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ABSTRACT

The purpose of this thesis is to develop an infilling algorithm for 24-hour
(daily) rainfall data. An infilling algorithm replaces missing data within
the historical records with sensible estimates. where any appropriate method
(prediction from a fitted model. interpolation between points. or random
sampling) could be used to select and/or produce the required estimates.
The algorithm developed uses simulation data generated using a stochastic
point-process model which has been fitted to historical data. In this thesis.
the spatial-temporal Neyman-Scott rectangular pulse model as presented in
Cowpertwait et al. (2002) is fitted to data provided by Thames Water from
23 sites in the Thames Valley (UK). The model is shown to fit the data
reasonably well: however it fails to fit the proportion of dry sites (which is
not used in the fitting process). Nevertheless. simulated data is generated
using the model and an infilling algorithm is derived. The algorithm is tested
by replacing valid historical data with missing values. infilling these missing
values, and then comparing relevant statistics for the two samples. Three
algorithms are developed in this thesis. of which the final algorithm maintains
the statistical characteristics of the historical data. inclnding the proportion
of dry sites, while infilling values that are similar to the known historical

record.






Preface

In general. only a sample of the plots produced for any given analysis are
included in text within this thesis. This sampling is both for brevity and
clarity. Further plots are generally included within the appendices at the
end of the thesis.

Note for the spatial data analysis. approximately 700 figures were gen-
erated. As only ten plots led to a definite conclusion. only these plots have
been included in the Appendices.

Furthermore. for consistency. and to make comparison easier. the same
months (January and July) were used to represent any seasonal differences
where applicable. However. considerable variation occurs between the sea-
sons and the results for the other months included in the supplementary

appendices should not be overlooked.

i






Acknowledgements

[ would like to thank my supervisor. Paul Cowpertwait, for his guidance
and stimulating discussions throughout this project. In addition. the use of
Bruce Mill's bitmap generating code was most appreciated for the production
of the simulation movie.

I would also like to thank my family and friends for their support and
prayers during this period. This is much appreciated as without them this
work would not have been possible.

Finally. T am grateful to Thames Water for permitting the use of their

data.



vi



CONTENTS

I Introduction . . . . . . . . . e e e e e e 1
1l DBARRIND v ci s v v i AR s W B R EFENEA VG ¥R % 1
1.2 Bourcedaba . .. . :.oovnomisim s o om e mem e w s s 2

120 Measurement efror & v v v w s aw s % w e wen 2o s 4
13 Thedit oitline ; : : s v cawomn c5 a0 en a s wes §5 4 4

2. LitorslurB.YeVIBwW o « s ¢ 5 o v s mam o m @ B & S E R BB E S B 5

2.1 Stochastic rainfallhodels .« viv = va s5 s sn 5065 56 )
2.1.1 Temporal models . . . . . ... ... ... ....... D
2.1.2 Spatial-temporalmodels . . . . . ... ... ... ... 8
2.1.3 Appliedmodel . . . . . . ... ... ... ... ..., 11

Bl TOBINE v i w0 oo we @ v e % R B G R N R WG M B s BBk )
2.2.1 Missing data assumptions . . ... .00 .00 13
222 Algorithms . . ... ... ... ... .. .... 13
D23 SOOIV o c v oo w3 o %% 3 S e m K E G A 6 E e 15

3. Methodology . . . . . . . . e e 17

3.1 Spatial-temporal NSRPmodel . . . . .. ... ... ...... 17
311 ASSUMPHONS., - » v v 4 v s 5 50 v 0 womimm o = mm s 19
3.1.2 Modelnotablon . « « o « s ww s o o mmas s s e 20
3.1.3 Mathematical description . . ... ... ........ 22
3.1.4 Sample statistic calculations . . . . ... ... ... .. 24
310 ModelBEE o v 09 45 s @ us @ es ¢ 8@ 8 s 26



216 Verheafion : wonv v e 2 o g6 @ o @ 8 s w5 8% 5 s 28

32 Dotoonnlysll - o co wo mamanm raera nr sy b 29
321 Explotstory plots: I s sswvam v e o b 30
3.2.2 Exploratory plots: spatial . . . ... .. .. ...... 30
323 DPatareniovs] - i cuwmravs@n s cammE e s we 31
3.24 Assumptions. . . . . . ..o e e 32

B3 THRUE - o ccmwa wm oo wam ke nmen oemsms s x> 33
3.3.1 Algorithm evaluation . . . . ... ... ... ...... 33
B2 NOGEUGH . o v 5 v v v w5 w0 @ m o g @ 55 w3 w5 35
333 Bestfitleasbsquares : « v was sames 65 @52 &5 36
3.3.4 Best fit CDF least squares . . . . . ... ... ... .. 37
3.3.5 Iterative least squares . . « . ¢ o wun o0 e ae v 38
3.3.6  Further application . . . . . ... ... ... ...... 38

A4 THpleEatatiil : s v s won 6o w s s wan sy @uw ¥ 39

Data Integrity Analysis . « « vo v o mivm v s msm oo m oo vn oo 41

4] IobEoABEHioN - » e v vy v o 0s BEF PV B LS B @R FE o E S 41
41.1 KnOWNiSSUES . » o v v o s o s nm o e s o o s 6 8 a & s 42

4.2 Exploratory analysis: temporal . . .. ...« o000 43
421 TWIRAOT. .4 05 b s v meP RIS 56 HaEW Al < 43
A2 'EWEBBOOE . - ac v v m s e m mom o R e wow o @ e a0 44
493 TWIBIIBE . « v 55 55 s TS S ER BS & 50§ 5 ¥ 44
494 TWIZ9I0 . < oo vov v 50 s mmmmmimm na wmomwm s 44
4205 TWIER9ETE : ¢ o oo 09 58 @6 W3 5 % 99 8a &% G 47
428 TW2BTB . & ovov o0 v mo w mm s & om b mon & s 47
G2 TWRBIYE o o sis o ajo v @ 5@ W a R & 2w 55 &% & 5w 47
428 TW2HEA2L . . . 4 v s v o v rvne o wos noa xgws 48
A28 TWHBEIT « : 5 s s e mms G FE wE@E W B A 48
4200 TW2EBAT . . . 2 oo wmonme wxm v m b s 6 & 48



4.2.11
4.2.12
4.2.13
4.2.14
4.2.15
4.2.16
4.2.17
4.2.18

TW247119
TW286392
TW287141
TW287283
TW288020

TW290007
TW291467
4.3 Exploratory analysis: spatial .
4.3.1 TW238097
4.3.2 TW246424
4.3.3 TW246627
4.3.4
4.3.5
4.3.6
4.3.7
4.3.8
4.3.9

TW287141
TW287283
TW287864

TW291467
4.4  Summary statistics
4.4.1 Valid data

4.4.2  Temporal stationarity

IRBEUHS . o % e o me nn o = 0 6 i 5 02

5.1

5.2

Introduction
Model fitting
5.2.1 Introduction

5.3 Model validation

5.3.1

TW289022. . ... ..

TW24TEID v o0 v 3
TW289022. . . . . ..

Fitted statistics . . . .

5!



5.3.2 0 Monthby statistios . 0.0 0L L0000 ®l

2.8.3  Stability o000 oo 91

534 Swmmary ... e 906

5.4 Fitting algovithu heuristies . 00 000 0000000000 96
341 Partitioning of wer/doev davs o 0 000 o0 00000 96

30 Iufillimy o000 102
2.5.10 Introduction . . o0 0oL oL L 102

5.5.2 0 Best fit least squares o000 0000000 104

5.5.3 0 Best fit ODEF least squares © o0 000000000 1id

550 Berative sampling CODE least squaves .. .. . L 124

50550 Cowpartson of algoritlans .. . . 0.0 00 0L 133

3006 0 Other infilling derivations 0 0000 000000 151

0. Conclusions .« 0 0000000 e 139
6.1 Dataanalvsls o000 000000 139
6.2 XNodel 00000 11349
$.2.7  Issues 0000 o 110

6.2.2  Sitnlation movie oo 00000000 111

6.8 Infilling .0 0o 112
6.3. 1 Best fit aleovithms 00 00000000000 113

6.3.2  Hevative sainpling algorithins . . . 0 000 0L 114

6.1 Conchwslons o 00000000 145
GO Futwee researcly L0000 oL 116
G.5.1  Interual algorithms . 0 0 000 0000 116

.5.2  Geueral improvenwents . o000 L0000 L 150
Bililiographe 0 0 0 0 0 0 e 154
A Dara Inteprity Analvsis: Plots and Tables 0 0 00 0 00000 . 163
Al Temporal plots . 00 o0 163



A2 Spatialplots . . . . . . . .. .. e 208

B. Model Fitting: PIotS « « « v ¢ o w5 wow oo soe s 5 0w 5 o6 e 6w @ s 215
€. Model Validation: PIots : - s « 63 s s s 9% 5% 659 5% 689 5% 231
D. Infilling plots . . . . . . . . . e e e e e e e 255

xi



xii



LIST OF TABLES

1.1  Site location coordinates: Easting, Northing, and Altitude . . 3
31 Meodel mobBbIon . o v 5 comvw vy vEm R e e e B s B BE
g2 Statisticnotatlon - o s s e e 3 s Lo Lt B e ko s BA s OB
33 Inblling NoOtation: « « « w5 e s e vn ww o R w e s e s @ S0

4.1  Percentage of valid data remaining within the historical record 56

5.1 Historical pooled statistics: raw and smoothed . . . . . . . .. 62
5.2  Model 4 Monthly parameter estimates . . ... .. ... ... 06T
5.3  Model 4 Scale parameter estimate 9,-;\.(:13:::} for each Site-NMonth 67
54  Modelg NMonthly parameter estimates . . . .. ... .. ... 68
5.5 Modelg Scale parameter estimate 9,-;.(:11::1) for each Site-Month 68
5.6  1-hour and 24-hour: regional proportion dry by season . . . . 80
5.7  Kolmogorov-Smirnov test p-values: monthly mean simulated

versus historical . . . . . . .. ... ... ... ... ... ... 83
5.8  Kolmogorov-Smirnov test p-values: monthly C'V simulated

vorsns historeal - o s ic 5 i v in vs ¥ i s 15 ik v OO
5.9 Kolmogorov-Smirnov test p-values: monthly skewness simu-

lated versus historical .. .. .................. 87
5.10 Kolmogorov-Smirnov test p-values: monthly autocorrelation

simulated versus historical . . . . . .. ... .......... 88
5.11 Partitioning on wet sites: 24-hour aggregatione level . . . . . 99

5.12 24-hour historical and simulated: Dry. Some Dry, and Wet . . 101



5.13 ISCDF, BFLS, BFCDF: proportion test on the overestimation

5.14 ISCDF, BFLS, BFCDF: P-Values for KStest . . . ... ...

xiv



LIST OF FIGURES

1.1  Map of site locations in the Thames catchment . . . . . . .. 2
3.1 Temporal Neyman-Scott model . . . ... ... ... ..... 18
3.2 Spatial-temporal Neyman-Scott model . . . . . .. .. . ... 18
3.3 Scatterplot selection algorithm . . . ... ... .. .. ..., 31
3.4 BFLS: infilling algorithm definition . . . . . .. .. ... ... 36
3.5 BFCDFLS: infilling algorithm definition . . . . ... .. ... 37
3.6 ISCDFLS: infilling algorithm definition . . . . . . .. .. ... 39
4.1 Bite TWIIRBDIT daly plots o« v v s comsm vc e o m e 45
4.2 Site TW238097 hourly plots . . . . ... .. .. ... ..... 46
4.3 Daily data. March. site TW238283 versus site TW238097 . . . 52
4.4 Daily data. December, site TW246424 versus site TW238578 . 52
4.5 Correlogram: Deseasonalised monthly means . . . . . . . . .. o7
4.6 Correlogram: January deseasonalised monthly means . . . . . 58
5.1 Model fit: 1-hour aggregation level . . . . ... ... .. ... 63
5.2  Model fit: 6-hour aggregation level . . . . . .. .. ... ... 64
5.3 Model fit: 24-hour aggregation level . . . ... ... .. ... 65
5.4 Modelg cross-correlation Jan July . ... ... ... ..... 70
5.5 35 year simulation: 1-hour aggregation level . . . . . . . . .. 72
5.6 35 year simulation: 6-hour aggregation level . . . . . . . . .. 73
5.7 35 vear simulation: 24-hour aggregation level ., . . . . . . .. 74

o
oo

Simulation cross-correlation Jan July . . . . ... .. ... .. 76



5.9 Quantile-Quantile plots: January Modely, Modelg . . . . . . 78
5.10 Quantile-Quantile plots: July Model 4, Modelg . . . . . . .. 79
5.11 Monthly 24-hour means: historical versus 300 year simulation

SJanJuly L. L L 82
5.12 Monthly CV: historical versus 300 year simulation - Jan.July . 84
5.13 Monthly skewness: historical versus 300 year simulation -

Jan Jul . ... 89
5.14 Monthly autocorrelation: historical versus 300 year simulation 90
5.15 Stability of 300 year sample - pooled CV . . . . . ... .. .. 92
5.16 Stability of 300 year sample - pooled skewness . . . . . .. .. 94
5.17 Stability of 300 year sample - pooled autocorrelation . . . . . 95
5.18 Example historical record with wet /dry indicators . . . . . . . 97
bl BELE: Alepthil . » s s o s w s swmwamsm 5 & @ s @om s w e 105
5:.20 BFLS intensitys JaJUIV « o o w v v sww s siw e an o 4 107
H.21 BFLS QQ regional: Jan.July . . .. .. ... ... .. .... 108
5.22 BFLS \? tests: infilled versus historical . . . . . .. .. .. .. 109
023 BRIBpooled o5 en s sa s o mim s80 50 58 &3 111
5.24 BFLS Pooled QQ plots. . . . . . . .. ... ... ... .. 112
9.25 BFLS cross-correlation: Jan July . . ¢ o vvawvawon vv ws 113
520 BECDFE: Algorithi:.: : - v s sismsn as asie sd i 85 55 116
5.27 BFCDF intensity: Jan July . . .. .. ... . ... .. .. .. 119
5.28 BFCDF QQ regional: Jun,Sept . : « - ¢ ¢ s v v v v iw o0 v 120
529 BFCDF pooled . . . . . . . . o i v it it i e e mmees o 121
530 BECDF Pooled QQ plots . v v v vvn v s wsnn wwmas oo 122
5.31 BFCDF cross-correlation: Jan July . . . . . .. .4 00 o 123
5.32 ISCDF: Algorithm . . . . . . .. . ... ... ... ...... 125
5.33 ISCDF y? tests: infilled versus historical . . . . . . ... ... 126
534 ISCDF intensity: Jan,July . . . . . v v v v v o v v v v ew s o 127
5.35 BUDFQQ regional: Jan,July . «. o v vn s s w e s vowaa wa 128

Xvi



5.36
9.37

5.38

Al
A2
A3
Ad

A6

AT

A8

A9

A10
A1l
A.12
A.13
A.14
A.15
A.16
A7
A.18
A.19
A.20
A.21
A.22
A.23
A.24
A.25
A.26

IBCDE pEolel - csnsv i mi s se v n 68 @D B 6 130

ISCDF Pooled QQ plots . . . . .. .. .. ... ... ..... 131
ISCDF cross-correlation: Jan July . . . ... .. ... .. .. 132
Site TW238605 daily plots . . . . . . .. ... .. .. ..... 164
Site TW23R605 homrly plots - - . v v v v o v 55 v s 5 s 165
Site TW239258 daily plots. » s 5 v5 56 v 95 65 o5 . 53 v 166
Site TW239258 hourly plots . . . . . . . ... ... ...... 167
oite TW239315:daily Plots « « v v v o5 s 5a v nw s a5 » s 168
Site TW239318 houtly plots o« = v 5 v 4 s s w s s o wen 53 169
Site TW239320 daily plots . . . . . . . . ... . ... ..... 170
Site TW239320 hourly plots . . . . . . . ... .. .. ..... 171
Site TW239374 dally plots.« -« v v v wu v ow v v v v s s w o u 172
site ' TW239374 houtly plots o « & cw v san s 8w 5 5 5 3 173
Site TW239578 daily plots . . . . . . ... ... ... ..... 174
Site TW239578 howrly plots . . . . .. ... ... ... .... 175
Site TW245176 dally plots - - « v v % v a sau s s v s s &2 176
Site TW245176 hourly plots . . . « v o v o v v v v v v v v s 1rY
Site TW246213 daily plots . . . . . . . . . ... ... ..... 178
Site TW246213 hourly plots . . . . . . . . ... ... ..... 179
Site TW246424 daily plots . « « v v v vs v i v v v w v 5 180
Site TW246424 hourly plots . . . . . . . . .. .o oo v v n .. 181
Site TW246627 daily plots . . . . . . .. ... .. ... .... 182
Site TW246627 hourly plots . . . . . .. v i v v v v v v v v o 183
Site ' TW2A46B4T dally plots . v v ws vs sas s s wam s a5 184
Site TW246847 hourly plots . . . . . . .. ... ... ..... 185
Site TW247119 daily plots . . . . . . .. ... .. ... .... 186
oie TW2ATII0 hewrly plots . « + 2 2 s 4 wan s w s w i o5 187
Site TW286392 daily plots . . . . . . .. ... .. ....... 188
Site TW286392 hourly plots . . . . . . .. ... ... ..... 189

xvii



A.27 Site TW28714l daily plots . . . . . . . . .. .. ... ..... 190

A28 bitle TW2B7141 hourly plots o« v s 4« vo v v w v v w3 = an o 191
A.29 Site TW287283 daily plots . . . . . . . ... ... . ... ... 192
A.30 Site TW2BT2B3 houtly plots: : s s = s s o s vswsmvs o5 193
A.31 Site TW287864 daily plots . . . . « « v v v v v oo v v v v v 194
A.32 Site TW287864 hourly plots . . . . . .. ... . ... ..... 195
A.33 Site TW28B020 daily plots . . . v v v v v v s v s wsvwan o 196
A.34 Site TW288020 hourly plots . . . . . .. ... .. ... .... 197
A.35 Site TW288749 dailyplots . . . . .. .. ... v v v v vn .. 198
A.36 Site TW288749 hourly plots . . . . . .. .. ... ... .... 199
A.37 Site TW289022 daily plots . . . . « « v v o v v v v o v v v e v 200
A:38 Site 'TW289022 hourly plots « « « « v v v s 55 s o o s s 201
A.39 Site TW289102 daily plots . . . . . . .. ... . ... ..... 202
A.40 Site TW289102 hourly plots . . . . o o oo oo 203
A.41 Site TW290007 daily plots . . . . . .. . ... .. ... .... 204
A.42 Site " TW290007 hotikly plots © « o v v s vvu v w6 i e g 205
A.43 Site TW291467 daily plots . . . . . . . ... ... ... ..., 206
A.44 Site TW291467 hourly plots . . . . . . . .. .. .. ... ... 207

A.45 Daily data, April, site TW287283 versus site TW246627 . . . 209
A.46 Daily data, September. site TW287874 versus site TW247119 209
A.47 Daily data, January. site TW287874 versus site TW287141 . . 210
A.48 Daily data, February, site TW290007 versus site TW287283 . 210
A.49 Daily data, February, site TW288749 versus site TW287864 . 211
A.50 Daily data, November, site TW289022 versus site TW287283 211
A.51 Daily data, November, site TW291467 versus site TW290007 212
A.52 Daily data, December. site TW291467 versus site TW290007 . 212
A.53 Pooled statistics: cleaned data versus uncleaned data (CV,

skewness, autocorrelation) . . . . .. .. ... .00, 213



A.54 Pooled statistics: cleaned data versus uncleaned data (Cross-

Correlation) . . . . . . . o e e e e e e e e 214

B.1 Modelg cross-correlation versus distance - January. February 215

B.2 Modelg cross-correlation versus distance - March, April . . . 216
B.3  Modely cross-correlation versus distance - May. June . . . . . 217
B.4  Modelg cross-correlation versus distance - July. August . . . . 218

B.5 Modelyg cross-correlation versus distance - September, October219

B.6  Modely cross-correlation versus distance - November. December22()

B.7 Quantile-Quantile plots: February Model . Modelg . . . . . . 221
B.8  Quantile-Quantile plots: March Model 4. Modely . . . . . . . 222
B.9 Quantile-Quantile plots: April Model 4. Modelg . . . . . . .. 223
B.10 Quantile-Quantile plots: NMay Model y. Modelg . . . . . . .. 224
B.11 Quantile-Quantile plots: June Model 4, Modelg . . . . . . . . 225
B.12 Quantile-Quantile plots: August Model . Model . . . . . . . 226
B.13 Quantile-Quantile plots: September Model 4. Modelg . . . . . 227
B.14 Quantile-Quantile plots: October Model 4. Modely . . . . . . 228
B.15 Quantile-Quantile plots: November Model 4. Modelg . . . . . 229
B.16 Quantile-Quantile plots: December Model 4. Modelg . . . . . 230
C.1 Monthly Means by site - January and February . . . . .. .. 231
C.2 Monthly Means by site - March and April . . .. .. ... .. 232
C.3 Monthly Means by site - May and June . . .. ... ..... 233
C.4  Monthly Means by site - July and August . . . . .. ... .. 234
C.5 Monthly Means by site - September and October . . . . . . . 236
C.6  Monthly Means by site - November and December . . . . . . 236

C.7  Monthly Coefficient of Variation by site - January and February237
C.8 Monthly Coefficient of Variation by site - March and April . . 238
C.9 Monthly Coeflicient of Variation by site - May and June . . . 239

C.10 Monthly Coefficient of Variation by site - July and August . . 240

Xix



11

.12

.1
.2
13.3
3.4
.5
D.t
D7
Dy
D.9
BRI
D1l
D12
D.13

Mouthly Coefficient of Vartation by site - September aud Oc-

tober . .0 e 241
Monthly Coefficient of Variation by site - Novenber and De-
cemther L0 L 242
Monthlv Skewtiess by site - Jamary and February o0 0 00 L. 243
Monthly Skewness by site - March and Apytb . 0 0 00 000 244
Monthly Skewness by site - Moy and June 00 00 000 215
» Monrldy Skewness b site - Judv and Awgust © 0 0000 216
" Aonthily Skewness by site - September aned October 00 L 247
Moutbhly Skewness by site - Novembey aud Decemboer o0 0 00 218

Montblv Autocorrelation by site - Januoary anpd February .0 0 2198

Monthiv Aurocorrelation by =ite - Nowely and Aprit o000 2
Mouthlv Avttocorrelation by
AMonihlv Anrocorvelarion by =ite - Jnlyv and Angnst
Mouthilv Atrocorrelation by

21 Aowthly Antocorvelation by

BULS Intensity: Mar
BFLS Iurensitv: o,

BFLS Iuntensity: Jul.:

BFLS Intensits: Sept
BFLS ITntensity: Nov
BFLS QQ Reglonal:
BILS QO Regional:
BEFLS QQ Regional:
BFLS QQ Regional:
BI'LS Q) Regional:
BEFLS QQ Regional:

site - ALy aud June

site - Septewber aud October 00 253

site - Novewbey aud December L 254

BEFLS Inteusityv: JanFeb o0 0 0 000 000000 oL 250
AP L AT
Febh o000 oo 20N
\ne L. 25D
et oo 264)
8 201
JanFeb 0000000 2672
MavApr 00000263
Maviwo o000 oo 2034
JullAug oo 245
Sept.Oct . L0 oo 266
Nov.Deo o000 Lo 267

20

BFLS cross-correlation: Jan. Feh

MX



D.14 BFLS cross-correlation: MarApr . « o« vvvcw v v wow e v 269
D.15 BFLS cross-correlation: May.JJun . . . ... ....... ... 270
D.16 BFLS cross-correlation: JulLAug . . ... ... ... ..... 271
D.17 BFLS cross-correlation: Sept.Oct . . . . .. .. ... ... .. 272
D.18 BFLS cross-correlation: Nov.Dec . . .. .. ... ....... 273
D.19 BFCDF cross-correlation: JanFeb . . . .. ... .. .. ... 274
D.20 BFCDF cross-correlation: Mar. Apr . . . . . ... .. ... .. 275
D.21 BFCDF cross-correlation: May.Jun . . . . . ... .. ... .. 276
D.22 BFCDF cross-correlation: JulLAug . .. .. .......... 277
D.23 BFCDF cross-correlation: Sept.Oct . . . . . .. ... ... .. 278
D.24 BFCDF cross-correlation: Nov.Dec . . . . ... ... ... .. 279
D.25 ISCDF Intensity: Jan.Feb . . . . . . .. .. ... ... .... 280
D26 ISCDE Inténsity: MavASr: v s v v s 95n gamin 8% &8 281
D.27 ISCDF Intensity: Jan.Feb . . . . . ... .. ... ....... 282
D.28 ISCDF Intensity: Jul,Aug . . . . .. .. .. ... ... .... 283
D.29 ISCDF Intensity: Sept.Oct . . o v v v v vvn 55w v mon oo 284
.30 ISCDYE Intensity: NovDee < o« 5w 08 wan vasiis en za 285
D.31 ISCDF QQ Regional: Jan.Feb . . . . .. . ... ........ 286
D.32 ISCDF QQ Regional: Mav, Apr . . . ... ... .. ...... 287
D.43 ISCDE QQ Rerdonal: MasiJun v wov x 655 wsm v s 5 s 288
D.34 ISCDF QQ Regional: JubLAug : « : « v v o oi vo v s v vn v 289
D.35 ISCDF QQ Regional: Sept.Oct . . . .. ... ... .. .... 290
D.36 ISCDF QQ Regional: Nov.Dec . . . .. . ... ... ..... 291
D.37 ISCDF cross-correlation: Jan,Feb . . . . . ... ... ... .. 292
D.38 ISCDF cross-correlation: Mar,Apr . . . ... ......... 293
D.39 ISCDF cross-correlation: May Jun . . . . .. ... ... ... 294
D.40 ISCDF cross-correlation: Jul,Aug . . . . ... ... ... ... 295
D.41 ISCDF cross-correlation: Sept,Oct . . . . .. ... ... ... 296
D.42 ISCDF cross-correlation: Nov,Dec. . . . . .. ... ... ... 297

xxi



xxii



1. INTRODUCTION

The Lord will open the heavens, the storehouse of His bounty, to

send rain on your land in season ...

Deuteronomy 28:12a NIV

1.1 Background

Accurate modelling of rainfall is critical to the successful design of effective urban
drainage and stormwater systems. In order to build such systems, a long historical
record is necessary so that the likelihood of extreme events and their relative
location can be estimated. However, records of sufficient length and fine resolution
are not available. As a result, considerable attention over the last two decades has
been placed on developing a model snitable for simulating rainfall.

A fitted model. however, is only as accurate as the source data that the model
is based on. Furthermore, any hydrodynamical model (eg: for surface runoff or
flood frequency analysis) is heavily dependent on the rainfall modelling component
as any inadequacy is directly incorporated into the pipe flow models (Mark and
Hosner, 2002).

There are two main problems associated with rainfall data. Firstly, the data
are sensitive to recording error, especially at fine aggregation levels (see Section
1.2.1). Secondly, the available historical data are generally sparsely populated with
valid recordings.

The majority of historical source data available are collected at a 24-hour

(daily) resolution. To a lesser extent, 1-hour records are also obtainable. However,



for drainage purposes, it is necessary to have a much finer timescale (for example
1-5 minute resolution). This presents two major hurdles to be overcome before a
realistic parametric model can be produced. The data must be fully populated

and made available at a useful resolution.

1.2  Source data

The data used in this project were collected from rain gauges from twenty-three
sites in the Thames catchment from 1970 to 2003. A map of the site locations is
shown in Figure 1.1. The site names along with corresponding site numbers are
listed in Table 1.1 along with their corresponding Easting/Northing grid coordi-

nates.
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Figure 1.1: Map of site locations in the Thames catchment



Table 1.1: Site location coordinates: Easting, Northing, and Altitude

Thames ID  Site Easting Northing Altitude (m)
number  (0.1)km (0.1)km
TW238097 1 5499 1863 16
TW238605 2 5476 2048 75
TW239258 3 5412 1981 115
TW239315 4 5423 1926 15
TW239320 5 5418 1923 17
TW239374 6 5415 1882 8
TW239578 7 5447 1830 2
TW245176 8 5308 1894 33
TW246213 9 5314 1828 25
TW246424 10 5246 1795 21
TW246627 11 5241 1920 78
TW246847 12 5208 1870 42
TW247119 13 5141 1815 23
TW286392 14 5194 1682 12
TW287141 15 5247 1641 47
TW287283 16 5234 1737 56
TW2RT864 1T 5299 1661 35
TW288020 18 5286 1712 40
TW288749 19 5375 1692 33
TW289022 20 5433 1745 5
TW289102 21 5377 1771 5
TW290007 22 5486 1805 o
TW291467 23 5468 1754 50

In general. a Thames Water site name is preferred to a site number. particularly
when analysing the historical data (Chapter 4). However, if it is not necessary to
be able to immediately identify a particular site. then the sites are referred to by
their corresponding site number.

Two aggregation levels were available for use: a 1-hour record and a 24-hour
(daily) record. The 24-hour record was substantially longer and covered the years
1970 — 2003. The 1-hour record was only available from 1989 — 2003. All sites had
some data, however, for some sites (eg: TW239315, TW289022) the percentage of

valid records after the data were cleaned was quite low (see Section 4.4.1).



1.2.1 DMeasurement error

There are a number of devices for recording rainfall measurements. The oldest
method is to use a collection of rain gauges, however, more recent developments
enable collection of data via radar networks or satellite sensors (Maidment, 1993).

The data used within this project were collected from rain gauges (Section
1.2). Tipping bucket rain gauges. used by the Environment Agency in the United
Kingdom (see Tilford et al., 2003, chap. 2) for real-time monitoring of rainfall,
are affected by a variety of environmental conditions. The primary sources of
measurenient error associated with this collection method are well known and
include wind speed. the height of the gauge above the ground. and snowfall (Tilford
et al.. 2003: Maidment, 1993). Note that the errors associated with measuring

snowfall are usually larger than rainfall (Maidment. 1993).

1.3 Thesis outline

Techniques for fully populating the historical record at the 24-hour aggregation
level will be derived within this thesis. The constructed algorithms will use a
synthetic record generated using a spatial-temporal point process model of rainfall
(see Section 3.1). Once a technique for infilling the historical record at a 24-hour
level is developed., methods for disaggregation from this fully populated record
can be applied (for example Zhiquan and Eltahir. 1994: Glasbey et al.. 1995:
Giintner et al., 2001; Kottegoda et al., 2003; Cowpertwait et al., 2004). Where
disaggregation describes an algorithm to generate data at a finer resolution (eg: 1-
hour) than the available data (eg: 24-hour). Note that generally the total amount
of rainfall at the same site and time interval (24-hour) is expected to match exactly
for the available and disaggregated records.

The remainder of this thesis is organised as follows. The next chapter (Chap-
ter 2) presents a review of the literature for both rainfall models and infilling
algorithms. In Chapter 3, the model is mathematically described along with the
fitting technique. Furthermore, the methods for cleaning the historical data are
presented, the infilling algorithms are proposed. and the implementation of the
algorithms is discussed. The results of the data analysis and cleaning is covered in
Chapter 4. In Chapter 5, the results of the model fitting. validation. and infilling
algorithms are presented. Finally, in Chapter 6 the conclusions and directions for

future research for the model and infilling are derived.





