rainfall extrerf®esction3.3). Theydemonstrate that the targeted
removal of suspicious extreme values has significant impacts on return level estifiaady,

the results aradisassd in Sectior8.4.

3.2. Dataandmethods

3.2.1. Data surces

Rain gauge measurements were obtained from three network operators within GEAhe
NRW, and SEPAhighoperae these gauges for flood risk, water resource management, and
other operational needsPortions of these rain gauge records have previously formed part of
hourly datasets for the UK ewis et al., 2018; Blenkinsop et al., 2Q0Hnd of the GSDR dataset
(Lewis et al., 2019Here this datavas extendedwith updates to mie2018; however, only
rain gauges with subourly temporal resolution have been used to create what,the

I dz(i Kkddwdadge, s the largest sutourly rainfall dataset for GB. The inclusion of multiple
providers has resulted in a mixture of ifne records and 1%ninute rainfall accumulations,
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and to a lesser degree, measurement resolutions. All data were considered at tlygiraori

resolution duringSHQC.

A total of 1,301 rain gauges with shiburly data were identified. Their geographic distribution

and a histogram of their record lengths prior to QC can be seéiigumre3.1. Variations in
gauge density and record length are evident, with the highest density in ssaghEngland

and relatively sparse coverage in the Scottish Highlands. Rain gauges w#hr3@r longer
records are concdrated in England and western Wales, while Cornwall and Devon only have
records under 2§ears in length. The record length histogram shows that the bulk of the raw,
pre-QC rain gauges have between 10 and 30 years of data, with median record length at 20.5

years. In total the initial dataset contains approximately 27,600 station years of record.
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Figure3.1. Map (left) and histogram (right) of shburly rain gauge record length, in years. Rain gauges
with less than 15 complete years are highlighted in red on the map.

3.2.2. DataproviderQC

QC information was not available for NRW and SEPA data beyond missing data flags, while the
EA does provide information with a quality flag and comments. EA QC flagsigafeant
temporal and regional variations, with close to 50% of the EA data between 2003 and 2008
FfF33ISR a4 WdzyOKSO|1SRQ:z G4KSasS Ftl3a KIF@gS |
(Blenkinsop tal., 2017) The absence of QC data for a large part of the data, and the variations

in QC application within the EA, highlight the need for additional QC by users of this data,

consequently EA flags were not usedhe QC process.
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3.2.3. Quality contromethod

Two automated QC procedures were used on the rainfall data. The first QC stage was carried
out using a modified version of the GDQR algorithm i.ewiset al. (2021)on hourly totals
calculated from the raw suhourly data,the modifications are detailed i\ppendix A and

Lewis et al.(2021)cas a reminder, the UK case syugresent in this paper was written by this

0 KSaAa ago distingusihenodified algorithm from the GSBRC algorithm, and to
highlight that it operates on hourly data ontye first stage of Q@& henceforth referred t@as

the hourly quality contol (HQC)The latest version of the GSIQRC algorithm may be obtained

at https://github.com/nclwater/intenseqc, or https://pypi.org/project/intense/ (Lewis et al.,

2021) The second QC algorithm operates using-Babrly data, sat isreferredto as thesub

hourly quality contro[SHQ) Within it, the first checksensure rainfall data has the correct
frequency and resolution (SHQC/FR) before uaingultistage threshold approach (SHQC/T)

to identify suspicious rainfall periods. The SHQC Python scripts are available at

https://github.com/nclwater/SubHourlyQC

The raw sukhourly data with tiptime or 15minute resolution was aggregated to hourly
resolution prior toHQC The aggregation period consists of the 60 minutes prior to the hour,
therefore the rainfall accumulated for 08:00 is the total rainfall registered from 07:00:01 to
08:00:00 Thisaggregation differs from that used by the UKMO in MIDAS, which records hourly
totals with a 16minute offse(Met Office, 2020h) Tipping bucket rain gauge records are
temporally discontinuous as they register-times and omit zererainfall periods. Therefore,

the aggregation procedure constructed a continuous time series by adding zero values
between hours where precipitation was registered unless a missing flag data was present. In
these cases, the gaps between noero observations ere padded with missing data values
OWb! QUd ¢KS K2dzZNA YIFINJ SR & adzZaLIAOA2dza o6& GKS
the original sukhourly rainfall records, generating a baseline quatitytrolled subhourly

dataset which was then refined thugh SHQC.

A visual examination was undertaken of seasonal rainfall extremes present in tHestip
dataset after HQC highlighted suspicious events. For exafmigjereA.1 shows multiple 15
minute totals exceeding 50 mm in magnitude present in Wales and Lincolnshire during
autumn (SON). For reference, 50.8 mm over a 2.5 hour period was sufficient to cause
significant surfacewater flooding in NewcastleEnvironment Agency, 2012jherefore,
observing this volume of rainfall over -bdins would be highly remarkable and would merit
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investigation. The&sSHQGlgorithm was developed to identify and remove suspicious rainfall

measurements that may not be remarkable or suspicioustat tesolution.

The complete QC process was staged. First, the rawhsully rain gauge datasets were
aggregated to hourly resolution and subject to HQC (Bakle3.1 and the appendicesor
overviews, as well dsewiset al,, 2021for additional details). kS NX adz GAy 3 v/ QR
were then disaggregated to their original sbhburly interval before being subject to SHQC
(sections3.2.5and 3.2.6. Data gaps created by HQC were treated as missing Satéion

3.2.4 describes the methods used to evaluate QC performandde development and
implementation of the SHQC procedusshown nexbefore presenting the extreme value

methods used to study the impaof SHQC on rainfall frequency estimatinrsection3.2.7.
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Table3.1. QC tests and their classification

WMO test class Function GSDR-QC components HQC + SHQC components
Checks for repeated observations, impossible Daily and monthly accumulation tesfiag data where single instances of dai . .
Format formatting (e.gimpossible dates) or misplaced or monthly total rainfall values have been mistakenly included in hourly rai Daily and monthly accumulation tesSame as GSDRC

data records. SHQCfrequency and resolution checks

Intermittency testevaluates the frequency of periods with missing values in
gauge records.

Percentile and KLargest testshelp identify suspiciously low annual rainfall
totals and periods where missing data heen recorded with zeros.

Completeness Quantifies missing data in time series data Same as GSDRC

Examines consistency between different weatt
Internal observations (e.g. dry bulb and wet bulb Unchecked requires access to meteorological variables beyond rainfall. ~ Same a&&SDRQC
temperatures)

Pettit homogeneity tesdentifies break points in the time series, possibly du
to instrumentation changes.

Hour of day and day of week testsisure that no single hour of the day, or d

Temporal Tests the variation of observations in time of the week, concentrates rainfall occurrence. Same as GSDR)C
> Daily and monthly accumulation tes{sane as above) help ensure temporal
pfa consistency by avoiding large values preceded by zeros.
%]
g Hourly wet/dry neighbour test&entify suspiciously large values or dry
eriods by comparing a gauge with its neighbours in the database.
© . . . P . y paring a gaug . g . Daily and monthly check not implemented, hourly wet/dry
Spatial Compares gauges against its neighbours Daily and monthly wet/dry GPCC neighbour testsrk like thehourly wet/dry neighbour check only.
neighbour tesbut comparing rainfall data against neighbouring gaugtse
reference GPCC daily database.
Tests for consistency among different data PRCPTOTand R99pTO7tests:check that total annual rainfall and the annui
Summarization summaries, e.ghe sum of daily totals should contribution of daily 99 percentile rainfall are consistent with the local Same as GSDRC
equal the sum of monthly totals for a year reference values of these indices in the ETCCDI/Climdex databases.
UK 1-hr rainfall record test.compares hourly values against
. . the UKMO hourly rainfall record of 92 mm.
Global I-hr rainfall record test.compares hourly values against the world UK 24-hr rainfall record testcompares rollingvindow 24hr
T " . record hourly rainfall value of 401 m(hOAA NWS, 2017 ! : Ingvindow
Tolerance/ Set upper or lower limits to plausible observatic y ( . ) _ totals calculated from the hourly data with the UKMGH4
range values Rx1day testcompares hourly values against thedlovalue of the maximum rainfall record of 341.1 mrfMet Office, 2020c)

daily rainfall index (Rx1day) in the ETCCDI/Climdex reference dataset. .
SHQC threshold testdurther tests hourly, Fin, and 1

min rainfall totals against threshold values setdfach month.

Streak testchecks for repeated hourly rainfall values that exceed the local - ) ]
mean wet day intensity according to the SDIl ETCCDI/Climdsgrence Streak testmodified with a fixed hourly 20 mm threshold.

database. Drizzle testsame as GSDRC

Spike and Streak Tests for rapidly changing (spike) or unchangir pyiz7je testflags any period of over 12 hours with the samezem hourly Dalily streak testsame as GSDR)C.

(streak) values i
rainfall value. SHQC spike testemoves periods of fast tips associated w

Daily streak testchecks the timeeries for periods where daily data may be  rainfall spikes.
mi stakenly included in part of a

" PRCPTQ is the annual total precipitation on days with over 1mm of rai(@alhat, Alexander, Yang, Durre, Vose, & Caesar, 2013)
i RQ9PTOT is the contribution to total rainfall from days exceeding the 99th percentile threshold of all days with overraimfalbiDonat, Alexander, Yang, Durre, Vose, & Caesar, 2013)
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3.2.4. QC diagnostic tools

The effect of SHQC on extremes was evaluatatjusequency distribution plots for hourly rainfall,

the AMS of sulhourly and hourly rainfall durations, and extreme value theory. Frequency
distribution plots are a graphical representation of the entire frequency distribution of rainfall,
which makes ltem useful for identifying abnormally frequent data. The extreme value analyses
carried out to establish the effect of SHQC on return level estimates, are described in detail in

section3.2.7.

The frequency distribution of rainfall was examined by calculating the relative frequency of non
zero rainfall hours within discrete hourly rainfall bins; the relative contribution of rainfall within each

bin to total rainfall wa also calculated. Bin edges, are defined by:

. — Equation3.1
w Q )

where cand oare the lower and upper limits of the range to be partitioned iatnumber of bins.

This function is modified from a function presentedkiingamaret al. (2017)for use with daily
precipitation climate model outpuffwo ¢hdhé sets of parameterare used (0.2, 1@, 90) when
examining the complete hourly rainfall distribution, and (0.2, 50, 50) when examining different
SHQC threshold iterations. These parameters and function have been chosen because most hourly
rainfall totals are low, therefore narrower bins arsaful at the low end of the range, with wider

bins to characterise less frequent heavy hourly rainfall. The bin edges generated by (1) were
rounded to the nearest 0.2 mm to account for the minimum resolution of most tippuncket rain

gauges, and finall§.0 andbwere added as the smallest and largest bin edges, respectively.

The frequency distributions, i.e., the number of rainfall hours in each bin relative to the total number

of rainfall hours, and the relative contributions to total rainfall, i.dwe ttotal rainfall in each bin
relative to total rainfall across all bins, were calculated at each gauge, for each month, and at each
QC stage (raw data, after HQC, and after SHQC). Individual gauge relative frequency and rainfall
contributions results weraggregated across the entire dataset on a monthly basis and plotted using
log-log and semlog scales, respectively. These plots serve to examine abnormalities in rainfall
distributions which signal the presence of suspicious data. Ideally a smooth deanaainfall event
frequency should occur as rainfall magnitude increases, reflecting the rarity of large and extreme

events in observations.

Two sets of reference events were used to evaluate the performance of SHQC. A training set was

selected basedmthe preliminary examination of rainfall extremes carried out after HQC. All the
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hourly seasonal maximum precipitation events over 40 mm were selected, for a total of 68 events
with a nearly uniform seasonal distribution: 15 events were present from saakon, except for
summer with 23 events. Each event was manually quabtytrolled: first, 3hour totals for each

gauge and up to 10 of its closest neighbours (by distance) were calculated and compared. Then the
sub-hourly data for each of these eventsaw plotted and inspected for spiking or indications of
obstructions at hourly, 1Bninute and, when possible,-rhinute temporal resolutions. Intetip

times were calculated to identify fasipping problems in gauges with tjime data. Finally, the
UKMO ddy weather reportMet Office, 2020ay SNBE SEIF YAYSR AT R2dzoG& |
remained. All the selected winter (DJF) and spring (MAM) events were desuspicious, nine of

23 and two of 15 events were considered plausible in sum{dikand autumn(SON)respectively.

The presence of suspicious events after HQC reflects the difficulty of quality controlling a large
dataset where a balance must be stkulsetween removing suspicious events while also retaining
observed extremes and highlighted the need for further QC across the dataset. This data set and
the 1-min and 15min totals calculated for each event were the start of the SHQC threshold

development

A set of 30 validation events (listed irable0.1) were used after development of SHQC was
completed to ensure that the rainfall associated with observed surfémeding events were
preserved throughout the QC process. These events were recent examples of surface water flooding
events driven primarily by extreme rainfall, compiled from multiple sources such as flood
investigation reports prepared by local coundks part of their duties under section 19 (1) of the

Flood and Water Management Act 2010 by the EA as part of egoing work for the UK
5SLI NIYSYyld F2N 9yQBANRYYSYy(ds C22R 3 wdzNFt | FFI
Plan,Boosting Action in Suate Water¢ Workstream Bg Plausible Extremes in Surface Water
(DEFRA, 2018). Rainfall data for up to 10 gauges within a 30 km radius of each surface flooding event
were extracted for a dlay window extending 3 days prior and 1 day past the date in which flooding
occurred, the highest rainfall totals for durationstiveen 15minutes and 9éhrs were calculated

and compared prior and after SHQC to establish if these verified extreme events were removed or

not bythe QC.

3.2.5. SubHourly Q@lgorithm
Frequency checks (SHQC/FR) are required as the ralwosuly datasets contaed a mixture of
different reporting frequencies, ranging from daily to-times. To account for this the modal data

frequency for each month was calculated for each rain gaBgi@fall inanymonthswith reporting
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frequencies above min were replacedavith NA values. In addition, gauges with extended periods

of rainfall measurements with integer (1 mm) resolution were identified; these are possibly the

result of data processing or transmission problems where tip numbers were stored without

converting b mm values, although metadata was unavailable to confirm this. As with the frequency

checks, data resolution checks removing periods with integer rainfall measurements were carried
out at monthly timeframes. SHQC/FR checks ensure that the rainfall daiagdfor analysis is of

high temporal and depth resolutions.

The second step of SHQC consists of threshold checks (SHQC/T) that were developed iteratively:
threshold values were selected, evaluated using the tools described in S8@idand the set of

68 training events, and modified until a satisfactory result was obtained. The additional information
provided by sukhourly records was used in two different wagsiring the SHQC/T process,
reflecting the two different types of data available:4ime records and 1#ninute totals. Tigtime

records allow for a more thorough analysis of rainfall and its intensity, whitaih&te records offer

limited opportunitiesfor analysis beyond the threshold tests. Therefore, an Htifetime test was
implemented for use in gauges where-time records were available, while threshdidsed tests

were implemented for use in gauges without-times.

Thresholds for suspicioutata were selected for rainfall totals over three accumulation periods: 1
minute, 15minutes, and ihour. The 15minute period represents the native resolution for ~38% of
rain gauges, while-ininute totals are used whenever tiimes are available. Thrheld selection is

described in sectiof.2.6

The final SHQC/T algorithm tests rainfall data with monthly thresholds at increasing temporal
resolution. The algorithneperates on a gaugby-gauge basis. First, clock hours with rainfall totals
that exceed the hourly rainfall threshold (dol#) are extracted for every montim and added to a

pool of suspect hourly totals. The stiburly rainfall record for the Bour perB R 0 2 NJ WS @€
centred on each suspect hour is extracted and the measurement frequengy (F the data is
calculated. Two indicators are calculated for aficir periods: the number of large 4&in rainfall

totals (Nis) as well as the mean intensiof wet 15min totals()f ). Two additional indicators are
calculated for events that have tiime data (i.e., lwa  -mnip) available: the number of large 1

min totals (N) and the most frequent intetip time (Tmode). Large dmin or 15min totals are hose

that exceed the corresponding monthly thresholds for each month gldhd THs m respectively).
Warm month (MJJASO) events flagged by the hourly threshold that have eigret,r Ns=1 and

) >THsmare removed (as with HQC, suspicious events have their data replaced with NA values in
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the time series); for periods flagged dugi cool months i >0 is sufficient to justify their removal.

The more relaxed condition for warmer months, which requires more than one largeirifotal,

is intended to account for the higher probability of intense, convective showers during warm
conditions. This was added as a result of the validation process, Viduok that the strict criterion

used in cold months removed plausible summer events imirbgauges. The additional indicators

for events with tiptime data are used to remove events if yefast tipping occurs {bde < 2
seconds), or Nn>0. Metadata for all examined events are saved in a log file so users can examine

the SHQC/T results and identify any patterns among the removed events.

An example of how the final SHQC/T algorithm cantbe additional information available in sub

hourly rainfall records is illustrated with the large hourly total showrFigure3.2, which was
recorded by an EA gaugechted in northwestern England. This event has an hourly total of 51.2

mm, well below the UK record of 92 mm, and was not removed by the HQC algorithm. The-same 3

hr period is shown with increasing temporal resolutions matching those used by the SHQC/T
procedure. First a large hourly total is detected for 03:00. The data frequency check correctly
identified tip-time data, and the intetip time check was carried outmdse was found to be 1s, this

is sufficient to flag the -Biour period as suspicious andmove it by replacing the original values

with NA in the time series. In addition, thendin and 15min thresholds are exceeded, with N 4

and Ns = 1, confirming the period as suspicious. Posterior checks of the original EA metadata
provide increased g6 F A RSY OS Ay (GKS fI32NAIGKYQAa NBadzZ i
and snow was noted to have affected measurements between 28/12/2012 and 14/02/2013.
Snowmelt events are a frequent source of fépterrors in rain gauge dai@pton & Rahimi, 2003)

The veryfast tips detected by SHQC/Teaconsistent with a snowmelt event and represent
information which is not available when examining hourly data. Other causes difdpstg events

logged in rain gauge metadata include manual tampering and electrical faults, while the literature
cites vaetation blockages which when released can cause erroneaings(\Wood et al., 2000)

¢CKS AYLI OO 2F NBY2@QAy3 GKAA YR 20KSNJ fFNABS |

further detail in sectiorB.3.
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Figure3.2. Example of abnormally large rainfallEAgauge 589294Seathwaite Tarn, 08013-01-27 for
different accumulation periods. Tlieal thresholds used by SHQC/T for January at each accumulation period
are shown with a horizontal dashed line.

3.2.6. SHQC/T Threshdaddlection

Three iterations were required to obtain a satisfactory set of thresholds for the SHQC/T procedure.
The presence ofarge outliers in the seasonal maximum plots (€igureA.1) was checked during
each iteration as well asmooth distributions in the relative frequency plo&dure3.3 andFigure

3.5), and for good performanceith respect to thetrainingand validation set of events.

The initial set of thresholds were chosen to allow the algorithm to replicate the manual quality
control classification done on the training set of events. Values were defined for meteorological
seasons to reflect seasonalnations in the drivers ofsBprecipitation (Hulme & Barrow, 1997;
Chandler & Gregory, 1976yinter (DJF) and spring (MAM) were considered as cool weather seasons
when intense convectiorsiless likely to drive high stimourly extremes, while summer (JJA) and
autumn (SON) were grouped into warm weather months. Cool months had initial hounhginl5

and min thresholds of 30, 10 and 2 mm, respectively, with higher 20, and 5mm threstolds

set for the same rainfall accumulation periods during warm months.

These combinations yielded encouraging results for JJAS, which retained the same thresholds

throughout the iteration procesdrigure3.3 illustrates the effect that different SHQC/T parameter
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iterations had on the upper end of the rainfall distributions: iteration 1 results show a very sharp
drop-off in rainfall events was observed in the rainfaiétdbution plots for winter and spring
months (e.g., December and May), crucially, manual checks to some spring events revealed
plausible events had been removed. This motivated a second iteration where thmenl&nd tmin
thresholds for winter were ineased to 15 and 4 mm, respectively. However, these increases
allowed events flagged as suspicious in the training set to remain after SHQC/T during sing, (
February and Marclfigure3.3), as events in the training set that had been discarded correctly by

the initial thresholds were not removed by the higher thresholds of the second iteration.

The tradeoff between removing a sharp dregff in eventfrequencies and retaining the capacity to
identify suspicious events led to the use of the monthly thresholds shoWwahie3.2. The final 15

min and Xmin thresholds Bow a smoother transition between the high threshold values of JJAS
and the low thresholds in FMA, reflecting the annual GB cycle of increased and decreased convective
rainfall (Hulme & Barrow, 1997)Thresholds decrease at a slow rate during ONDJ as autumn and
winter storms, fuelled by relatig warm ocean waters, can still yield significant rainfall in short
periods of time. The rapid increase between AMJ reflects an increased possibility of convection in
May as days lengthen and warm up; the effect of these threshold changes is clearlyr gben i

smoother tail of extreme events in the May panelFagure3.3.

Table3.2. Monthly thresholds (in mm) f@8HQC/T

Rainfall accumulation Month
period D J F M A M J J A S @] N
1-hr 30 30 30 30 30 40 40 40 40 40 30 30
15-min 15 15 13 13 13 18 20 20 20 20 17 16
1-min 3 3 2 2 2 4 5 5 5 5 4 3

There are small changes to the total number of events remalgthg the iteration procesd=(gure

3.4). The number of events that were not removed by SHQC/T increased between iteration 1 and 2
as fewer events with tiime/15-minute data were removed due to exceedingiFHTHs m, the
numberof fasttipping events remained constant. Changes to hourly thresholds from iteration 2 to
iteration 3 increased the number of events evaluated by SHQC/T, which had remained constant
between the first iterations. The timing of the events being removed alsanged, with fewer
events removed in May and more events removed from October and November, in line with the

changed thresholds.
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Figure3.3. Loglog plot of relative frequency of hourly rainfall evemtsr 10 mm after three different SHQC/T
iterations, indicated with different line types and colours. Relative frequency is calculated by dividing the
number of hours in each rainfall biln, by the total amount of wet hours, registeredeach month,

these sums are shown here for the subset of gauges impacted by SHQC/T.
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Figure3.4. Cause for event removal according to data resolution and SHQC/T iteration.
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3.2.7. Extreme valuanalysis

The neteffect of QC on extreme rainfall analysibe target application, was tested using the
generalsed extreme value (GEV) family of distributions. The GEV is used to model the distribution
of extreme values of a series of independent observatian&y 8 which are blocked into
sequences of length, where¢ is large. The maximum valueséfblocks of observations generate
aseried ;M A  ,towhich the GEV can be fittelhe GEV is defined as:

"00wh, h Qon p , — J , Equatio 3.2
where’ is the location parameter, is the scale parameter ands the shape parameter. The value
of , determines the behaviour of the tail (extreme large values) and is used to classifythetGE
three families. The Gumbel distribution family corresponds to the subset of the GEV family with
mtand is described as light tailed, with a linear return level plot (a plot of return level estimates
against the logarithm of return period);,if 1tthe return level plot will be concave and lack a finite
bound, this behaviour is described as heavy tailed and the distribution belongs tcétteeEfamily;
finally if,  Ttthe distribution belongs to the Weibull family which is upper bounded with asegn
return level plot(Qoles, 2001)

Here a block size of a year was used to fit the GEV to the gjaglpe AMS extracted from sub
hourly data recalculated to 1&nin, 1-hr, 3-hr, 6hr, and 24hr accumulation periods. Years with
more than 15% percent missing data were exctidad a minimum of Iyears with complete data

was required at each gauge, this decreased the number of gauges available for analysis to 897
(Figure3.1). While longer records allow for more robust estimations, geographic coverage
prioritised, selecting gauges with longer records would have excluded Cornwall and Devon
(southwest Englandydm the analysis. The fitted GEV was used to estimate events with 0.2 and 0.1
annual exceedance probabilities (AEP); these have average return periods of 5 and 10 years,

respectively. These AEPs were chosen because the median gauge record length i$s:-20 yea

L-moments were used to estimate the GEV parameters as they aresuigdd for use in small
samplegHosking, 1990)This mehod has been previously used for the analysis of a large UK hourly
rainfall datase{Darwish et al., 2018, 202a} well as for global datasets. In particular an analysis by
Papalexiou and Koutsoyianr{Z13)of 15,137 globalhdistributed daily rainfaltecords found that

the GEV, parameter tended to 0.114s record length increased combination of graphical
analysesand hypothesis testings usedto test if SHQC has a significant effect ordue to its

importance to the behaviour of extremes.
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The dfect of QC on rare event estimates (up to 1% AHBO year return period) was evaluated
using an index flood type of regional frequency analfidissking & Wallis, 1997; Faulkner, 1999;
Reed et al., 1999; Stewart et al., 2018% usual for this family of methods, the AMS of different rain
gauges were standardised using their mean value and then pooled together. Regiomaleht

values were then calculated and used to fit a regional GEV distribution, including regional average

GEV shape parameters that have similar interpretations to sigaleye shape parameters.

Regions defined for all rain gauges contain the 14 rain gauges closest (according to Euclidean
distance) in addition to the target rain gauge, for a total of 15ssger region. Larger 25 rain gauge
regions were also tested (results not shown) but the addition of more distant gauges was
detrimental. The heterogeneity measuf® (Hosking & Wallis, 1997%yas used to evaluate the
quality of each region: ifO p a region is homogeneous, i.e., of good quality. The gauge
discordancy measur® (Hosking & Wallis, 1998grves as in indicator that a rain gauge is an outlier

to the region where it is includedzauges withO ¢ are considered discordafor regionswith 15

sites Regional homogeneity and the number of discordant rain gauges were calculated for all
regions before and after SHQA&II regional frequency analysis was carried out (R®evelopment

Core Team, 200&jsing the ImomRFpackaggHosking, 2019)

Regional returnlevel estimates and plots were compared before and after SHQC. UK return level
estimates for extreme rainfall are calculated using an index flood approach that does not fit a GEV
distribution (Faulkner, 1999; Stewaet al., 2013) howeverthe I-momentsapproach is widely used

in the literature (e.g.Fowler and Kilsby, 2003; Darwish al, 2018)and serves to illustrate the

impact of SHQC on regional frequency analyses.

57



3.3. Results and discussion

3.3.1. Data removed by QC

The different QC stages remove different amounts of wet hours and total rainfall, with SHQC/FR
removing the most wet hours and HQC rerimg the most rainfall{able3.3). This is expected as

HQC is run first and has a greater number of quality checks compared to SHQC. The average intensity
of rainfallremoved by HQC and SHQC/T is higher than SHQC/FR, reflecting the nature of each QC
stage, where SHQC/FR removes data with coarse measurement resolution or frequency while HQC
and SHQC/T remove suspicious extremes. SHQC/T checks examinedoa®&8riodsfrom 227

gauges, 597 periods were deemed suspicious (85%) and removed. Rain gaugeswitlad8 tip

time resolutions are evenly represented among removed periods (52% and 48% respectively); and
the proportion of events removed is very similar for bo#dmporal resolutions (86% and 84% for

15-min and tiptime data respectively).

Table3.3. Summary of data removed by each QC stage, all percentages are relative to the satv data
Average intensity of

QC Wet hours Rainfall[mm removed wet hours [mmht]
HQC 1® o p T (0.137%) ¢® L p TI(8.64%) 61.6
SHQC/FR & w p 1(1.59%) vd x p 1M(1.99%) 1.23
SHQCIT 902 (0.003%) o8 p p 1(0.12%) 36.3

3.3.2. QC validation with pluvial flood reports

Thethresholds used by SHQC/T preserve extremes associated with a reference set of 30 observed
pluvial flooding events. In total 184 rain gauges were found to contain rainfall data relevant to 28
floods (two events lie beyond the temporal domain presernthimdata and could not be evaluated).
Two of the pluvial flood events (Dawlish, Devon on 5/05/2012 and Bar Hill, Cambridge on
8/08/2014) had hourly rainfall totals large enough (exceeding 40 mm) to trigger the SHQC/T
algorithm, and both were deemed plausibdo SHQC component removed data associated to any
of the reference pluvial events, indicating that the thresholds are sufficiently high to avoid removing
flood-generating rainfall. An examination of the-iin and thr rainfall totals associated with these
pluvial flood events shows 4 instances wherasliglexceeded or matched; none of these coincide
with exceedances of Bbland in all events N =1 therefore they would not have been removed

evenifaloweHoK I R 6 SSy dzaSR® | adzYYINE 2F AUl OK S@Sy

While most of the observed pluvial flood events used for validation are well representid in

datasets (e.g., News#e upon Tyne, 28/06/2012 with observeeht totals over 20 mm in 4 nearby
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gaugesFigureA.2), very little rainfall was registered in nearby rain gauges for two seneater
flooding events at Bury St. Edmunds, Suffd®09/2014 and Coverack, CornwaR3/08/2017
(Cornwall Council &nvironment Agency, 2018; Suffolk County Council, 20183 is unsurprising

given the localised nature of convective showers and the sparseness of rain gauge coverage.

3.3.3. QC effects on rainfall distribution

The rainfaldistribution plot shownn Figure3.5a reveals the effect that HQC, SMQC/FR and SHQC/T
have on the rainfall frequency, with remarkable impacts on extreme values. Before any QC is
attempted the dataset contains a relatively high frequency of very large events with hourly totals
larger than 100nm. These values deviate from a smoothly decaying trajectory and show an increase
in frequency with event magnitude; something which violates the expected behaviour of rainfall
extremes. Note that the sharp increase in event frequency in the final bregoonds to all hourly

totals over 100 mm, although this behaviour is robiesthanges in the upper bin limand has been
observed when using highealues(up to 133 mm) in the binning function. The effect of HQC on

the rainfall distribution is clear, ith no remaining data over the UKMO accepted record of 92 mm

in an hour(Met Office, 2020¢)however, extreme hourly values continue to be relatively frequent.
SHQC/FR has a relatively small impact on the distributiohoofly rainfall totals as no large
deviations from the HQC data are observed. This suggests that the large number of hours removed
by SHQC/FR followed largely the same distribution as the HQC data, including some extreme values.
In contrast, SHQC/T furtheeduces the frequency of extreme hourly events, with a smoother decay

in frequency as rainfall magnitude increases than was obtained after HQC. This is desirable as larger
magnitude events should generally decay in frequency, especially for the larggesapnesented

here.
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Figure3.5. Relative frequency of rainfall (a) and contribution to total rainfall (b) of hourly rainfall bins before
QC ¢green), after HQC (redafter SHQER(purple) and after SHQC/(pink) Relative frequency is calculated

by dividing the number of hours in each rainfall 6in, by the total amount of wet hours, recorded in

the entire dataset.

Overall, total rainfall volume is dominated by the contribution of rsowith less than 10 mni{gure

3.5b); however, the raw dataset shows a very large contribution to total rainfall from the > 100 mm
hourly rainfall bin. This large contribution was traced to a single gaug&@bA30_FW) which has
15-min totals in excess of 9000 mm over a thiaaey period in November 2004 which were correctly
identified as suspicious by HQC. There are small differences bettveaelative contributions of
extreme rainfall to total rainfall for HQC, SHQC/FR and SHQC/T; therefore;cuaiig hourly QC
algorithm may be sufficient for rainfall data applications such as water resource management where

accuracy in representimginfall volume is of greater importance than representing extreme events.

3.3.4. SHQC effects on extreme rainfall
SHQC/T has the largest impact on the distribution of-lsolbrly extreme rainfall of any QC

component considered here. This contrasts with the fact that HQC and SHQC/FR remove much
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larger amounts of hours and rainfall from the databab&y(re3.5a). This reflects the targeted
nature of SHQC/T, which aims to distinguish between real and spuriotssuly rainfall extremes,

and the more general checks contained in HQCSIHQC/FR.

SHQC/FR and SHQC/T have different effects on extremes, with SHQC/FR causing shorter AMS as
periods with undesirable frequency or resolution are removed while SHQC/T does not affect AMS
length as it removes much shorter perioddgure3.6). Rain gauge records modified by SHQC/FR
show strong clustering in southwest and central England, as well as in southern and the central belt
of Scotland. This suggests thaetmixture of hourly and suhourly records or the storage of tip

numbers rather than rainfall amounts are both systemic errors in data recording and storage

procedures.
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Figure3.6. Reduction in gauge AMEgith (years) as calculated by subtractmgnumber of years present in

the AMS series of each rain gauge at the QC stages shown in the panel.hRaitergauges without
differences have been omitted. A maximum of 15% missing data is allowed in afgeauiitis considered
AyO2YLX SGS yR NBY2@OSR FNRBY | 31 dz3SQa !a{xX GKSNEBA
YdzYo SN 2F O2YLX SGS @SINB Ay (GKS 3IIdASQa NBO2NR Y
represents the combined effect of @B/FR and SHQC/T. not an additional QC stage.
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combined effect of SHQC/FR and SHQC/T, not an additional QC stage. Rain gauges witragsdiféare

been omitted.
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removal of rainfall periods believed toebspurious based on their stiourly properties. This
targeted removal of plausibly erroneous extremes does not generally result in a shortening of a
3| dz3 S QRigure3®){ Thedlarge amounts of data removed by H@&@bendix Aresult in shorter

rain gauge records that contain extreme events of reduced magnitude compared to the records
prior to QC Figure3.6 andFigure3.7). While some clustering is seen in gauges modified by SHQC/T,
there is less evidence of systematic errors. The presence of multiple gauges with errors in Wales,
Cumbria and the Scottish Highlds could suggest snow blockages as a cause for some clustering,
however, evidence of snow blockages has been found for gauges in southeast England and there is
no strong seasonal pattern to the monthly count of events removed by SH®@(Fe(A.3). Rain

gauge meta data did not detail whether gauges were heated

3.3.5. Impact of SHQC drequencyanalysis

In this section the analyses have been made considering the change3HREE/T has made to rain

3 dASaAaQ !'a{® {lv/kCa OKIy3aSa (42 !'a{ KI@S 0SSy
and SHQC datasets as SHQC/FM handles data frequency and formatting limitations rather than
erroneous values. All the changes presented in thitisn are therefore due to the removal of data

deemed suspicious by SHQC/T.

Regional heterogeneity aniscordanigauges

The removal of erroneous, outlying values by SHQC/T improves the performasaeeasured by
regional heterogeneity and number ofsdiordant gauges of regional frequency analysis across all
durations. The number of homogeneous regions at increases by at least 10% aftefTaHI@&4),
except at24-hr, where a smaller 2% increase reflects the masking effect of data aggregation and the
decreasing likelihood that a 24 annual maximum coincided with a value removed by SHQC. The
overall increase in homogeneous regions after SHQC is not uniforniputisd (Figure 3.8)
substantial improvements can be seen in Kent (all durations), southern Wales t¢l 6-hr
durations) and east of the Severn Estuary (all durajioesme reductions in the homogeneity of
some areas are also seen (e.g., southern Scotland,-atid®luration). The number of regions with
discordant gauges is also reduced after SHIQB1€3.5), again the effect is smaller at-24 than it

is at shorter durations.
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Figure3.8. Heterogeneity measure of Hosking and Wallis (1997) eslated for a 15ain gauge region
centred around each rain gauge location. Regions with H < 1 are considered homogeneous and of acceptable
guality for regional frequency estimation.

Table3.4. Number of homgeneous regions (H < 1) after HQC and SHQC and the % improvement calculated
as’Oani € 0 QW Qeparar

Duration HQC SHQC Improvement (%)
15-min 690 773 12

1-hr 784 861 10

3-hr 745 848 14

6-hr 627 731 17

24-hr 841 854 2

Table3.5. Number of regions with discordant gaugégach durationafter HQC and SHQC

Discordant 15-min 1-hr 3-hr 6-hr 24-hr
gauges in
region HQC SHQC HQC SHQC HQC SHQC HQC SHQC HQC SsHQC
0 913 1000 844 937 887 976 860 928 907 892
1 341 262 406 327 364 284 390 301 355 376
2 30 22 34 20 31 23 34 55 21 15
3 NA NA NA NA 2 1 NA NA 1 1

Impact of QC on GEV shaga@ameter
SHQC has a moderating effect on both sirgglage(FigureA.4) and regionalFigure3.9) estimates
of the GEV shape parameter, Focusing on the more robust regional estimates, pfand

considering regions that are homogeneous, the distributionstuéfore and after SHQC are distinct

64



for all durations under 24hr. This is evident both in the empirical and fitted normal disttiitys

shown inFigure3.9. Mean, values are lower after SHQC (except ah24vhere they are the same).
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Figure3.9. Empirical distributions of the regional GEV shape parameter for each duration, after HQC and SHQC
¢ for regions with acceptable heterogeneity (H < 1). Fitted normal distributions are shown as dashed lines, and
the mean values of each distribution are shoas vertical linesNote that this plot does not account for
uncertainty in GEV parameter estimatitreach region

The distributions of singlgauge estimates qf show strong similarities between 4fin and thr
durations, as well as betweent8 and 24hr durations FigureA.4). This effect imbsentin the
regional estimates of , with some small similarity between 18min and Z%hr duration, ,

distributions across all durationsre clearly different Kigure 3.9), these differences have been
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confirmed as statistically significant with ngarametric AndersoiDarling tests There is a trend
towards lower mean values as duration increases, from 0.14 aimiif to 0.06 at 24hr, both after
SHQCIt may be speculatethat thistrend ¢ observed before and after SHQf@flects differences
in the physical mechanisms that generate extreme rainfall at different durat{dors/ectiveshort
durationrainfallextremestend tobe localisedhenceit is unlikely thatarain gaug will capturevery
high intensitiesmultiple timeswithin the relatively short records examined heta contrastlong
durationrainfallextremes are morgeographicallyvidespread andlriven by largeiscale synoptic
conditionsmore than shortduration extremes with relatively smaller variation between events
These differencebetween rainfall typeshould lead to AMS with higheoefficient of variéion (the
ratio of standard deviation over meaa) short durationsand hence todrger, values evidence of

this can be seen in Figure A.5.

The observed trend in values as duration increasesntradicts results presented vereemet

al. (2008) and Steplensonet al. (2016) which found no trend in estimates across durations
between thr and 24hr, the former studied a 1-Bauge region in the Netherlands, and tladter
studied 182 rain gauges in New South Wales, Australia. This decreasing trealdaoncontradicts
conventional assumptions in the construction of IDF/DDF moketaitsoyiannis et al., 1998;
Faulkner 1999; Stewart et al., 201L3Note that the effect of uncertainty in GEV parameter
estimation is not accounted for in this study beydhd inclusion of return level confidence intervals
below. This uncertaintilasto be addresseads part of a dedicatéstudy regarding the variability of

, and other GEV parameters with rainfall duration.

The majority of, values for all durations are positive (especially at hourly andhitbdurations),
indicating that a Fchet distribution family i®ften agood fitfor extreme 15min to 24hr rainfall

in GB, and implying that it is unlikely that an upper bound exists on the distributions of @Risub
rainfall extremes.The distribution of , across all gauges is well approximated by the normal
distribution (Figure3.9), something that has been previously observed for daily rainfall at a global

scale(Papalexiou & Koutsoyiannis, 20,1&8nhd which may be useful for simulation purposes.

Impact of QC on return level estimates

SHQC moderates the largest return level estimates of evehtsoB shorter, in both singlgauge

and regional analyse&igure3.10 and FigureA.66), with changes more evident for higher return
periods due to SHQ@oderated, values which reduce growth curve steepness. SHQC has much
smaller effects on#ir and 24hr return level estimates. Overall differences in regional return level

estimates are modest, with most regions showing differences under +Fi§6r€3.11), though
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changes in single regions can be substantial: for example, at Ashcombe, Devon, the regional 24
0.01 AEP estimates of 111.5 mm and 97.7 mm before and after SHQMyitfé¢% (relative to the
SHQC estimate). Differences at shorter durations can be larger, for example, at Dowdeswell,
Cheltenham there is a 7.6 mm (29.5%) difference in the 0.01 AERinlEeturn level estimates
before and after SHQC (final value: 25.8 ynm

The merit of regional frequency analysis is clear as suy@lge estimates can have much larger
differences due to SHQ@r example, the largest difference forzd-hr event at 0.1 AERt an
individual gaugés of122.1mm, with a SHQturn levelestimate of107.6mm. Thisl13%error is

much larger than the mean event at this accumulation period (63.4 mm). Regional frequency
estimates pool AMS from multiple gauges, reducing the influence that single gauge outliers have on

return levels.
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Figure3.10. Return level estimate violin and box plots at different annual exceedance probabilities (top panel
labels) and event accumulation periods (right panel labels), after HQC and SHQC for all regionptatileacce
heterogeneity (H < 1). Violin plots are density plots, mirrored about the vertical axis and plotted using a kernel
density estimate. The bold line in the boxplot inserts shows the median, the upper and lower edges of the box
show the 75% and 25% qudes respectively, whiskers extend up to 1.8he interquartile range beyond

the box edges.
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Figure3.11. Percentage difference in regional return level estimates before and after SHQC draimtialhs

indicated on panel tops, AEP on panel right. Regions with +100% difference were heterogeneous prior to SHQC
and homogeneous afteBHQC and regions with100% difference aréhomogeneous before SHQC and
heterogeneous after SHQC.

3.3.6. Return level eBhate case studies

The impact of SHQC on singi&e return level estimates was evaluated using two sites: Seathwaite
Tarn, located in Cumbria at an elevation of 378 m and in a sparsely populated catdnsteiotbe
confused with the nearby Seathwaite Ragauge)and Temple Ewell in Kent, at an elevation 29 m
and upstream of Dover. Both regions are prone to flash flooding, with multiple instances on record
since 170QArcher & Fowler, 20219nd Temple Ewell sits upstream of Dowe the catchment of

the River Dour, where intense rainfall has caused floofidayer District Council, 2019)

SHQCI/T inspected 5 episodes at Seathwaite Tarn, of which 4 were removed duetippfagt
behaviour, including the 51.2 mm tdy total seen inFigure3.2 and discussed in Sectidh2.5

These removalsaused two changes to the 4Bin AMS, with the values for 2013 and 2015 changing
from 50.8 mm and 38.4 mm to 11.4 mm and 5.8 mm, respectively. At Temple Ewell 4 episodes were

examined, with 2 removals due to fast tipping and one due to the presence dii@svaver Tl m.
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and one episode in 20/12/2009 may be associated with snowmelt according to checks against the
UKMO Daily Weather Summary for the dgidet Office, 2020a) The 15min AMS series was
modified, with values from 2000 and 2009 changing from 16.4 mm and 41.6 mm to 15.6 and 13.4

mm, respectively.

Figure3.12 shows how the premnce of suspicious large values prior to SHQC produces a poor GEV
model fit (panels a and c for both gauges). Betiehaved models that more closely approximate
the observations are observed after SHB@re3.12b and d) for both gauges). Note how the GEV

models become less convex after SHQC as the estimateeduced in both gauges.

Seathwaite Tarn, Cumbria Temple Ewell, Kent
aj HaC b) SHQC a)HQC b) SHQC
8 8 8 8
=) e 24 =) @ -
PR R s 2 P 2 @
3 5 ] 5
S 84 e 2 B S 84 2 84
7 2 g
g o g g 1 &
T y/’ [ o o da 8 o — & s
e - - —
sl s o g
° 7}”"”@ = A”M 21 252 2 e
N _Of,@y J’_/M
T T T T T T T T T T T T T T T T T T T T
10 15 20 2 30 ] 8 10 12 114 16 18 20 10 15 20 6 8 10 12 14 16
Madel Quantiles Model Quantiles Model Quantiles Model Quantiles
cjHac d) SHQC c)HaC d) SHQC
8 : p & 8 8
- 8 / = 94 - = - 2
£ ; // £ £ g
s s s - s
3 = -~ >
) P R iR / R
- E € / =
3 o 3 3 -
é g4 - € o __,/ g o4 - € g
3 B — R
T e T e T
o daatST o | ot o | seme o | pemee
:
2 5 10 20 0 2 10 20 50 2 5 10 20 0 2 10 20 50
Return Period (years) Retum Period (years) Retum Period (years) Retum Period (years)

Figure3.12. QuantileQuantileplots for the 15min AMS after HQC (a) and SHQC (b), with observed quantiles
(y-axis) against GEV model quantileaxs) plotted with a 1:1 straight line for reference. GEV return level
estimates (solid curves), 95% confidence intervals (dashed livteshgervations (points) for data after HQC

(c) and after SHQC (d) are shown for the same gauge and duration. The rain gauges shown represent high
elevation western (Seathwaite Tarn, ~378m) andlyang eastern (Temple Ewell, ~29m) locations.

Regional reurn level estimates for Inin accumulations after SHQC are shown to be significantly
different at both locations as they lie outside the confidence intervals of the HQC estirrajass(
3.13). The associated confidence intervals are narrower compared to their sitglestimates, and
SHQC is shown to reduce regionahlues as the curves are less convex after SBRQC improves
the homogeneity of the regiomaround Seathwaite Tarn, witl® reducing from 5.34 (indicating a
poor, very heterogeneous region) to 0.55 (acceptably heterogeneous). SHQC worsei@dthes

in the Temple Ewell region 0.15 to 0.66, though both indicate acceptable regional heterogeneity.
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Figure3.13. Regional return level plots for-8@uge regions centred at Seathwaite Tarn and Temple Ewell.
Solid lines indicate return level estimates, while dashed lines indicate 90% confidence upper and lower bounds
for these estimates.

71



3.4. onclusions

In this chaptera QC algorithm for rainfall that operates using $wurly datawas developed,
providing significant improvements to the quality of the resulting datasegpecially when
considering applications such as extreme value analyidie algorithm, based on mahly
thresholds and intetip time checks, can identify and remove faults present inisabrly rain gauge
data while accounting for seasonal variations in rainfall intensity. Therdfe€C algorithm serves

as a useful quality assurance tool for raiuge datasets, especially in cases when manually checking
all data would be unfeasible and/or for locations where corroborating datasets (e.g., radar or

satellite rainfall estimates) are unavailable.

Threshold selection is an important aspect that corgrble number of events that are checked and
removed. The values selected for GB produce good results relative to the manually -quality
controlled training and validation event sets by removing false events while retaining known events.
There is nomuchsersitivity, in terms of data removedp changein thresholdvaluesas these are
deliberately very high relative to thainfall intensitiesobserved in GB rain gauge recarileeSHQC
methods can be rapidly tuned to different locations by selecting differerb,h,HHsmand TH m

values according to knowledge of local rainfall extremes. Caution should be used when selecting

thresholds to balance the removal of faulty data whi¢aining real extremes.

The use of rain gauge observations with $wurly resolution (e.g., tggimes or 15min totals)
provides valuable information for QC that is not available when considering hourly or daily bata.
fasttip checkwas confirmed & a good indicator of faults such as snowmelt events or blockages
(Upton & Rahimi, 2003}s it can detect very fast changes in rainfall intentigt are unlikely to

2 00dzNJ Ay ,HmikidteSt©areShai fogdibke with -bdinute data as the aggregation process
disguises these changes in intensiperefore, rain gauge records should be checked using data at

the highest resolution available to maximise the information available to evaluate veracity.

Extreme rainfall values, such as seasonal maxima and AMS, are improved after SHQC through the
removal of spurious values. There is a greater impact on stharation rainfall totals (dhr or

shorter) as the aggregation process to obtaihrér 24hr totals can mask out the sthourly errors

that SHQC evaluates, however changes were observed acr@sskibted accumulation periods
(15-min, 2-hr, 3-hr, 6:hr and 24hr).

The use of SHQC to remove suspicious data has a significant impact orgauggeand regional

estimates of the GEV shape parameter from the resulting dataset, with a moderating @iféuoe

distribution tail due to the reduction of large values., is found to decrease with rainfall
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accumulation period, from 0.14 at 4&in to 0.06 at 24hr.; therefore, extremes of shoduration
rainfall are more heawailed than extremes of londuration rainfall in GBThis also reinforces
previous evidence that the type of rainfall events that generate sbaration extremes differ from
those which cause extremes for accumulation periods-bf 6r greater(Darwish et al., 2018; Hand

et al., 2004)

Conducting SHQC has a significant impact on sgayige and regional return level estimates
corresponding for 0.2 to 0.01 AEP events when using the GEV distribution. Differences at individual
regions and gauges can be substantial (> 10%) however, average differences are under = 2.5% for
most regional return level estimates. The reduction in magte of the rainfall estimatekighlights

the importance of QC for engineering applications and to provide improved validation datasets for

convectionpermitting climate models.

The work in this chapterillustrates that different levels of QC may be abit for different
applications. Higlguality QC based on hourly data is sufficient for applications such as water
resource management and planning where annual or monthly rainfall volumes are key as the events
removed by additional subhourly QC represena small contribution to total rainfall volumes.
Applications where an accurate description of extreme rainfall is required are those that stand to
benefit the most from additional SHQC. These applications include statistical analyses of flooding
driven byextreme rainfall such as those witnessed in Europe and China during summer 2021, the
development of design rainfall guidance required to provide adequate infrastructure, and the

validation of climate model output.
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Chapter 4. The creation and climatology of a lamgdependent rainfall event

database for GB

4.1. Introduction

The duration and volume (or depth) for rainfall extremes and how they relate to each other are a
key determinant of flood magnitude and extefifaulkner, 1999; Kjeldsen et al., 2005; Chow et al.,
1988; Redfern et al., 2016; Veldhuis et al., 2018; Cristiano et al.,. ZB4vgme rainfall and their
characteristics are especially important in urban and fast response catchments due to the rapid
2yasSit 2F NHzy2FF Ay (GKSAS aeadsSvya g KWestkaet@l,y € S
2014; Archer & Fowler, 2015pespite the importance of rainstorm duration, most analysis of
rainfall extremes in the UK and worldwitd@s been carried out using fixebliration daily(Osborn

& Hulme, 2002; Osborn et al., 2000; Fowler & Kilsby, 2003; Jones et al., 2014; Osborn & Maraun,
2008)or hourly (Darwish et al., 2018, 2021; Blenkinsop et al., 2017; Kendon et al., 2iatll

totals. This approach contrastwith eventsbased modelling of rainfall where independent
rainstorms are extracted from timeseries datRestrepePosada & Eagleson, 1982; Serinaldi &
Kilsby, 2013; Serinaldi & Grimaldi, 2007; iehele & Ignaccolo, 2013; Jun et al., 2018¢re
rainstorm duration is not constrained and is instead determined using statistical or empirical
methods. The use of events allows for a determination of theltchgation of the rainstorms that
resultin hourly or daily rainfall extremg8arberoet al,, 2019) it al better reflects the properties

of rainfall, as artificial constraints on event duration are avoided.

Eventbased studies of UK rainfall have focused on a limited number of extreme events. They show
clear differences in the drivers of extreme rainstorfos < or > 4hr duration, with convective or
frontally forced convectiory including mesoscale convective systemgredominantly causing
shorter-duration extremes while longeduration extremes tend to be frontally or orographically
driven(Hand et al., 2004; Clark & Webb, 2013; isefvGray, 2010)

In thischapterthe quality-controlled subhourly rain gauge dataset for @Bscribed in Chapter 3 is
used to identify and extract over 70,000 rainstorms associated to folechtion AM rainfall
intensities across a range of shburly to daily durationsThe methods used are detailed in Section

4.2. The results (Sectich3) first exploresthe size and overall properties of the rainstorm sample,

! There is no objective true duration to rainfall events, indéedntain challenge in an evemsed analysis is the
definition d what constitutes an everand there are a range of approaches that may be used. As section 4.2.2 details, the
time between storms is used to separate events in this thesis. Alternative methods incltukesfidadifinitios, where

the rainfall that tggers a flood is considered as an eyentmeteorological definitiwhere rainfall is linked to the
synoptic or mesacale events that cause rainfall.
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an examinationof rainstorm characteristics follows, befostudyingthe seasonal and regional
variations of rainstormsFinally,Section 4.4 contains a brief discussion of the resultischapter
represents both the largest study of the characteristics of extreme rainstorms foo G&te, and

the first largescale exploration of GB stitourly rainfall.

4.2.Data and methods

4.2.1. Rainfall data and quality control

ub-hourly resolution rainfall data available from three rain gauge network operators waBithe
EA NRW, and SEPA. The quatibntrol and preparation of this stiourly rainfall datasetvas
detailed inChapter 3.

The spatial coverage of the data includes Great Britain and some surrounding istands4.1).

Gauge records, after QC, are longest near central England and shortest in the peripheries of
Southwest England and the Scottish Highlands. The median record length of the gauges is 17 years
and only 42 gauges exceed 30 yedig\ired.1a, c), barring any trend analysis. Rain gauges were
classified into 5 regiong-{gure4.1b) defined for hourly extremegDarwish et al., 2021tp study

spatial patterns in thedata. Most of the data is held as tipne records, ~38% of gauges have

coarser, 15min accumulation data.
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Figure4.1. Map of rain gauge locations and record duration after QC (a), regions of exttanmairifall
(Darwish et al., 2021yith number of gauges, N, per region (b), and histogram of record duration after QC (c).
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4.2.2. Rainstorm definition and saiing

Annual maximum series and rainstorm definition

Ordinarily samples of extreme rainfall follow either a bloc&ximum or a POT approa¢@oles,

2001) The block maximum apprdads frequently used to study the frequency of extreme rainfall
events in the UKFaulkner, 1999; Fowler & Kilsby, 2003; Stewart et al., 2013; Darwish et al., 2018)
Ablock length of one yeas used her¢o sample, at each rain gauge, the AMS of 10 durations that

are of interest in engineering applications; 30, and 15minutes; %, 1-, 2, 3, 6, 12, and 24
K2dz2NE® LF | @SFEN) gAGKAY | NIAY 3Fdz3SQa NBO2 NI
FTNRY (GKI 0 The amySi<isicustdan{sdbhourly to subdaily AMS as these are the least

well understood rainfall extremes in the UK.

In this thesigainstormsare periods of continuous or neagontinuous rainfall that are separated by
sufficiently long dry spells. This is distinct from rain accumulations of arbitrary durations (e.g.,
hourly, or daily rainfall totals) as rainstorm durations are not-getermined. Rinstorms may

contain multipleAM values these are the individual rainfall totals accumulated over an arbitrary
RdzNF GA2Y GKFG YIF 1S dzkdurdtion MMst efhbeddedizg@ti8rrdinstoras{a®e  { K :
referred to asburstsin some literature (e.gBallet al., 2019) The presece of multiple AMs in a
rainstorm complicates the extraction and identification of independent rainstorms; an example of

this is shown irFigure4.2 where five AMs for drations ranging from -Ar to 24-hr are part of a

larger 39hr rainstorm.

L

2009-11-19 2009-11-20

@

)

5-min rain accumulations [mm]

|

AM duration [hr] 2 3 6 12 24

Figured.2. Rainstorm of 18 to 20 November 2009 at the Honister_Tel EA gauge. Five embedded AM values of
different durations are indated using coloured rectangles below thmi resolution time series data. The
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dashed vertical lines indicate how each labelled segment was identified and added to the rainstorm by the
event extraction algorithm, described in Sectdoh 2

All the AMs in this paper have been calculated usiidjngwindow accumulationgo find the true
maximum rainfall at each duration. Fipne data allows fofully-slidingcalculations where the start
of the accumulation period can be positioned at any point in the timeline; howevemnihbte data
can only be aggregated usisgmislidingwindows and discretization effects are unavoidable. The
use of a combination of subourly data and slidingvindow totals implies that the AMs presented
here are on average larger than those calculated using hourly(@aavart et al., 2013ylorbidelli

et al., 2017)

Timebetweenindependent rainstorms

The defining characteristic of a rainstorm is the minimum time between independent rainstorms
(6 ). This may be defined by using expert knowledge of the climatology of the region under
consideration; however, its definition is not straightforward and may contain a degree of
subjectivity (Bonta & Rao, 1988; Koutsoyiannis & Mamassis, 2001; Marra et al.,. Z0#6)
subjectivity is associated to the use of discrete events, where there is an inevitable level of
arbitrariness in the definition of what ostitutes an event.Scaleinvariant representations of
rainfall, such as power spectrum approaches, represent alternative to both arbitrary rainfall

durations and events, however they are not explored here.

Seminal work byrestrepePosada and Eagles@@®82)established a statistical method to calculate
0 based on theassumptionthat independent rainstormshouldfollow a Poisson arrival process.
This is based on th&tatistical characteristics of poimtr instantaneous eventsf these events are
completely random then their arrival is described by the Poisson prqg@sgman, 1993and the

distribution of interval® Q a 6 Salriga®s & ¢xponentially distributed:

"M 1Q h o m Equatiord.1
where] is the average rainstorm arrival rate, and therefore is the mean time between

rainstorm arrivals.

However, the Poisson process is a mathematical concept and no real phenomenon will behave
exactly in accord with {Cox & Lewis, 1966 the case of rainstorms, the arrivals hawan-zero

durationo therefore overlapping events become possible. To avoid thiatithtionalcondition:

1To0LoPp Equatior4.2

where0 is mean storm duration, needs to be introduced.
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If the assumption that a Poisson process holds for rainstorms is accepted, then the time between
rainstorms,0 , should follow an exponential distribution with the same goodness of fifcagation
4.1, given that the condition irEquation4.2 is maintained(RestrepePosada & Eagleson, 1982)

thereforeit is expected that:

Mo 1Q h o ™ Equatiord.3
If 0 is a small valuand Y0 , is a wet interval, it is highly probable that rainfall is present in an
adjacentYo A Yy G SN f 6 A GKAY I, asNlisAkgly tBat teSyhdptc onnfes6Kaled S NJ
event which generated the first wet interval will be -going during the secdl interval. AsO
increases the dependence between adjaced will decrease(RestrepePosada & Eagleson,

1982)

To obtain independent rainstorms, these need to be defined so that all rainfall that is separated by
0O 0o is considered to belong to a single rainstorithe value ofo can therefore be
iteratively increased until an exponential distribution f&@ 0 ¢ and rainstorm independenceis
achieved. The value af where this is met (subjecto also satisfyingequation4.2), is o

(RestrepePosada & Eagleson, 1982)

A modified version of the Restrep@osada & Eaglesongakithm is used(see Supplementary
Information)to calculated . In essence the algorithm estimatés by iteratively testing different
dry spell durations until rainstorm arrival times are exponentially distribukeat. each gauge the
maximum contimious dry day (CDD) index value present in the closest grid of the GH{INIIEX
Alexander, Yang, Durre, Vose, & Caesar, 28d8)HadEX2Donat, Alexander, Yang, Durre, Vose,
Dunn, et al., 2013FClimdex datasetss usedas an upper bound on the duration of the dry spell
betweenstorms.Longer periods without recorded rainfall present in the data are caused by missing
data or due to the removal of suspect data during QC, and their presence may lead to dias in
estimates.CDD represents a reasonable maximum for dry spell curats it is based on the high
guality daily observations which underpin theseices. Additionaldetails regarding the calculation
of 0 are identical to those presented in the appendixRastrepePosada and Eagles@®82)and

are included in Appendix.B

The spatial distribution of minimum rainstorm interarrival time<sBshows a clear and remarkably
smooth pattern with the minimund values in northwest Scotland and elevatedstern regions
of GB such as the Lake District and western Wales, \onigger dry spells are required for rainstorm

independencdn eastern and central EnglanBigure4.3). This matches the spatial distribution of
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UK annual precipitatioand rain daygHulme & Barrow, 1997; Met Office, 2018)is known that

0 varies with climate and tends to be larger in drier climates, allowing for longer dry intervals to
exist within independent rainstorms at dry climate locatigRestrepePosada & Eagleson, 1982)
This is a result of increased rainfall clustg in dry climates: in dry locations with infrequent rainfall

it is likely that consecutive rainstorms are caused by (i.e., dependent on) a single synoptic or
mesoscale event. This contrasts witlet regions with highAARtotals and more frequent rain
segregated by shorter dry intervals. The clustering in dry regions leads to targedueswhile wet
regionsrequire fewer dry hours (lowed ) for rainstorms to be statistically independent of each
other. Hence thelow 0 values in the wet, westa areasof GB, and théiighero values in east

and central England.
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Figure4.3. Minimum storm interarrival tim& (hours), for rain gauges in Great Britain.

Rainstorntimeseriesextraction
The second samplirgjepisto extract the time series data for the independent rainstorm associated

with each AM. To obtain complete rainstorpa extraction algorithm similar tthat used in the
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development of the Australian Rainfall and Runoff design guidéBak & al., 2019; WMAwater,
2015)wasimplemented In it search windows are iteratively used to identify rainfall which may be

apportioned to a rainstorm.

The extraction algorithm has three main phases, in the initial phBggie4.4a) thetime series
data belonging to a single AM of any duratiendentifiedand treated as thecore of the rainstorm.

The AM timeseries is examined and all dry inter@ajsare compared against ,ifanydo, 0

then the timeseries is split and the AM is classified asrapound annual maximufCAM) as it
contains two or more independerrainstorms These events can also be viewed ragistorm
clusters CAM rainstorms are extracted as two or more rainstorms but are otherwise treated

similarly to AM rainstorms.

Once the rainstorm core(s) is identified, the main phase bedtitgi(e4.4b). Here a series af
search windows are used to expand the rainstorm timeseries forward and rearward. The behaviour
of each search window is controlled by the windowration, “Y [hr], and a threshold depthQ
[mm]. The functioning of each search window is explained below, followed by a description of the

durations and thresholds used.

The forward search is executed first. Any remro observations withiflY time2 ¥ G KS NI Ay &
first observationF, are identified and their total deptly [mm], iscalculated. IfY = 'O then the
candidate observations are added to thenstorm time seriesnd the first of these candidates is

used adg-and the search iepeated If'Y 'O (orif there are no candidates) then the candidates

are discardedand the rearwards search is startefin analogous search at thear of the rainstorm
timeseries is carried out aftehe forward searchpnce this is complete thelgorithm proceeds to

the next search windoywntil all windows have been exhausted.

Variouscombinations ofd 'Y, andO were testedbefore settling on usin@ windows The first

window 0 p A& RSAAIYSR (G2 |RR Iye 2tieA8ooembysdting a (K
'O under the minimum resolution (0.2 mm) for tippifmyicket rain gauges and as 15minutes to

match the temporal resolution of the stourly gauges that do not have tipme data. Window 2

requires at least two noszero observatns within an houfO 1™ mm,”Y phr)andis used as

an intermediate window between immediately adjacent rainfall, extracted by window 1, and more
distant rainfall extracted by window 3. The final windemsures independence between a
rainstorm and anyadjacent rain by using@ as”Y. An initial value of 0.2 mm was used@s

however this led to some very long rainstorms that included isolated single tips before or after the
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main burst.To avoid thiswindow 3 avoids the use of a fixed rainfalteshold and instead requires
that a minimum rainfall intensity of 1 mm tiibe present for data to be added to the rainstorm,
therefore’ O (in mm) is set as equal t& (hr).Thisreduces the possibility of long dry spells being
present between a rainston andisolated single tipsas more substantial rainfall is required to
include it in the rainstormTests with'Y ¢hrandO pd& & prior to the use ob (not shown)

are largely consistent with the results.

In the final phase, a regular time series is generated from thehsuwinly data after identifying all
the observations that make up a rainstorm. Anfn accumulation period is used for tipne data
and a 15min accumulation period is used for gauges with this temporal resolution. A set of
summary statistics described in Secti2.3are calculated at this pointdfore the algorithm is

repeated on another AM valud-igure4.4c).

An example of the functioning of the extraction algorithm is presentdeigire4.2 for a very large
rainstorm registered in the Lake District during the floods of November 2009. In this instance the 31
mm/ 2-hr AM registered in the 12fin period ending at 23:50:25n01811-2009 was used as the
rainstorm core (segment C Figure4.2). Window 1 added 329.8 mm of rain over a period of 31.4
hrs to the rainstorm, before window 2 appeed a 1.5hr periodto the end of the rainstornwith

6.8 mm of rainfall that is separated from the main body of the rainstorm by-mi5gap. Finally,
window 3 identified a 3 period with 17.6 mm which closes the rainstorm. This additional data is
separded by 2:10hr from the rest of the rainstorm, well under thé50 for this rain gaugeThere

is rainfall within the &hr window 3 that precedes the rainstorm, however it is only 0.4 mm which is
under the 5 mm threshold needed for this gauge. Findlig,next rainfall registered at this gauge
occurred 24K NJ | FGSNJ GKS NIAyaid2N¥Qa SyR yR a2 O2ya
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Figured.4. Rainstorm extraction algorithm, in

itial phase (a), main pfgsand final phase (c).
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Rainstornfiltering

In cases such as the rainstornHigure4.2, where there are multiple AM embedded within a single
event, the algorithm abee will output a rainstorm time series for each individual AM. While this
could be prevented by selecting only one AM per rainstorm, the extent of each rainstorm cannot be
known a priori; therefore, repeated rainstorms within each rain gangee filteredafter they were

all identified. Events were filtered by checking for matching rainstorm start and end times to avoid

duplication.

4.2.3. Summary statistics

Once the time series for an extreme rainstorm has been extracted using the algorithm above, a
series of smmary statistics are calculated@hese rainstorm properties are combined with rain
gauge metadata such as latitude, longitude, and elevation, as well as the timing of the rainstorm, to

generate a comprehensive summary of each rainstorm.

Given that a rainterm with total duration"Y[hr] is composed ob discrete intervalsQeach withd

[hr] duration andi [mm] rainfall, then total rainstorm rainfall is:

Y[mm] B i Equatiord.4

The maximum rainfall intensity within each rainstorm is calculated as:

‘O [mmbrl] —— Equatior4.5

Note that 'O was calculated using either-riin or 15min data (withd — hr and- hr

respectively) depending on the data resolution. Gauges withirtig data can report highei©

values as they can capture rapid changes in rainfall intensity.

0 is definedas the proportion of rainstorm duration which has no rainfall:

= Of Equatiord.6

This allows us to estimate the average intensity of the wet periods within a rainstorm, the effective
rainstorm intensityQ, defined as:
‘gmmhrl] YT p 0 Y Equatiord.7

CAYylLffes GKS NI AYascaldimeas: OSYaNBE 2F Yl aas

"BY 10 Equatior4.8
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This is analogous to the first moment of area or first moment of the rainstorm, it identifies the
centroid of the rainstorm and serves as an indicator of the location of the heaviest rainfall within
the storm(Marshall & Bayliss, 199446 value close to 0.5 would indicate rainfall that tends to be
symmetrically distributed in the rainstorm (either centrally peaked or uniformly distributed), values
under (over) 0.5 show rainfall is front (back) loaded within a rainstobm. and 6 are

dimensionless values to enable comparisons between different rainstorms.

Seasonality and circular statistics

Frequency plots, radial plots and circular stits have been used to explore the seasonality of
extreme rainstorms. Circular statistics were used to calculate the mean day of thelyaaa the
concentration of seasonal distribution[ for the rainstorm families that generate each different
AMS duation.i [ 1dp and values close to 1 show rainstorms are concentrated at the same time

of year(Villalobos Herrera, 2017; Blenkinsop et al., 2017)

The radial coordinate of a dateis:

160 06a ’@d’)éécd— Equationd.9

Where & is the number of days in a yeartand i [are calculated with the aid of two auxiliary

variables:

Al & Equatior4.10

™| O
13

OEH+ Equatiord.11

™| O
>

Wheret is the number of events. Finalydandi [are:

AOA GAfh TQ@w
I AOA QAT “h Q@ m Equationd.12
AOAGAf c¢h Q@ mw n

ir o o Equatior4.13
4.2.4. Empirical quantiles @xtreme rainstorms
Univariate methods for regional frequency analysis are well establigheed. Hosking and Wallis
(1997) however, the bivariate character of rainstorm analysis prevents their use here. While

methods have been recently developed to regionalise or cluster bivariate river gauge flood data
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(Pappadaet al, 2018) these have not been extended to bivariate analyses of rain gauge data.
Therefore, a simple empirical approati describe rainstorm extremeis usedby pooling data
across regions previously defined for hourly rainfall extremes in the~igkireé4.1b, Darwishet al.,
2020)and calculatingainfall volumes associated wigmpirical exceedance probabilities (EP) for
events of differenrainstorm duration bins. This provides an indication of the magnitude expected
from the most extreme rainstorm events in each region without resorting to a statistical model and

without ascribing to rainstorms a return period or annual exceedance prétyabi

The duration bins used for the quantile calculations are bounde@ 2%, 0.5, 1-, 2-, 4-, 8-, 16-, 32-
, and64- hours. Within each duration bin the following quantiles of rainstorm volume are calculated:
0.9, 0.95, 0.98, 0.99; these represent tbever bound for the top 10%, 5%, 2% and 1% rainstorms

in each duration bin.

4.3.Results

4.3.1. Rainstorm samples

Thes ¢ p mpeak intensities belonging to theariousAMS series identified through conventional
methods, areembedded ik x8t p 1 independent rainstormsEach AMgenerating rainstorm
contains an average of 3.29 AMs. This confirms that overlaps between different duration AMs, like

those seen irFigure4.2, are the norm.
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Figure4.5. Heatmap of AMyenerating rainstorm density (centre) with marginal distributions of rainstorm
duration (top) and volume (right), sampled using all AM durations.

A clear correlation exists between rainstorm duration and voluRigure4.5, main panetY Sy Rl f f Q2
rank correlation coefficient for this data is 0.67). The marginal distribution of rainstorm volume
(Figure 4.5, right panel) is unimodal and approximately 4ogrmal Eigure B.1), while the
distribution of rainstormduration igure4.5, top panel) is multimodal with peaks at the discrete
durations used to sample the AMS series. This can be mitigated by only using short duration AMS
series as cores for rainstorms, leading to much smoother rainstorm duration distributang ¢

B.2); however, this excludes some ledgration rainstorms that are iportant from both an

engineering and climatological perspective.

An upper bound on rainstorm duration can be observed in both samples, with few rainstorms
exceeding 48 hourd-{gure4.5 and FigureB.2), this coincides with the time low pressure systems

take to traverseGB(Chandler & Gregory, 1976he volume of the largest rainstormstiie sample

86



can exceed 400 mnthese are exceedingly rare (with 2 instané@sn ~70,000rainstorms) and are

linked to weltknown flood events in Cumbria during 2009 and 2015.

Nearly 10% of 24r AMs are caused lyompound or clusteredainstorms. CAMevents esult from

the combination of two or more rainstorms with a wide variety of durations and volumes. However,
approximately a quarter of alAMevents are the result of contrasting combinations where one of
the rainstorms involved contains the majority (¥8pof the original AM volum&he smalvolume
components of CAM events are absentHigureB.2, as CAM events are not present when using

short duration AMS as rainstor cores.

4.3.2. AMS overlaps

Rainstorms associated with all AM durations show overlaps with each dthabte4.1 shows the
percentage of overlap between the rainstorms asated with different AM durations. Adjacent

AM durations show the most overlap77.1% of all rainstorms with-2r AMs also have a3 AM(

while distant durations show the least overlgpnly 11.6% of rainstorms with arBinute AM also
containa24ra ® wlk Ayad2Ny¥a gAGK GSNE aK2NI Rdz2NI GAz2Y
with those that contain AMs over-Br. Rainstorms associated with AMs over-i2 overlap most

often with each other and with &r AM rainstorms, but not with rainstorms with shorter AM
durations.These overlaps between AMS are significant because rainfall of different durations are
often treatedas independent during the construction of IDF or DDF curves, including in UK rainfall

frequency analyses such as thosé&aulkner(1999)and (Stewart et al., 2013)

Table4.1. Percentage of overlap between rainstorms containing different duration AMs. The diagonal shows
the number of rainstorms at each AM. All calculations were madenisevrelative to the diagonal, for
example 76.3% of the 9449 rainstorms contajnin5min AM also contained a 48in AM; however, only
74.2% of the 9708 rainstorms that contain ardid AM also contain afin AM. Shading changes every 25%
FOO2NRAY3I G2 S| ReKent@dedir tiedin and $oMih ¢oluint @ lower thaexpected as

these AMs cannot be calculated for rain gauges wittnitbdata.

AM duration 5-min* 10-min* 15min 30-min 1-hr 2-hr 3-hr 6-hr 12-hr 24-hr

5-min 9449 66.7 53.9 42.2 31.2 25.4 17.3 12.8 11.6
10-min 74.2 9708 65.3 50.0 36.1 29.1 20.2 15.1 135
15 min 28.0 36.1 22488 | 73.7 56.5 41.1 33.5 23.2 17.7 16.0
30-min 22.3 27.7 725 22864 @722 51.4 41.8 29.1 221 19.7
1-hr 17.3 21.0 55.0 71.4 23115 68.0 55.0 38.4 29.0 25.5
2-hr 12.6 15.0 39.5 50.2 67.2 23422 53.3 39.6 34.0
3-hr 10.2 12.0 31.9 40.5 53.9 23581 = 65.2 47.3 39.6
6-hr 6.9 8.2 21.9 27.9 37.2 52.3 64.4 23866 66.5 52.3
12-hr 5.1 6.1 16.6 21.0 28.0 38.7 46.5 66.2 23990 69.8
24-hr 45 5.3 14.7 18.3 23.9 32.3 37.9 50.7 68.0 24618
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4.3.3. Rainstorm properties

Theduration of rainstorms associated with each AM have very different distribution shapes, ranging
from unimodal distributions for #nin and 24hour AM to multimodal for intermediate -6or 12-

hour AM. Peaks in rainstorm duration coincide with the duraticasgled by each AMS-igure
4.6a). All AMS are generated by rainstorms with a wide range of durations; howevenosuly

AMs tend to be generated by rainstorms shortiean 6-hours.

The distributions of rainstorm volume for different AM durations are approximatehntognal in
shape, especially for short AME&idgure 4.6b). The variace of rainstorm volume distributions
increases with AM duration. Quantile plots for each AMS show that rainstorm samples for AMs over
30-mins have heavier tails than expected from a-taymal distribution, and they become more
heavytailed as the AM dur#gon increases Kigure B.3). The unimodal, welllefined shape of
rainstorm volume distributions contrast with rainstorm duration distributiokg(re4.6a). This is

a result of the sampling methodology, since AM durations have been fixed while volume has been

allowed to vary.

The distribution ofd  (Figure4.6c) shows that significant portions of rainstorms consist of dry
interludes. The rainstorms associated with longeration AMs tend to have the highest valugs
approximately half of 2dour AM-generating rainstorms have L 1T PRainstorms associated

with subhourly AMs are those most likely to contain zéro ; however, large intermittency values

are also present heras short duration AMs can be embedded in longer duration rainstolfngsi(e
4.6a).Nearzerod values at very short durations are expectedia&k S & S NJ Wrafignare Ny a Q
close to the measurement resolution, e.g., for arhh AM event with @) it is likely that the

actual rainstorm duration was under 4Bin.

AMs of durations< 24hr tend to form a small fraction of the total volume contained in their
associated rainstormsHigure4.6d). This is most notable for rainstorms associated with short AMs
which tend to be embedded in longer, more voluminous rainstorms, dmiger duration AMs tend

to become a larger fraction of rainstorm volun#| instances where the AM volume is larger than
their associated rainstorm volume are due to CAM events, where the sum of two or more clustered

rainstorms matches the AM value. TeeSAMs have been excluded fréigure4.6.

¢KS NBfFGAGBS LINA valies &AM @uiratioNihciegsasi fdibidardposition for
rainstorms associated with stiourly AMs, towards a more central position for-Bdur AMs

(Figure4.6e). This indicates that the shortéluration rainstoms that generate subourly AMS
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bursts tend to concentrate most of their rainfall towards the first half of the event. Further analysis

into the temporal distribution of rainfall within rainstorms will be discusse@liapter 5

Finally 'O decreass asAM duration increasesHigure4.6f). Rainstorms with AMs overtgours

have very similar distributions of peak intensities, rarely exceeding 25 rhwiile rainstems with
sub-hourly AMs can easily exceed this value and have much broader distributions with much higher
peak intensities. Rainstorms with intermediate AM durations are transitional between the

distributions of rainstorms as they contain short and long Buvsts.
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Figure4.6.Density distributions for rainstorm duratid¥(a), volumeY (b), percentage dry timé  (c), ratio

of AM volume to rainstorm volume (d), rainstorm centre of ntasg€e), and peak instantaneous intensity

‘O (f) associated with different duration AM. Note that although CAM events have been excluded, a single
rainstorm containing multlp AM values will be present in multiple distributions.
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4.3.4. Regional and seasonal variation in rainstorm characteristics

Rainstorm volume is heavily influenced by location. Rain gauges with the highest median AMS
generating rainstorm volume (> 50 mm) are cenicated along the higher elevations of western

GB. The Channel coast to the south, and moderate elevations such as the Pennine range and
southern Scotland, have the next largest median rainstorms 50 mm); while rain gauges in
central and eastern Eifgnd have smaller valueBigure4.7a). This geographic pattern is particularly
strong in autumn and winter and is weakest during summer. Seasonal patterns in raivstiomnme

are also evident, with winter concentrating the heaviest rainstorms, followed by autumn and spring,

while summer tends to have the lowest median rainstorm volumes.

a) Median rainstorm volume
MAM JJA SON DJF Annual
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b) Median rainstorm duratio
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Figured.7. Seasonal median rainsin volumeY (a) and duratiofiY(b) for all rain gauges with at least 10 years
of record. Seasonal mean effective rainstorm interi€ityc) is calculated as V#P where V is rainstorm
volume and the effective rainstorm duratioe:i3 the wet porion of the total event duration D.
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Seasonal changes dominate variations in rainstolumation, with summer rainstorms generally
shorter than those in spring or autumn, and winter clearly showing the longest rainstorm durations
(Figure4.7b). Spatial variations are visible within each season and annually, with a similar pattern

to that of median rainstorm volumd-{gure4.7a).

Variation in meanOis also dominated by seasonal effedisglre4.7c), and predictably has the
inverse pattern to rainstorm duration, with highest intensities during the summer as events become
shorter and more convective. Two clusters of rain gauges have relatively higher mean intensities
during all seasons, one is in the Lake District and anotloaigathe south coast, east of the Isle of
Wight and on the southern edge of the South Downs National Park. Both locations are adjacent to
the coast and at high and moderate elevations respectively. Central England has high‘@asual

this region is futhest from the coast and tends to receive short duration eveligure4.7b ¢

Annual).
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Figure4.8. Month of —fper gaige (a) and temporal distribution (b) of rainstorms, both classified by their
duration, T [hr]. Colours represent the month where rainstorms occur on average according to radial statistics.

Seasonal changes in the relative frequency of different duratieents Figure4.8) are clearly
related to the variation in mediafiyand meanO(Figure4.7b, c).Short duration events(Y t-hr)

of all magnitudesare very concentrated in the summer months[[ ™ () with a few exceptions
for coastal gauges along tHenglishChannel and western cets. This coincides with the peak
frequency of rainstorms that contain AM durations undenr3shown inFigure4.9a. This summer
peak shows little regional variation tlaugh the SW shows a higher frequency of skthrtation
rainstorms in May compared with other regions and a lower peak frequency in surRorextreme
short-duration rainstorms Kigure4.10), the top 10% of events has a relatively uniform spatial

distribution; however, the top 2% rainstorms become sparser in Scotland relative to the rest of GB.
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Longduration rainstorms(Y p ehr) show a much morbéeterogeneous patternThey are most
frequent in winter over the Scottish Highlands, the high ground of the west coast and along the
Channel coasfFigure4.8), these sme locations concentrate the largest (top 2%) lahgation
rainstorms Figure4.10). In contrast, these rainstormare most frequent in summer and early
autumn in lowlying areas along the eastern coast and central Englaigiire4.8), whilst top 10%
extremes are also observed during summer months in these afégaré€4.10). These regional
differences are evident in the monthly frequency of rainstorms that contaimrl@nd 24hr AM
(Figure4.9); these peak during summer in the SE and ME regions, during autumn in the NW and SW
regions, while the NE region has a relatively flat distribution from June to January and with a

decrease during spring.
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Figure4.9. Annual cycle of rainstorms of different duration (a) and associated to different AM (b) for GB and
individual rainfall regions.
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Note that some events among the top 2% of lahgation rainstorms lie owide the high ground
along the western coast of GB. These correlate to-Wwedwn flooding events and are almost always
observed in more than one rain gauge: for example, a cluster of five gauges near Gloucester

correlates to flooding in the region duridgly 2007 Kigure4.10).

Intermediateduration rainstorms show a mix of these patterns, wattigh frequency of events
between July and October, with highelevationand western gauges favouring autumn and central
and eastern regions favouring summg@igure4.8). The top 2% events are most frequent during
July and August, while thtep 10% rainstorms are slightly more evenly distributed in time, with
relatively high frequencies during October; winter events have a similar spatial distribution to the
most extreme longduration events, while summer events have a much broader spastillition
(Figure4.10). The NE and SW stand out at a regional level, the first by showing a very pronounced
peak in frequency during the summer, while tlagter has a peak in October, mirroring the peak
frequency of long duration rainstorms. All other regions show peak frequency in Aigisted.Oa)

An interesting charactéstic only observed in extreme intermediate duration rainstorms is the
presence of events along the southern coast during Nieguie4.10). Finally, it is evident thatery

few rainstorm extremes occur during March and April at any durattegufe4.8, Figure4.9, and

Figure4.10).
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Figure4.10. Geographical (a) and temporal (b) distribution of extreme percentiles of rainstorm volume [mm]
for three duration bins, colours represent the month of each rainstorm. Sample size is indicated in the panel
headers. The rainstm with largest volume was plotted if a rain gauge was represented more than once in each
duration and volume category.
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4.3.5. Frequency and intensity of extreme Ad#f8erating rainstorms

Not all AM events generate floodir{gedingham et al., 2019herefore it is useful to study

the frequency characteristics of largamore extreme( rainstorms in more detail. There are
large regional differences in the empirical return level estimates of-thngtion rainstorms;

the NW region of GB shows much larger expected rainstorms than the SE, with the remaining
three regions showingery similar intermediate behaviour, while differences in the quantiles

of shortduration rainstorms are smalFigure4.11). Quantiles of rainstorms with durations
under ~3-hours follow nearly linear trends iRigure4.11, suggesting a power relationship
describes the scaling of short rainstorm volume relative to duration. Abe#eéh8us, the
growth of rainstorm magnitude relative to duration exceeds a power relationship for most

regions, with the SE being the only exception. This pattern is observed for all EPs.
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Figure4.11. Regional rainstorm volume estimates associated with different empirical exceedance
probabilities (EPs) for rainstorms of different durations. Edges for rainstorm duration bins were set to
0.25,0.5, 1-, 2-, 4-, 8-, 16-, 32-, and 64- hours.
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4.4.Discussion

The rainstorm extraction method used here has allowed an unprecedented examination of
rainfall in GB. However, it has been limited here to the use of conventional AM durations as a
starting point for rainstorm extraction. Téiis desirable as AM values are of interest to
engineers and scientists that analyse rainfall extremes using these durations, but it results in
a biased sampling of rainstorm duratiorisidure4.5). Different sampling approaches, e.g.,
extracting every rainstorm as defined by minimum time between independent rainstorms

(6 ), may be more adequate if unbiased sampling is desired.

There iconfidercein the validity ofthe results due to the extensive QC process tihatdata

has been subject to and because the patterns observethénresults agree with existing
knowledge regarding the seasonal and regional drivers of precipitation ifHaBne &
Barrow, 1997; Met Office, 2013%easonal variation in extreme rainfall duration and volume

is explained by the presence of convective rainfall during the summer months and dominance

of cycbnic or frontal systems during the autumn and winter months.

The short (<4r), high intensity (>10 m@r?t) rainstorms that generate most hourly and sub
hourly AMs are most frequent in the summer, when convection is active over GB. As
temperature decreases with the annual cycle, so does the frequency of extreme rainstorms of
short duration Figure4.9). The most extreme short duration rainstorms behave similarly
across GB. This is seen in the small differences in their empirical frequency across different
regions Figure4.11), coupled with their widespread distribution south of ScotlaRih(re

4.10). The lower frequency of this type of event in Scotland is likely due to the relative coolness
of Scottish summers due to its high latitude. This may make Scotland more susceptible to
impacts of climate change related to storm intensification than the re€Bf as events that
occur most often in southern GB today may increase their future frequency in northern GB
(Charet al, 2018)

Long (>1zr) and medium (K NJ XX -fir) daratiomHainstorms increase in fygency
between October and January when lpressure systems and winter storms are most
frequent Figure4.8). Orographic effects exert important controls over the vo&uof these
rainstormsc the heaviest of these rainstorms are concentrated over high ground along the
western coast of GBF{gure4.10). These same areas of GB (withhRiglume winter and
autumn rainstorms) have long median rainstorm durations which, coupled with relatively low

intensities, suggests that these high volumes are due to more wet hours. Therefore, the effect
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of orographic enhancement is primarityincreaseainfall occurrenceextendngthe duration

of rainstorms

In contrast, long and mediumduration rainstorms in eastern regions, where orographic
enhancement is absent, have their peak frequencies during summer and early awiguare(
4.8, Figure4.9 and Figure4.10). Mechanisms for these events are frontal, with or without
convective components, as their duration excludes purely convective for(itegsd et al.,
2004)

The largest rainstorms (and AM values) on record are the result of sustained high hourly
intensities over more than 2#r; for example, the event iRigure4.2 has an average intensity

of ~9.9 mm h, which is a high value more typical of sumn@(Figure4.7). Atmospheric
rivers have been linked to events with sustained higlensity rainfall as they can provide an
extended supply of warm, moist air which triggers heavy precipitation when advected over
high terrain(Lavers et al., 2011; Gimeno et al., 2014, Griffith et al., 202@) effect of heavy,
long-duration rainstorms is likely to be more wigdpread than shortluration extremes as the
mechanisms that causarge events can affect a wider geographical area than the convective
systems associated with shorter duration rainstorms. In addition, -hurgtion rainstorms

are more likely to generate flooding downstream than skautation rainstorms, and the
impactsof the events seen ifrigure4.10 can be perceived at large distances from the rain
gauges where they were recorded. For example, heavy rains in western Wales may cause

flooding in Herefordshire or the Severn catchment days after they have occurred.

Rainstorm duration and volume are correlated afiigure4.5) and they vary continualy
because of the different conditions and processes that generate rainstorms in GB. The
significant overlaps between different AM valu@sible4.1) are unsurprisingnd result from

the use of discrete durations to study rainfallitself a historical necessity driven by the
relatively coarse (hourly or daily) resolution and discretised nature of rainfall measurements.
These overlaps and correlations pose a challergedependence assumptions used in the

conventional derivation of IDF and DDF curfkesulkner, 1999; Stewart et al., 2013)

The AMs used for drainage and water management infrastructure design occur in rainstorms
with a wide range of volumesdurations, and peak intensitiegigure4.6) which can generate
very different hydrological responses in a catchment. Consider for example a catchment that
has a 1hr time of concentration and 20 mm of rain as theya€ar return period (i.e., a 20 mm
/1-hr design event). The 13 instances where this occutlsamatabase contains such vastly
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different examples as a brief 20.5 mm/ain shower and a much larger 109 mm/4zhr
storm. It is unlikely that a single storm design that considers the first event will respond equally
well to the second (although this is also dependent on catchment properties) and it is naive
to believe that catchments only respond to rain with dima equal to their time of
concentration. A more robust alternative to using a single storm is the use of ensembles of
events for design, as it should allow for a better characterisation of the extremes a catchment
is likely to faceThis characterisatioshould remain probabilistic in nature, i.e., it should
consider, using the appropriate multivariate methods, the probability that extremes with
different combinations of rainstorm duration, magnitude, profile, and other event properties
should occur. Thishould beconsistent withhow the original FSR rainfailinoff model
considered multiple aspects @bod modelling as a cohesive whole in a probabilistic context.
The large amount of data presenttime database could be used to inform stochastic models
where rainstorm characteristics, such as their peak intensity, andr€ modelled based on

their empirical distributions.

The limited duration ofhe records preventedhe analysis of trends in frequency or magnitude
present inthe data; however, plausie future changes to the rainstorm characteristics
observed here may be justified using physical mechanisms and climate model output. Extreme
precipitation has increased in frequency and intensity since the 1950s, and further increases
are very likely in rost regions with additional global warmigdPCC, 2021bYhe intensity of
heavy daily or multiday precipitation events, including the ones explored here, isicogases

at a rate close to the Clausi@apeyron (CC) relationship of766 K, with regional
modulations due to largscale circulation changéBowler, Ali, et al., 2021Analysis of hourly

UK data shows higher than CC scaluity respect to dew point temperaturéAli et al., 2021)

and other studies project changes to storm velo¢iahraman et al2021) the spatial extent

of wintertime precipitation extremegBevacqua et al., 2021and storm intensitfWasko &
Sharma, 2015)These projected changes pose additional challenge to rainfall design
methods and how best to incorporate robust knowledge regarding current and future

rainstorm properties in flood estimation guidanf®asko, Westra, et al., 2021)

4.5. Conclusions
The results in this chapter confirm wellestablished patterns in temporal and spatial

distributions of rainfall, previously studied using fixédration totals (seeSection 2.44.4,
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while providing new insight into the characteristics of the rainstorms that cause AM rainfall

totals.

First, AM values with durationsinder 3hr most frequently originate from shoduration
summer rainstorms with convective components that occur widely across GB. AM values with
duration over 3hr are caused by multiple rainstorm types, in western GB they are caused by
long-duration ranstorms (over 1zr long) associated with lowressure systems (i.e., frontal
systems or winter storms) during autumn and winter. In eastern GB (SE, ME and NE regions)
AM values with duration over-Br tend to be caused by shorter rainstornpelative to
western GB)in the summer or early autumn and are likely to contain both frontal and

convective components.

Second, AM values of different duration are frequently caused by a single rainstorm, resulting
in overlapping AMs that contradict assumptions uséten constructing IDF and DDF curves.
Unlike the design storms used in engineering applications;lifeahM values occur as part of
rainstorms with properties, such as total duration and volume, that vary widely and are

correlated with each other.

Theseresults pose challenges to conventional univariate analyses of rainfall extremes which
reduce rainstorm variability to a variation in volume at fixed durations. The presence of
dependencies between rainstorm characteristics and between AM values of editfer
durations, and the large variability of ARISY SNJ G Ay 3 NI Ay asuggesiimtQ OK |
rainstorms maybe represented much more robustly using multivariate tools such as copulas.
These have been demonstrated to work well for frequency estimatimhother multivariate
hydrological applicationée.g.,De Michele, 2003; Salvadori & De Michele, 2004; Grimaldi &
Serinaldi, 2006)The large sample size thfe database could facilitate the use of empirical
copulas, avoiding the use of parametric model coputadescribe the dependency between
rainstorm properties. These empirical copula models may then be used to generate ensembles
of rainstorms that exhibit the same properties as observedddvierating rainstorms for use

in engineering design, and flood @si@ation methods.This shouldlead to infrastructure that

will be better prepared to face the observed variability of extreme rainstorms.
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Chapter 5. Representative hyetographs for extreme GB rainstorms
5.1. Introduction
Hydrosystems modelling for design, analysis and performance evaluations often rely on
rainfall information as a key input. This information usually consists of a total depth or volume
(V), duration (D) and a hyetograph or rainfall profile which describesamporal variation of
rainfall intensity within the eventA wide variety of hyetographs are used in design and flood
estimation depending on local practice and the problem under consideration (see section
2.6.1for an overview). In the UK, two synthetic hyetographs derived from a small set of events
by the FSRInstitute of Hydrology, 1975)he 50% summer profiland the75% winter profile
(Figure5.1), are still recommended for use in most rainfalhoff flood estimation except
some dam safety assessmenid/oods Ballard et al., 2015; CIWEM, 2016; Environment
Agency, 2020; SEP2019b) Both profiles are centred, symmetriand recommended for use

with any rainfall duration.

Hyetograph shape, especially the timing of peak rainfall intensity within a profile, has been
identified as a key variable that modifies the hydrologiresponse of catchments to rainfall
events, especially in urban settingend catchmentsunder 2,000 krf(Lambourne &
Stephenson, 198'Ball, 1994; Hettiarachchi et al., 2018; Zhu et al., 20018 use of a centred
profile family in UK rainfall design guidance can therefore be considered as a constraint which
may artificially limit the robustness of engineering designs to real ramfahts with different

profile shapes.
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Figureb.1. FSR/FEH Storm profiles for the 50% most peaked summer storm and the 75% most peaked
winter storm drawn as) Cumulative profiles calculated using thegiesiorm profile formulad

——, and whergx @ from Faulkne(1999)andb) hyetograghs. Values of a and b for each profile
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are given in sectioh.2.2 Nate that small x intervals can result in unrealistically large peak intensities
for the summer préile, an interval size of 0.02 has been used to prepare these figures to match the
peak intensity shown iRaulknel(1999)

In this studychapterthe FSR profile methodology examinedSection5.2) before tryingto
reproduce theC { weRudtsusingthe large dataset of observed annualaximumgenerating
rainstorms forGBdescribed in Chapter.4n the results (Sectioh.3) theinfluence of multiple
rainstorm characteristics on thehape andrequency of different dimensionless hyetograph
shapes is explored firsFollowing this, three methods for gerating alternative synthetic
design profiles are assessed using the same datalbasdly, a briefdiscusgon of the results

is presented in Sectidb.4.

5.2. Data andnethods

5.2.1. Data and Quality Control

Sub-hourly resolution rainfall data fo6Bwas sourcedrom the EA NRW andSER. UKMO
MIDAS data was not considered as it is stored at an hourly or daily resolution. This data was
subjectto the QCdescribed in Chapterwhich removed suspicious high values present in the
original records. The resulting 1,2g8uge dataset provides goodwarage of GB and some

of its surrounding islands, but no data was obtained for Northern Ireland. Temporal coverage
varies regionallyKigure5.2), and the use of suhourly data limits record length, with a
median of 17 years. The longest available records are in central England, and the shortest are

in outlying areas such as Cornwall and the Scottish Highlands.
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Region N

ME 89
NE 160
NwW 297
SE 474
sw 259

Complete years Regions of hourly precipitation tyo [Hours]

1 10 20 30 40 50 ME NE NW SE SW 3 6 9 12 15

Figure5.2. a) Location and length of record of rain gauges witkhsuioly duration, b) regional
classification for hourly rainfall extremes fr@arwish et ali2020) and ¢) minimum storm interarrival
time,0 ¢ hours, for rain gauges in Great Britain. Inset table in b) shows the number of rain gauges in

each region.

The time series data of all independent ramrshs associated with the AM intensity for a
range of suBK 2 dzNX @ (2 RIFAf & RdzZN> GA2y&a 6SNB ARSYGAT
rainstorm was defined as a neaontinuous spell of rainfall separated from other spells by a
sufficiently long dry spell tguarantee independence. This minimum dry spell duratiogyre

5.2c) was determined using the method BlestrepePosada & Eaglesqi982) A total of
72,094 rainstorms were analysed, containing all the AM o6, 15, 30min and %, 2-, 3,

6-, 12 and 24hour durations, although rainstorm duration may be longer or shorter than
these fixed values, and significant overlaps were fountwvben different AMproducing
storms. The climatology and methods used to create this rainstorm dataset are described in
detail inChapter 4Time series data was stored for each rainstorm at eithari® resolution

(if the original gauge had tipme records) or at 15min data if this was the original gauge

resolution.

5.2.2. Flood Studies Report profiling methods
The methods used by the 1975 FSR to derive the centred storm profiles recommended for use
in UK rainfall design methodagere automated First,an overvew of these methodss shown

with the changes that were necessary to adapt them for use thigrainstorm dataset The
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original methods are presented in full in Volume II, Chapter 6 of the (FSRtute of

Hydrology, 1975)though the detail presented there sgant.

FSR Data

A total of 80 summer (May to October) and 32 winter storms, tabulated at hourly resolution
and with 24hour duration, were analysed by the FSR. These were derived from three sources
¢ hourly data at 33 rain gauges in the UK with data betw&951 and 1970, floegroducing
24-hour storms in England and Wales between 198Y0, and some large @inute storms

from rain gauges at Cardington and Winchcombe wimiBute data. No location data was

provided for any of the 35 rain gauges.

Seasonb24-hour storm point profiles

The first and key step to the FSR method is to centre each storm about the shortest duration
that contains 50% of the rainfall) . Storms within each season were ranked into four
quartiles of profile peak; from flat to sharp ¢ based on the proportion of the centraH
rainfall to 24hr rainfall. Mean profiles were calculated for the set of storms in each quatrtile
using a modified rainfall mass curve approach. Each storm was divided into concentric hourly
windows about tle storm centre "Y, (seeFigure5.3a, the centrewas assumedo be the
middleof the O window, as implicitly described in the F&Rd the total rainfall at each hou
about the centre was calculated as a percentage of the centreldr2dtal. Using the same
notation as the FEH, this process results in a profile thaph@®ortion of duration centred on
peakasw and (cumulativg proportion of depthasw(e.g.,Figure5.1a), while the FSR simply
notates these plots apercentage of storm duratioagainstpercentage of storm rainfallAn
example of the profile this prodies for a contemporary rainstorm can be seefigure5.3b.
Finally, mearnw values for each of the centred hourly duration bimsvere calculated by

averaging acrosall storms in each quartile of profile peakedness.
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Figure5.3. For Storm Desmond, as recorded at Honister Pass, December 2015: a) Shortest duration that
accumulates 50% of rainfdD (), rainstorm centrgY) and centred windows of proportional duration.

b) Cumulative rainfall curve, and c) Intensity curve plot according to the centred FSR methodology as
adapted for rainstorms of any duration (blue) and without centring (red). FSR profile in c) isrBymmet
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The mean quartile profiles were smoothed, with values interpolated for values @ that

GKFGO gSNBY QG F2dzy R AYY wak SterpoitdzNdgain; tid time ® ! TG SN
estimate profiles for the 10, 25, 50, 75, 90 and 95 percentiles of profile peakedness. These
interpolated dimensionless profiles (Figures. S1, S2 and contemporary exarkjereb.3c

for comparison) form the basis for the summer and winter profiles showfigare5.1. The

FSRFEH hyetographs usetensityas a proportion of mean event intensit@ as their yaxis

variable, it is calculated &&§ , where'@sthe mean event intensity® p in this scale

‘<<| K
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Note the differences in the peak structure of the 50% summer profile betvixegure5.1 and
FigureC1, with the FEH version of the profiles showing higher peak intensities than the FSR
version. This difference is caused by the model for the design profiles presented in Faulkner
(1999):

® uﬁ Equation.1

P W
whered @ , parametersoand wfor the summer and winter profiles are givenTiable5.1.

This model is known to give large peak intensity values for the 50% summer profile when short
time steps(Y&) are used(Faulkner, 1999; Kjeldsen et al., 20®&)t no time step limit is
suggested in these sources.Y& of 0.02 (1/50) was used iRigure5.1 to reproduce the
representation of the profiles in the FHHaulkner, 1999)this results in peak winter and
summer profile intensities of ~2@nd ~5@respectivelywhich are used as reference values

throughout this chapter

Tableb.1.Parameters for FSR/FEH design profile calcul@euikner, 1999)

Profile + +
75% Winter 0.060 1.026
50% Summer 0.100 0.815

Variability of profiles with storm duration, return period, and region

The FSR used this method to describe the profiles of summer and winter stormsroh 60

, 6, 12hr, and 4day durations (with no mention of any methodological modifications to
account for the different durations) using data from stations in southeasfidad and the
Midlands and found no evidence of variability in meBnvs D storm profiles. Similar
comparisons, where storms were ranked by return period and location, also found no

significant profile variation@nstitute of Hydrology, 1975)

5.2.3. ModifiedFSR méind

Rainstorms irthe dataset range from 18nin to over 2days in duration; therefore, the FSR
procedure for 24hr storms detailed above was modified to function with rainstorms of other
durations. The key centring step was left unmodified. Rainstorms wlessified in terms of
event peakedness using the proportion of the central 20% of rainfall to the storm total instead
of using a &r fixed duration (asHr/24-hr ~ 0.2). Finally, due to the greater number of events
available to us, mean profiles forfidirent percentiles of event peakedness were calculated

directly from the ranked events without the interpolation step used in the FSR.
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Forthe analysis of FSkke profiles, storms have been classified into differelassesisingthe
sameseason and dation binsas the dimensionless profil§Sectiorb.2.4). Rainstorms within

the England bathing season (15 May to 30 September) are considered summer events and
others are winter events. This seasonal classification is relevant for water industry practice
and regulation as it coincides with the period during which beaches and lakes are monitored

for compliance with water quality standardg&nvironment Agency, 2021a)

5.2.4. Dimensionless profile methods
After studying the FSR profile method it became clear that the centring procedure has the
potential to distort hyetograph shapes relative to conventional dimensionless profile

methods. The calculation of sequential,-c@ntred dimensionless profiles is @ded below.

For a rainstorm withn intervals of fixed durationdimensionlessainfall'Y was calculated as

Y . .
Y Equations.2
Y i 5 ‘Yh q

where'Y is the total rainfall for interval, anddimensionless duration was calculated as

(o) é_Q Equation5.3

and is closed on the right edge of the interval.

The dimensionless profiles (e.grigure5.3b, red line) were calculated at their time series
resolution of 5 or 15min. Theindividual timesteps otlimensionless duration &re further
binned into 12 equally long segments to enable twmparison of events with different
durations any gaps in shomtluration events with fewer than 12 data points were filled in using

linear interpolation(~15% of all rainstorms)

Classification of dimensionless profiles

The variability of rainstorm prafs as related to different event characteristigas explored
using a manual classification method. The variables for consideration were considered
relevant from a design rainfall point of view: rainstorm duration, volume, region, seasonality,
profile shae, and profile peakedness. Details on the classification of each variable are

provided below.

Rainstorm durationvas classified into four birtkat contain an equal number of eventsith

breaks at 2:16 6:45 and 19:25 hrs. Using other, tidier breaksould be arbitrary, and could
skew results due to the presence of uneven event numbers in each bin. Climatologically, the
shortest duration bin should be dominated by convective rainfall, while the longest bin should
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be populated by mostly frontal and ormaphicallydriven rainfall events. Intermediate

duration bins will present a mixture of these forcings.

Rainstorm volumeavas classified into three bins based on their empirical frequency within
regional and duration bins. For each region and duration doatlon, events were ranked by
volume and classified into percentibmsed bins: top 1%, top 10%, and all events. If these
percentiles are associated with exceedance probabilgiasd hence to return periodsthen
events in the top 1% and top 10% meeiexceed approximate 10%r, and 10yr return period
thresholds which are relevant for UK urban design prad@&VEM, 2015; Butler & Davies,

2011)and allow exploration of whether evengéturn period has an impact on rainfall profiles.

Regions of extreme hourly precipitatigrigure5.2b) defined byDarwish et al. (2020)ere

used to study possible spatial patterns in the data. These regions highlight well known east
west and northsouth differences in thdehaviour of extreme rainfall in the UlKlulme &
Barrow, 1997; Jones et al., 2013; Fowler & Kilsby, 2003; Blenkinsop et al., R8gions of
daily rainfall(Alexander & Jones, 200djere also trialled and resulted in similar results (not

shown).

Profile shapewas examined sing two variables. Rainstorms were separated into five equal
length sections (corresponding to increments®@fO each, and the totalY for each section

was calculated. Rainstorms were then classified according to the section which contained the
largesttotal 'Y . Profiles are described as very frdoaded €2, front-loaded £1), centred

(C), backoaded (B1) and very battiaded (B2) according to the section of each event which

contains the heaviest rainfall moving from the first to the fim&O section.

Finally,profile peakednesw/ias evaluated by ranking rainstorms according to the maximum
relative intensity within each rainstorm, calculated as the largest-steggnge in dimensionless
cumulative rainfall

Yy 1T A@vy Y Equation 5.4
Different percentiles o¥'Y were used in a manner akin to the peakedness rankings used by
the FSR method.

Classification effects on event profile frequency and shape
The sensitivity of profile shape to these different variables was evaluated by plotting all events
binned within different combinations of categories and visually examining the resulting profile

cloud. This allows for a quick comparison between differerdugs and the different
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distributions of events within them without relying on mean profiles that may disguise

outlying profile shapes or profile variability.

These visual examinations were complemented with contingency tgbéss e.g. Agresti,
2019)and mosaic plotgHartigan & Kleiner, 1984p determine the influence of different
categorical variables on the fyaeency of different profile shapes. Consider a iway
contingency table with cell frequencies for 'Q pFB8 HOand 'Q pfB h), and row and
column sumsg Be& ande B ¢ respectively.Mosaic plots are a graphical
representation of contigency tables where¢ is represented by a rectangle with area
proportional to the count and where the edges are proportional to the contribution of each
category to the total. Mosaic plots have been prepared using the vcd padkémeer et al.,
2006)for the R programming languag® Development Core Team, 2006)

5.2.5. Synthetic profiles for GB rainfall

Synthetic summary profiles were calculated using two methdde manual classification
method incorporated the findings of the sensitivity anal/éSection5.3.2 and calculated

mean profiles by averaging at each of the 12 discret® bins that form the dimensionless
profiles. Mean values were calculated across all events as classified by their volume, duration,

profile shape, and percentile of profile peakedness.

The results of this manual classification are compared to those oltairseng a kneans
clustering algorithm. This process relies on identifying clusters of events with similar profiles
by directly considering the sample of dimensionless evés, Yang, et al., 2006} his was

done with and without usingre-conditioning variables. Note thatikeans clustering uses
Euclidean distances between observations while other time series clustering algorithms may
use DTW distances; the main advantage of DTW is that it can correctly cluster time series that
have smilar overallshapesbut different timing (Wang, 202Q)However, the timing of the
moment of peak rainfall intensitis a key aspect of hyetographs; therefore, DTW methods

were discardedn favour of kmeans clustering.

K-means clustering was used with and without previous separation of events according to
their duration bin. In both instances a mean profile was calculated based on the time series
data of all cluster members. This summary profile was then classified accoodisghape.

When duration was not constrained, the median duration of all rainstorms in each cluster was

calculated and added to the profile metadata.
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5.3.Results

5.3.1. FSRike profileresults

A comparison of the FSR profiles contained in the FEH with neveproélculated using the
same methods for a much larger number of rainstorms of different durations challenges some
of the original conclusions used in current UK rainfall design methogsre5.4 shows that
event duration has a significant impact on the peakedness ofik&Rrofiles at both 50% and
75% percentiles of peakedness. The sharp FSR 50% summer profile included in the FEH is a
good match for rainstorms witkdurations under 6:4%r, especially for winter storms. Note
that the original FSR 50% summer profile reaches a maximum intensity of®&:@mpared

with ~5din the FEH versiog which is a very good match feihe new short duration 50%
summer profile. The FSR 75% winter profjlevhich does not show a difference in peak
intensity between FSR and FEH versigms a better fit for rainstorms with durations over
6:45hr

Seasonal differences in peak intensity are présefrigureb.4, but they are less pronounced

than differences between different rainstorm durations. Note that observed summer and
winter profiles are only compared @ single FSR profile as these have different percentiles of
peakedness. There is no consistent seasonal pattern regarding peak intensities, as winter
profiles for the two shortest duration bins are more peaked than the summer profiles of the
same duration This is likely an averaging effect, as there are many more extreme summer
rainstorms at these durations than there are winter events (14,416 and 3,454 rainstorms
respectively). Summer profiles have higher peaks for all other durations. The difference in
peak intensity between the observed winter profiles for shduration eventsg where the

50% most peaked profile is higher than the 75% prafitepresents a limitation in the FSR
YSGK2RQa OFGdSIA2NART FdA2y 2F LINE T kefaGed taform] SRy ¢
the observed winter 75% profile do concentrate more of their rainfall in the centr@ Qtfan

those averaged for the 50% profile, but their shape is less sharp; hence the observed

difference in peak intensities.

As expected, the summa=SR profiles are all centred, with their peak intensity occurring in
the middle of the storm. This is a result of calculating profiles using bins of proportional
RdzNJ A2y GKFG | NB YA NNE RBuk 5.3 shwsithatitie SFSRa G 2 N
NEBLINBaSyGal A2y 2F {{i2N)X 5SaY2yR dzy RSNBAGA Y
FYR G GKS adG2N)Y LISF1X 6KAES | fa2ack@S™MBalAY
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weakness is addressed in the next section using sequemtatcentred, dimensionless

profiles.

More peaked than 50% of rainstorms More peaked than 75% of rainstorms

1y (or:z-szol

Intensity as proportion of |
1y (s¥:9-01:2l

1y (Gz:6l - G179l

1y (Jur - gz:61]

075 .. 0.25 0.50 0.75
Proportion of event duration

Season = FSR50% Summer == FSR 75% Winter =  Summer observed == Winter observed

Figures.4. FSRike, 50% most peaked summer profiles (left) and 75% most peaked wintsrigit)
for a set of four increasing duration bins. Reference FSR profiles are shown in grey, new summer and
winter profiles are in red and blue respectively.

5.3.2. Sensitivity testing of dimensionless profiles

All rainstorms were plottediccording tahe characteristics that arga priori, consideedto be

the most relevant for design: duration, profile shape and frequerggure5.5), where each
characteristic has been classified according to sed@i@ There is large variation in profile
shape at all durations, with little change to the oak spread of profiles among different
duration bins. Differences in profile variability for different event duration emerges as events
with lower frequencies are considered. Extreme events (top 1% by volume) undehi2:10

show a wide range of shapes, lwivery steep profiles found in all shape categories. These
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steep profiles are not found for extreme events over 19t25where most profiles lie close
to the diagonal line representing a near uniform rainfall distribution. This behaviour is
expected giverthe difference in mechanisms that driv@Brainfall extremes of different
durations, where heavy long duration rainstorms are driven by orographic enhancement
effects over extended spells of relatively uniform intensity while short duration storms tend

to be convective in naturéHand et al., 2004jand Chapter
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Figure5.5. Dimensionless profiles for all annual maximum generating rainstorms with at least 3 data
points. Profile shape (top panel labels) describes which 0.29 aifnlbentrates the heaviest rainfall,
duration bins (right panel labels) cairt equal numbers of events, and volume ranking (colour scale)
reflects the empirical frequency of events. Rainstorms with larger volumes are plotted on top. Insert
text shows the proportional contingency table values for each profile sheglees add upo 1 row

wise (i.e., across each rainstorm duration bin) and are colour coded using the same scale as the volume
ranking. Additional details regarding profile classification can be found in de@tibn

The overall frequency of all rainstorms is nearly uniform across different profile shbgas (
5.2), with a slight underepresentation of B2 profiles. However, at short durations the front
loaded profiles F1 and F2 are more frequent while BHaekled profiles (B1, B2) are less

frequent. This pattern is missing in the longest duration bin (> 2Br2@Where centred profiles
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dominate. Intermediate durations show the highest frequencies of C profiles, accompanied

with relatively higher frequencies of mildly frordr backloaded profiles (F1 and B1).

Table 5.2. Proportional contingency table for annual maximum generating rainstorms, classified
according to their duration and profile shape. Values shown are percentages of all rainstorms in each
duration bin.

Profile shape (% per duration bin)

Duration bin (hr) F2 F1 C Bl B2
[0.25-2:10) 26.4 25.7 22.7 15.8 9.4
[2:10- 6:45) 22.3 16.9 23.0 22.2 15.6
[6:45-19:25) 15.2 19.2 23.4 24.7 17.6
[19:25- Inf) 16.9 22.2 21.4 22.1 17.4

All 20.2 20.8 22.6 21.3 15.1

The frequencies of top 10% and top 1% events (by volume) show important deviations from
the statistics for all events (see text insetsHigure5.5). Short-duration ranstormsshow a

clear predominance of F1 and F2 profile types among the most extreme events; this increase
in front-loaded events is reflected in fewer B1 and B2 events, while C events remain constant.
The heaviest longuration events are concentrated among F1 and rGfiles (64% of
rainstorms), establishing that centred and mildly fréoaded events dominate the profiles of
extreme longduration rainstorms, even if profile shape differences are small for this duration
class. At medium durations, events tend to favdliprofile shapes and have few F2 or B2
profiles among the top 1% rainstorms. The full contingency tabl&itpure5.5 can be found

in Tableb.3.

Sensitivity testing of regional and seasonal influences on profile shapes shows that these two
variables have little influence in the variation of rainstorm profiles, as a wide range of
hyetograph shapes occur in all regions, across all seasons, though they do influence frequency.
First, no seasonal influence on profile shape can be se€igure5.6 or Figue 5.7, profiles

within all duration and shape bins combinations show similar spread in profile shapes from
one region to another. For example, the B2 profilessbbrt duration (15min to 2:10)
rainstorms in the NE and SE regions have very similar distribukang€5.6). Secondfigure

5.8 shows no difference between the profile distributions of summer and winter rainstorms

of different shapes and durations.
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Tableb.3. Contingency tablior Figure5.5¢ annual maximum producing rainstorms classified according
to their duration, empirical frequency, and profile shape.

. . . Profile shape
Duration bin (hr) Empiricalfrequency 2 F1 C B1 B2
Not extreme 4168 4001 3588 2536 1495
, Top 10% 419 440 332 225 132
[0.25-2:10) Top 1% 42 50 49 13 18
Total 4629 4491 3969 2774 1645
Not extreme 4069 3147 3242 3303 2505
) ) Top 10% 361 325 400 312 204
[2:10- 6:45) Top 1% 37 42 45 34 20
Total 4467 3514 3687 3649 2729
Not extreme 2564 3149 3813 4048 2964
A= 10 Top 10% 110 240 292 295 143
[6:45-19:25) Top 1% 24 34 51 54 17
Total 2698 3423 4156 4397 3124
Not extreme 2839 3573 3467 3611 2912
o= Top 10% 210 405 372 394 239
[19:25- Inf) Top 1% 22 54 61 26 17
Total 3071 4032 3900 4031 3168

As established in Chapterggasonality has an importaeffect on the frequency of different
duration eventsin GB Briefly: short duration rainstorms are much more frequent during
summer than winter, while longer duration rainstorms are more frequent in wifggure

5.9a). This is expected given that warm months are more conducive to producing convective
events that produce extreme rainfall at short durations. Some regional variation exists in the
seasonal fequency of longluration extremes Figure C2); longduration rainstorms in
westerly regions are more clearly dominated by winter season events than easterly regions,

the latter can have close to a 50/50 split in event frequency between both seasons.

The distribution of profile shapes for rainstorm duration varies across different seasons
(Figure 5.9b, c). Shorduration summer rainstorms are dominated by frdoaded and
centred profile shapes. This pattern becomes less clear as rainstorm duration increases and
long-duration events slighy favour F1, C and B1 profile shapesg(re5.9b). Differences at a

regional level are smalFigureC2).

Winter shortduration events also favour F1, F2 and C profiles, though less so than their
summer counterparts, while rainstorms in the two longest duration bins once again favour F1,
C and B1 profileg={gure5.9c). Overall, there is evidence that F2 and B2 profile shapes are less
frequent among longeduration events, i.e., that longer duration events tend towards more

centred profiles. Thenost noticeable regional variatiokigureC3) is for the SE londuration
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events which are nearly evenly distributed among all profile categories; this may be due to
the large proportion of summer events within this event duration Biig(reC2) as summer
events are more likely to contain convective components that could skew the event rainfall

profile towards F2 or B2 shapes.
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Figureb.6. Regional influence on dimensionless profile shgesrainstorm durations up to 6:45r.
Profiles are categorised by their profile shape (top panel labels), duration and region (both right panel
labels).
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