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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 replace missing dat a within 

the historical records with sensible estimates, where any appropriate method 

(prediction from a fitt ed model. interpola tion 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 fitt ed to historical data. In this thesis, 

the spatial-temporal Neyman-Scot t rectangular pulse model as pre ent ed in 

Cowpertwait et al. (2002) is fitt ed to data provided by Thames ·w ater 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 dat a is generated 

using the model and an infilling algorithm is derived. The algorithm is t ested 

by replacing valid hi torical data with missing value , infilling the e missing 

values. and then comparing relevant st atistics for the two samples. Three 

algorithm are developed in this the i . of which the final algorithm maintains 

the statistical characteri ties of the hi torical data . including th proportion 

of dry sites , while infilling values that are similar to the known historical 

record . 
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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 thesi . 

Note for the spatial data analysis, approximately 700 figures were gen­

erated. As only ten plots led to a definit e conclusion. only these plots have 

been included in t he Appendices. 

Furthermore. for consistency. and to make comparison easier. the same 

months (J anuary and July) were used to represent any seasonal differences 

where applicable. However. considerable variation occurs between the sea­

sons and the result s for the other months included in the supplementary 

appendices should not be overlooked. 
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1. INTRODUCTION 

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

send rain on your land in eason ... 

D euteronomy 28:12a NIV 

1.1 Background 

Accurate modelling of rainfall is critical to the successful design of effective urban 

drainage and stormwater sy terns. In order to build such system . a long historical 

record is necessary so that the likelihood of extreme events and their relat ive 

location can be estimated. However , records of sufficient length and fine resolu t ion 

are not available. As a result , considerable attention over the last two decades has 

been placed on developing a model suitable for simulat ing rainfall. 

A fit ted 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 analy is) is heavily dependent on the rainfall modelling component 

as any inadequacy i directly incorporated into the pipe flow models (Mark and 

Hosner , 2002). 

There are two main problem 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 hi torical 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 al o obtainable. However, 



for drainage purposes, it is necessary to have a much finer timcscale (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 T hames 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 arc 

listed in Table 1.1 along with their corresponding Easting/ Nort hing grid coordi­

nates. 
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Fig 11re 1.1 : Map of site locations in the Thames catchment 
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Table 1.1: Site location coordinates: East ing, orthing, and Altitude 

Thames ID Site Easting Northing Altitude (m) 
number (O.l )km (O.l )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 53 14 1828 25 
T \i\1246424 10 5246 1795 21 
T \i\1246627 11 5241 1920 78 
TW246847 12 5208 1870 42 
TW247119 13 5141 1815 23 
TW286392 14 5194 1682 12 
TW287141 15 5247 1641 47 
T \ i\T28 7283 16 5234 1737 56 
TW287864 17 5299 1661 35 
T \i\!288020 18 5286 1712 40 
TW288749 19 5375 1692 33 
TW289022 20 5433 1745 75 
TW289102 21 5377 1771 5 
TW290007 22 5486 1805 8 
TW291467 23 546 1754 50 

In general. a Thames vVater 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) t he percentage of 

valid records after the data were cleaned was quite low (see Section 4.4 .1 ). 
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1.2.1 Measurem ent 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 satelli te sen ors (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 condit ions. The primary sources of 

measurement 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). ote 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 algori thms 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 algori thm to generate data at a finer resolut ion (eg: 1-

hour) than the available data (eg: 24-hour). Note that generally the total amount 

of rainfall at the same site and t ime interval (24-hour) is expected to match exactly 

for the available and disaggregated records. 

The remainder of this thesis is organis d as follows. The next chapter (Chap­

ter 2) presents a review of the li terature for both rainfall models and infilling 

algorithms. In Chapter 3, the model is mathematically described along with the 

fi tting technique. Furthermore, the methods for cleaning the historical data are 

presented , the infilling algorithms are proposed , and the implementation of t he 

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. 
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2. LITERATURE REVIEW 

I have not all my facts yet .... Still. it is an error to argue in front 

of your data. You find yourself insensibly twisting them round to fit 

your theories. 

- Sherlock Holmes, The Adventure of Wisteria Lodge 

2.1 Stochastic rainfall models 

A number of stochastic models for modelling precipitation over time have been pro­

posed and developed in the literature . These models are generally either temporal 

or spatial-temporal in nature. 

2.1 .1 Temporal models 

Two temporal model were developed concurrently in the 1960s for modelling 

rainfall recorded in di crete time steps (ie daily (24-hour) intervals). One family of 

models used Markov chain to describe the change between wet and dry periods ( eg: 

Feyerherm and Bark. 1964). Rainfall intensity has also been modelled with Markov 

chains (eg: Stern and Coe, 1984). Another class of models were based on point­

processes as suggested by Le Cam (1961). Further developments by (Rodriguez­

Iturbe et al. , 1987, 1988) provided the theoretical foundation for models with 

storms arriving in a Poisson process with a cluster of associated rectangular pulses 

representing rain cells (Olsson and Burlando, 2002) . 

More recent developments include the modelling of rainfall via raindrop pro­

cesses (Smith, 1993; Smith and DeVaux, 1994) and constructing models based on 

the scaling properties of temporal rainfall (see Olsson and Burlando, 2002) . The 



former raindrop models are likely to be u eful at a fine resolution (1 minute or 

less), whereas the scaling-based rainfall models, while promising, are still being 

developed (Olsson and Burlando, 2002) . 

Markov models 

Models of rainfall data via Markov chains have been conducted in Stern and Coe 

(1984); Balaji (1995); Grunwald and Jones (2000); Onof et al. (2002). Most Markov 

chain models in the li terature are first-order (Srikanthan and McMahon , 2001 ). Ac­

cording to Dobi-Wantuch et al. (2000), the popularity of the first-order , two-state, 

homogeneous Markov chain model is primarily due to the simplicity of the calcu­

lat ion for generating synt hetic series of wet and dry days. Although this model i 

simple, it usually overestimates the very short dry sequences and underestimates 

the v ry long dry sequences (Dobi-\~lantuch et al. , 2000). 

Point process models 

As mentioned previously. the models derived by Rodriguez-It urbe et al. (1987, 

1988) formed the basis for the wide pread use of rectangular pulse models for 

modelling rainfall. Within these point process models, each storm arrives in a 

Poisson process in t ime. Each storm has a random number of rectangular pulses 

(rain cells) ofrandom duration and intensity associated wi th it. (As the rectangular 

pulse model is the most common model formulation, unless noted otherwise the 

rain cells are to be assumed to be rectangular pulses.) The amount of rainfall at 

the site at any given t ime is the sum of the intensit ies of the rain cells at that t ime 

( see also Section 3 .1 and Figure 3 .1). 

The association of the cells with t he storms generally follow either a Bart lett­

Lewis (BL) proce s or a Neyman-Scott (NS) process (Rodriguez-Iturbe et al. , 1987; 

Olsson and Burlando , 2002) . These two models differ slight ly in their formulation 

in that t he relationship between the cell arrival and storm origin are not t he same. 

In the BL model the t imes between cell origins are independent whereas in the S 

formulation the t imes between cell origins and the storm origins are independent 

(Cowpertwait et al. , 2002). Furthermore, it has been shown analytically (Cow­

pertwait , 1998) that t hese models are statistically equivalent up to their 2nd order 

properties . The point-process models are less sensit ive to errors than the Markov 
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models as they use summary statistics in the fitting process rather than fitting 

directly to the historical data. 

These two models have been investigated extensively over the past fifteen years. 

Studies conducted using the BL models include Islam et al. (1990): Kakou (1998); 

Cameron et al. (2001 ); Smithers et al. (2002); Skaugen et al. (2003). The NS models 

have also been frequently applied to various data sets ( eg: Rodriguez-Iturbe et al.. 

1986: Cowpertwait, 1994: Cowpertwait et al.. 1996: Cowpertwait and O'Connell , 

1997; Cowpertwait , 1998). As with any model specification , these models are 

limi ted as they generally fail to meet some characteristic of the historical data (see 

1aidment. 1993: Onof et al. , 2000). For example. the reproduct ion of wet / dry 

sequences is often a problem with the Neyman-Scott or Bartlet t-Lewis models 

(Onof et al. . 2000). However , these limi tations do not imply that the model cannot 

be used in practice. 

Note that within these models it is generally assumed that inten ity and du­

rat ion are independent random vari ables . However. the dependent cell duration 

and intensity was investigated for the NS model by Cowpertwait (1994) and . for 

the BL model by Kakou (1998). Onof et al. (2000) found the dependent duration­

intensity BL model improved the reproduction capabili t ies of the proportion of 

dry sites when compared with the original BL and NS models . 

Other m odels 

Other rainfall models have also be derived such as those based on Cox proce ses 

(Ramesh , 1998) and renewal processes (Cowpertwait , 2001 ; Mohapl , 2002). Note 

t hat the renewal process models are applied to real t ime data rather than discrete 

data as in the point-process and Markov Chain models discussed previously. Most 

discrete data are recorded at a 1-hour or higher resolution ( or aggregated to this 

level from a finer resolut ion) , whereas the real time data may be recorded at as 

fine a resolution as 1-second . 
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2.1.2 Spatial-temporal models 

In the late 1980s, spatial-temporal stochastic models were developed and nsc~d 

(eg: BelL 1987: Cox and Isham, 1988). Since these preliminary formulations, 

spatial-temporal point process models have been the subject of many studies (eg: 

Cowpertwait, 1995: Northrop, 1998; Favre and Overney, 1999: Onof et al., 2000; 

Cowpertwai t et al., 2002). 

Point process models 

The extension of temporal point-process models into the spatial domain wa::; pro­

po::;ed by Cox and Isham (1988). In this model. storms arrive in a spatial-temporal 

Poisson process where each storm consists of a circular region of rain which mows 

\Vith a random velocity for a random time after which it disappears. During the 

storm·s lifetime. tlw intensity of rain over tlw region remains constant. As men­

tioned in this paper (Cox and Isham. 1988). the model is highly idealisE·d and dews 

not incorporate known features of rain cdl behaviour example cell clustering). 

This spatial-temporal model was then extended to clustered point processes. 

once again for the BL model (Northrop, 1998) and for the NS model (eg: Cowpert­

wait. 1995: Cowpertwait et al., 2002). Comparisons have also been made hetwec·n 

the hvo models (eg: Ouof et al., 2000). Note that Northrop (1998) preforred ellip­

tical cells rather than circular cells as the the autocorrelation plots obtained from 

the radar data (which the moch-1 was fitted to) showed elliptical contours. 

In ordc>r to formulate a clustered point-process model that can be related to the 

physical process, some assumptions about the process are necessary to make fitting 

the model easiPr. Generally. the data are transfornwd to temporal and spatial 

stationarity prior to fitting the model (eg Cowpertwait et al., 2002). Furthermore, 

with all rectang;ular pulse models the cell intensity is held constant over the cell 

duration and the- cell area. 

The models in the literature also specify different assumptions regarding the 

characteristics of the model. For example, the shape of the rain cell ( Onof et al.. 

2000), number of rain cells types (0g Cowp0rtwait. 1995), and the hierarchical 

structure behveen storm events and rain cell clusters (Northrop. 1998). 
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The model (Cowpertwait et al. , 2002) that is applied within this thesis (see 

Sections 2.1.3 and 3.1 ) also specifies the assumptions as listed below. 

(a) each rain cell has a randomly generated constant x . y origin 

(b) cell intensity, duration , and radius are mutually independent random vari­

ables 

(c) cell x, y origins are independent within storms 

(d) there is only one type of rain cell (convective and tratiform cells are not 

modelled separately) 

Some alternat ive model formulations, as presented in the literature, are discussed 

briefly below. 

J\ on-stationary rain cells 

The movement of rain cells has been considered previously with the BL type 

models (see orthrop. 1998: Onof et al.. 2000). The correlat ion functions (tempo­

ral and spat ial) are reproduced by the model (Northrop. 1998) . The main problem 

with this model is the computational difficulties associated wi th the fitting proce­

dure. 

Spatial storm and cell dependence 

As discus ed in orthrop (1998). rain cells tend to form in the vicinity of existing 

rain cells forming larger-scale structures . Therefore. a spatial- temporal model 

where cells were clustered about the storm origin. spat ially and temporally, was 

proposed (see orthrop, 1998). Due both to the difficulty of specifying a likelihood 

function in a useful form and the structure of the cell intensities, model fitting via 

maximum likelihood i not an appropriate method. Rather, a generalised method 

of moments is preferred (Northrop , 1998). 

The structure of storms and clusters within them are explored in De Lannoy 

et al. (2004). It was observed that rain cells are clustered within a storm area 

(as expected) and that a simple Poisson process model is adequate to capture the 

spatial distribution of the cells (De Lannoy et al. , 2004). 
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Multiple ceJJ types 

A spatial-temporal Neyman-Scott Rectangular P ulse (NSRP) model containing 

more t han one cell-type was developed by Cowpertwait (1995), however , if used 

then the equations for the third moment derived by Cowpertwait (1998) can not 

be used in the model fitting. However, the inclusion of multiple cells is expected 

to be part icular effect ive over the sununer period where local, intense storms are 

more frequent. Again, as with storm movernent, this model is considerably more 

difficult to fit than the model considered within t his thesis. 

Multiple cell types at a . ingle site NRSP model have been found to produce 

realistic output in terms of extreme values and return period (Cowpertwait and 

O'Connell. 1997), but the fit of this model to the proportion of dry periods was 

not checked. 

Non-constant rain cell intensity 

Although the assumpt ion of constant rain cell intensity is physically unjust ifi­

able. t his a;:;sumption is probably the least important a.c:;srnnption to be corrected. 

For a model with spatially clustered cells (sec Northrop, 1998; Willems. 2001), t he 

a.5sumption of constant cell intensity did not appear to be important. Therefore, 

random noise could be applied to the sinmlated records if necessary rather than 

accounting for non-constant intensity directly. 

Other m odels 

In addition to the models previously listed , the following models have also been 

applied to varying aggregation levels in the spatial-temporal domain. 

Conditional models using Markov ch ains have been applied to daily rainfall 

data in the spatial-temporal domain (Srikanthan and McMahon, 2001). In addition 

to daily rainfall amounts other climate factors such a.5 atmospheric circulation 

patterns may also be used a.5 input into the model a;:; in Hughes et al. (1999) . 

The Modified Turning Bands (MTB) model. was formulated in Mellor (1996). 

The main features of frontal rainfall systems ( eg: rainbands, clusters of potential 

10 



regions. and r11 i11cells) were to be reprod11ced by this model. The model is fitt ed 

to H1.d11r data in (f\ lellor and o ·connell. 1996) and fut ure model J)l'Ospc•cts arc> 

covered further in (f\Icllor 1111d f\Ietcalfc. 1996). 

Spatial-temporal models for rainfall ha,·c been propo. ed ,,·ithin a Ba.,·csian 

franw\\·ork (sec De Oli,·eira et al.. 1997: Sanso and Guenni. 1999: Verlarde et al.. 

200-1) for n1rious aggregation lcwL. 

\\"illems (2001) c!C',·clopcd a spatial rainfall genC'rator for use Rt small spatiRI 

scales (see Ri. o \ \.illems and Luyckx. 1999). The generator described the rainfall 

field by dis tinguishing betweC'n differing Jen.•ls of rainfall scales (ie rn in cells. clus­

ters. Rnd larger areal'.). Good re. 11lts "·ere found for both rainfall frequency and 

for a number of aggregation lC'vels between 20 minutes and 1 d ay. 

2.1.3 App/ipcJ rnodcl 

Tll<' results in Co"·pc•rtwait et al. (2002) shc)\\·ed that a simple spatial-temporal 

NS rectan gular pulse mod0I was able to maintain rC'gional extremes. This model 

is nrnt hernatically trnct able and ha. bee11 shmn1 to maintain cxtr0me ,·aluc• char­

Rct0ris tics. This lRlt <:'r point is often a problem for point proce.s models ( ·cc Onof 

et al.. 2000). Therefore. as the extreme vR h10 bC'lw,·iour is presen·cd. this model 

is applied " ·ithiu this thesis . The comple te 11iathcnrntical description and fi tting 

nwthod is dcscrilwd in Section 3.1. 

2.2 Infilling 

In the literal me there ar<' a number of pRpers on cstinrnt ing missing data for 

time series. spatial dRt a. or both ( eg: Kolm and Ansley. 19 6: Carlin et al.. 1992: 

Kong et a l .. 1994: l\lchrotrn Rnd Singh . 199 ' : Venugopal C't RL. 1999: Johns et a l.. 

2003). The mc'thods a re either based on a model or are bru ed 0 11 the data directly 

(Rox. 1999). The methods applied within this thesis are based on a fitted spatial­

temporal stochastic model as described in Cowpert\\'ait et a l. (2002). 

These infilling met hods in the literature may either illlpute (predict a missing 

record) a single rnluc or generate nrnltiple imputation data sets (sec for example 
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R aining, 2003, p. 157). Obviously, the advantage of mul tiple imputat ion is that 

an estimate of the error associated with the predictions is readily available. Fur­

thermore, the model can be refitted to the multiple imputed data sets and the 

effect of the imputation on the model can be seen. For this analysis however , only 

single imputation methods were applied . 

As the data used are both spatial and temporal in nature, t he infilling methods 

must also be able to predict in space and time. There are two distinct problems 

associated wi th spatial- temporal rainfall data. Firstly, there is the case where 

a high aggregation level is known (say a 24-hour total) but lower aggregation 

levels (1-hour totals, 15 minute totals) are not known. In this case, disaggregation 

algori t hms (for example Ormsbee, 1989; Glasbey et al. , 1995; Giintner et al. , 2001 ; 

Kottegoda et al. , 2003: Cowpertwait et al. , 2004) are applicable. While this is 

certainly a problem for the data set (see Section 1.2), as 1-hour values were only 

collected 19 years after the 24-hour values were collected , the focus of this thesis 

is on the second problem. That is. missing data occurring at the highest available 

aggregat ion level - in this case the 24-hour data. 

For the Thames Water data. t here are two approaches that could be applied. 

Firstly, all available 24-hour data could be disaggregated using a disaggregation 

algori thm (see above) and then infilled at the 1-hour level when, if necessary, these 

1-hour values can be aggregated up to 24-hour values . Alternatively the data could 

first be infi lled at the higher aggregation level (24-hour) and then the infilled data 

d isaggregated to the lower aggregation levels. Of these, the second method is 

more int uit ive as for precipi tation data higher aggregation levels are more highly 

correlated over larger distances than lower aggregation levels - eg: Section 5.2.2. 

Furthermore, if overdispersion is an issue at an hourly to daily aggregation level as 

it is from a daily to mont hly aggregation level (see Katz and Parlange, 1998) then 

it is necessary to infi ll first then disaggregate in order to reduce the effect of this 

problem. However, this latter option does not make use of any part ial data that 

may be recorded at a finer time scale - for example 12 hour~ of a 24-hour total 

may be recorded at the 1-hour level but a missing value recorded at the 24-hour 

level. 
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2.2.l Missi11g dc.1ta assumptions 

Before cont inuing fur ther . it i. important to note that tlw a lgorithms <lescribcd 

"·ithin this sect ion assume that the mi. sing data mechanism is ignorable (R aining. 

2003). That is. the missing data are spatially an<l temporally ·mi. s ing at random· 

(l\ IAR). If the data is not l\ IAR but instead there is some form of missing data bias 

(for example . rnhtC'S of high magnitude arc more li kely to he rnissing) thf'n any 

modelling or imputat ion method nmst take this into account if it is to he reliable 

(Scha fC'r and Graham. 2002: Ila ining. 2003}. 

Of these' t \\"O ru:;sumptions (Spatial l\ IAR and tC'mporal l\ IAR ) it is generally 

more impor tant that temporal 1\IAR is maiuta ined and that no data ceusoring (for 

example' of extreme values) has OC'Curred. The latter is partkularly impor tant for 

flood frequ0n<'.,. ana lysis. 

2.2.2 Algorit h111s 

i\ltho11gh the data arc spatial-temporal. the infilling proble111 can be reducc•d to 

a spatial prE>diction problPm pro,·ided enough data arP arnilablE> a t a gin.•n tinw 

point. The justification for this liE>s in the observat ion that precipitation <lflta arc 

more highly correlated spat iall>· than temporally over a ·s1111:lll' arE>a at a ·high' 

aggr<'gat io11 level ( <'g: 24-hour or hi~her for tlw Tliarucs Water data}. I t is also 

obvious that as thE> area under study im-reas0s the necessary aggregation IE>Yel for 

this obserw,t ion to l)(' trnP will also increase'. 

From the first order autocorrelation fun C't ion (see Table 5.1 } and the first ordC'r 

cross-corrE> la t ion funC'tion (sec Figures Il .1 to B.6) for the Thanws Water data. it 

is E>,·idcnt that in general the first order noss-corrclation is three' times higher 

than than 1 he first ordPr autocorrela t iou at the 24-hour level. Thus an infi lling 

algori t hm that infills spat ial ly a t each discrete time step is a pplicable and the 

temporal dimension is not as important a~ the high cross-correla t ion is cxpeC'tE>d 

to account inclireC'tly for the autocorrelation. Howe\'er. givE>n the marked difference 

between the t\\"O mcasnren10nts, it is possible tha t an algorithm which only infilled 

spa tially wi ll tend to overE>stirnatc t he fir. t order autocorrelation. For the sake 

of simplicity. however. the temporal component will be indnded only if spatial 

prediction fails to rcprodnC'e the required characteris tics. 
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Requirements 

Haining (2003) observes that a method estimating values on a spatial surface 

should satisfy the following four requirements. Firstly, the spatial structure of 

the surface should he utilised. Seco11<lly, as observed values t hat arc spatially close 

together duplicate information. regional clusters should be weighted. Thirdly, some 

estimate of the error of the prediction should be able to be obtained. Finally, the 

method should , when estimating a known value, predict a value as close as possible 

to that known value. 

These same four requirements also apply <lirectly to any infilling algorithm. In 

order to fulfill the first requirement , a spatial-temporal NS point process model is 

fitted to the historical data. The model is expected to captme the spatial (aud 

temporal) characteristics of the rainfall data if the assumptions for the model 

are satisfied. The second and third requirements can easily be incorporated within 

the infilling algorithm by weighting site values allCl imputing missing data mult iple 

times respectively. The last requirement is used to measure the effectiveness of the 

infilling algorithm within this thesis. 

Candidates 

1Iarkov Chain ivlonte Carlo (MC1IC) (Dellaportas and Roberts. 2002) is an op­

tion for infilling the missing rccordt;. While MCMC algorithms are au attractive 

alternative to model fitting, the disadvantage of this method is the computation 

time for imputation - especially if the sampling method converges slowly (which is 

highly probable) . Furthermore, the data must be reliable for MCMC to generate 

useful results. As Section 1.2.1 highlights . the data are subj ect to high measure­

ment error , especially over winter. Therefore. a model based approach is preferred 

to MC1IC methods . 

Furthermore, although interpolation methods based on regression or kriging 

(see Bennett c•t al. , 1984; Crc.:t;t;ie, 1993; Hox. 1999) could be applied to the d ata 

to interpolate between points these methods will not be optimal. The reason for 

this lies in the attributes of the rainfall data, namely, the high positive skewness, 
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the strictly non-negative values (thus causing residual error to be asymmetric) . 

and high covariance. Note that with the regression and kriging methods, it would 

be assumed that some form of stochastic error would be added to the predicted 

values so as to avoid underestimation of the variance (Hox, 1999). 

As the model specified in (Cowpertwait et a l. , 2002) produces ensible char­

acteristics of precipita tion data. this model can be used as a foundation for an 

infilling algorithm. The model, once fitted , can be used to generate a synthetic 

record of rainfall data for the historical sites. An infilling algorithm can then use 

these synthetic records to find a ensible prediction for missing values based on the 

similarity of the valid data within the historical record and a potential synthetic 

one. 

If additional information was available. for example circulation mod 1 data. 

then the inclusion of these records in the infilling method would be desirable (see: 

Iehrotra and Singh. 199 : Venugopal et al .. 1999). 

2.2.3 Summary 

The infilling algorithms applied within this thesis are constructed from the model­

based imputation methods. First ly, a model is fitted to the valid records. Secondly, 

this fi tted model is used to generate a synthetic record. Last ly. the synthet ic record 

is used for infilling. This sequence of steps could be applied multiple times in 

order to obtain an est imate of the prediction error (assuming that the algorithm 

converges) . 

The first algorithm applied selects values used for infilling from a single row 

(where a row corresponds to site data collected / simulated at a particular time -

for in tance: J anuary 1 st , 2000 for 24-hour data) of best fit. The best fitting row is 

found using a least squares fit between any valid historical data and synthetic data 

records. The second algorithm also selects values from a single row, but transforms 

the historical and simulated data onto a CDF before applying the least quares 

function. The third algorithm selects values for infilling from the best fitting rows 

using random uniform variates. A full description of the applied algorithms is 

given in Sections 3.3 and 5.5. 
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3. l!ETHODOLOGY 

To matter what the statist ical problem may be. it must proceed 

according to a plan ... under all circumstances a definite plan provid­

ing for all the detail is an absolute prerequisite. 

-August M eitzen , quoted in Gaither and Cavazos-Gait her (1996) 

This chapter can be categorised into four broad areas. The first section pre ents 

the spatial-temporal eyman-Scott Rectangular Pulse ( SRP) model along with 

techniques for fitting and verifying the model. Graphical interpretations of the 

process underlying the spatial-temporal NSRP model are also presented within 

this section. The next section describes the methods and plots for validating the 

rainfall data . The third sect ion briefly outlines the three main algorithms used 

for infilling the missing data in the hi torical record for which results are included 

in Chapter 5. The techniques used to analyse the performance of the infilling 

algorithms are also di cussed within this sect ion. The final section describes the 

implementation of the algorithms comprising the project. 

3. 1 Spatial-temporal NSR P model 

The model, as presented in Cowpertwait et al. (2002), will be fitted to rainfall 

data taken from the Thames catchment, thus providing the modelling component 

required by the infi lling algorithms. The model has previously been fitted to 

precipitation data in the Arno Basin , Italy, where it was shown to preserve the 

behaviour of extremes (Cowpertwait et al. , 2002). Furthermore, it is conceptually 



simple and is easy to fit. Note that the simplificat ions required by this model 

may impact the accuracy of the infilling algorithms: however , these algorithms are 

generic and can use data generated by any model. 

The spat ial-temporal NSRP model consists of storms where the arrival t imes 

follow a Poisson process. Each storm has a random number of rectangular pulses 

( or rain cells) associated with it ; where the pulse heights correspond to rainfall 

intensity and the pulse widths correspond to rainfall duration. As overlap of 

pulses (and storms) is permit ted , at any given time. t. the rainfall intensity is 

the sum of the active pulse intensities a t t (Figure 3.1). Each cell is a circular 

rain disc covering a region (Figure 3.2). As the rainfall data are measured at 

discrete intervals (1-hour or 24-hour), simulated datR. R.re also produced at discrete 

intervals. In Figure 3.2. each time step can be considered R.S an xy-planc over the 

region under ::;tudy. and the shading of the cells i::; an iudication of the intrnsity of 

the rainfall at the (x, y) coordinates. 

where: ovals 
rectangles 
thick lin<' 

a re storm arriva l points 
are rain cells 
is the rainfall intensity a t timr l 

Figure 3.1: Temporal Neyman-Scott model 

Figure 3.2: SpRtial-temporal Neyman-Scott model 
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3.1.1 Assumptions 

In order to ensure t he that model parameters are constant , the model is assumed 

to be stationary in time and space (Cowpertwait et al. , 2002) . The raw data does 

not meet this assumption as seasonal patterns exist and site means vary. Thus t he 

data must be transformed to a tationary series or a stationary subset before the 

model can be fitted. Following Cowpertwait et al. (2002), the data are scaled by the 

site mean to realise spat ial stationarity and . to account for sea onal var iation . the 

model is fitted to each calendar month separately. Twelve estimates are therefore 

obtained for each of the model parameters. 

As with Cowpertwait et al. (2002), the cells are assumed to have zero velocity 

- that is, they are stationary in space. This assumption ensures the mathematical 

derivat ions (Section 3.1.3) are mathematically tractable. Although this seems a 

simplist ic approach for modelling the physical process, the aggregat ion level of 

1-hour produces a model that fits well (Cowpertwait et al .. 2002) . 

It is suggested by orthrop (1998) that provided a model assuming such zero 

velocity cells is fitt ed to data with an aggregation level of at least 1-hour. t his 

assumption is not unjustifi able. Alt hough counter-intuit ive. this result is derived 

from the observat ion that over a t ime period , storm movement tends to be included 

within the time intervals. For example. a 15-minute shower at site A may ·move· 

(within the same 1-hour t ime interval) to site B and shower for (say) another 

15-minutes. However as both 15-minute showers are incorporated within the same 

1-hour aggregation t ime interval ( and therefore the total rainfall for t hat hour), 

the storm movement does not need to be modelled. It should be obvious there­

fore, as the aggregation level increases t he requirement of modelling cell-movement 

decreases. 

In addi t ion cell origins are assumed to b independent in space, again for 

the purpo e of implification. A more complex formulation (see Northrop , 1998) 

is required if cells have either non-zero velocity or are associated spatially with 

storm origins. 

As the primary usage of the model in this thesis is for infilling the historical 

record , all seasons are grouped together for the same site across mult iple years. 
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If climatic change occurs over the time period requiring infilling, then a model 

which docs not incorporate the changing climate can still be fitted. However. in 

order to infill the historical record correctly, the infilling algorithm would have 

to be adjusted to only select candidate points from the synthetic record that are 

climatically similar. This is particularly important when an infilling algorithm 

such as the iterative GDF least squares algorithm. Section 5.5.4, is applied . 

If the model was to be used for other purposes, for example climate predict ion, 

the grouping of all seasons across years would not be correct. Instead. the mod­

elling would have to be adjusted for climate change over the historical period and 

not just for seasonal effects . 

3.1.2 Model notation 

Let Ti be the arrival t ime of the i th storm. The storm arrival t imes Ti follow 

a Poisson process with an arrival rate ,\ per unit t imP such that T;+1 - T; is 

exponentially distributed with mean >. - 1. The mean number of cells. /'·c· linked 

with a storm is g iven by a two-dimensional Poisson process with rate ,p per nnit 

area. 

LPt CiJ be the arrival t ime of the .ith cell in the ith storm where C;.i - T1 

1s the displacement between the jth cell arrival time and the i th storm arrival 

time. Let cell displacemPnt times be independent random variables exponent ially 

distributPd with mean (3- 1 . As cell displacement t imes arc dep endent on the storm 

origin and not on the arrival t imes of adjacent cell origins. cell arrivals Cij form 

an Neyman-Scott point process. 

Cell duration and cell radius are also random variables modelled by indepen­

dent exponential distributions wit h means ,,- 1 and <f>- 1 respectively. 

Cell intensity. X. is taken to be d istributed as a two-parameter Weibull random 

variable with parameters a aud 0 for shape and scale. The probability distribution 

function for the two-parameter \Veibull is given in Eq11ation 3.1. As a result. the 

mean of X can be derived (Equation 3.2) Rnd the variance of X as Eq1rntion 3.3. 

20 

0. a > 0 . .c 2: o. 
x< O 

(3.1) 



1 
0r(l + -) 

a 

02(r(l + ~) - [r( l + l / a)]2) 
a 

(3.2) 

(3 .3) 

where r(x) denotes the gamma function (Equat ion 3.4). 

(3.4) 

As the lowest non-zero record for the 1-hour aggregation is 0.2mm for all sites. 

this is assumed to be the tipping bucket size for the rain gauges in the region 

(see Tilford et al.. 2003 , chap. 2). Similarly. the lowest non-zero record for the 

24-hour aggregat ion level is 0.1mm. It is assumed that the differenc between the 

two aggregation levels is due to storage gauges being used to gat her rainfall data 

at a 24-hour aggregation level rather than tipping buckets. Note also that there 

are numerous measurements problems associated with tipping buckets (see Section 

1.2 .1) and the effect of truncation to 0.2m,m will be significant. 

The region spans approximately 50km in diameter with rain gauges distributed 

as in Figure 1.1. The notation with units for the model can then be specified as 

shown in Table 3.1. This notat ion is identical to that as employed by Cowpertwait 

et al. (2002) as the model and units are the same. 

>, - 1 

/3-1 

0 

Table 3.1: Model notation 

mean time (hours) between two adj acent storm origins. 
mean time (hours) between storm origins and cell starting 
time . 
mean duration (hoiLrs) of a cell. 
shape param ter for cell intensity X. 
cale parameter (mm/ hour) for cell intensity X . 

mean number of cells per storm per site. 
mean cell radius (km). 
mean number of cell origins per km 2

. 
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3.1.J ,\Jntlicnwtirnl dcsr-riJJI ion 

T!iP first and second order properties of the Spatial-Temporal NSHI' model havl' 

bcl'n derived by Cowpertwait ( 1 !)!)5), all(! the third order moment has heP11 dprivcd 

by Cowpcrtwait (1998). 

For convcnicnc(\ tlwsl: l'qn;:i 1 inn:,:; hav(' been reprodnced behrn:: 

111, = E {Y;;''' (x)} = >.11c11xh/iJ. 

\dlPn-'. C is a Pois'.'>on randmu variable (CmvpPrtwait et al.. 2002). 

Tl1erefore. in equations (3.8) and (:1.D), 

E{C(C- 1 )} = 11/ and E{C(C --- l)(C - 2)) cc 11/. 

= C. 1yi"!( ·.· yW: ·. ·11 ~:.1' .. 11.!1.I, Oi'l ~, X1. /,-;J_ly _1 

( :1.G) 

·) ' ') 
'u.,1,1_-2>.{l -l'(o.r/))11,·E(X-)A(h.L)/1/. (3.(i) 

whl'rc: 

J\(h. OJ 

B(h. 0) 

A(/1. L) 

B(h.L) 

-,,,.y.h.L = ,\f/ "A(h. L) 

·{2111·E(X2
) + 11\ .i2Ji(C' - C)/(.J' -1/"l} 

-AJI\ nu,. L)E(C1 - C)/{.J(.f - ,/)}: 

(1!11 + IC ,,1, -- 1): 

(Id+ e-.Jh - l ): 

j 

2
(! - "11h)1c ,1h(L--r,,L = 1. 2 ... . 

!1·1-e .l/,)2e-JldL-IJ:L-- 1.2 ... . 
2 

As giwn in Cowpcrtwait l't al. (2002), J'(o. d) is c•valnatl•d bv: 

2 1· 0

/

1 
( c)d ) ( -0,d ) !'( O. d) = - _ -, -·-- + 1 ,·.rp :--- dy 

7f ' I_) 2 ('08 ,I} 2 ('08 .I} 
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In the fi tt ing procedure. equation (3.8) was evaluated numerically - unlike in 

Cowpertwait et al. (2002) where an approximation using Simpson's Rule with 

five ordinates was used. The numerical integration algorithm applied split the 

intergrand into as many intervals as necessary to reduce the overall error to le s 

than 1 x 10- 8 . Thus the calculation of the cross-correla tion function (Equation 3.6) 

is expected to be more accurate. potentially allowing a better fit to be obtained. 

The third moment. as derived by Cowpertwait (1998) , is: 

E{Yt
1
\ x ) - µh} 3 = 6>.µ c E (X 3)(T/h - 2 + 17he-17h + 2e- 17h)h"' 

+ 3>.µ,x E (X 2)E{ C(C - 1)} f (T/ , (3, h ) 

I {2174 /3((32 _ T/2)2 } 

+ >.µi E{C(C- l )(C- 2)}9 (17- /3 . h ) 

/ {2174(3( T7 2 - {32)(17 - 3)(23 + 17 )((3 + 217)} (3. 9) 

where f (T/ -3 . h) is: 

f ( 17 _ (3 . h ) = _ 2T/3 ;32e-17h _ 21J3.B2e-6h + 172 ;33e-211h + 2174 /3e-11h 

+ 2T/·1;3e-Jh + 21J3 ;32e-(11+J)h - 217.., ;3e-(11+f3) h - 8T73/33 h 

and 9 (17. (3 . h ) is: 

9(17 ,/3, h ) 

+ 1l7l B3 - 2T74(3 + 21J3 rJ2 + 417(35h + 4T7 5(3 h - 765 

_ 4T/5 + 8(35e- 17h _ (35e- 211h _ 2hT/3f33e- ,1h 

- 121l3 3e-ryh + 2h17/35e-17h + 41J5 e-f3h 

121J5 (3e-f3h + 9T74/32 + 1217(35e-17h + 9172(34 

+ 12173(33e-(11+f3) h _ T/2/34e- 217h _ 12T/3/33e-f3h _ 9T/5/3 

_ 9T//35 _ 3T/ f35 e- 21Jh _ T/4/32e- 2f3 h _ 12T/3/33e- 1Jh 

+ 6T75(32h - 10(34T73h + 6(35T72h - 10(33T74h + 4/36T7h 

- 8/32 174e-f3h + 4/3176 h + 12/33173 - 8/34T7 2e - 17h - 6176 

_ 6(36 _ 2T/6e - 2/3h _ 2(36e - 217h + 8176e-/3h 

+ 8(36e- 17h _ 3(3 175e- 2/3h 
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3.1.4 Sample statistic calcula tions 

The notation given in Table 3.2 (from Cowper twait et al. , 2002) is used for the 

variance, coefficient of vari a tion , skewness, autocorrelation (first lag), and cross­

correlation respectively. The dependent parameters arc also shown. 

Table 3.2: Statistic notation 

Statistic Dependent Description 
paramet ers 

1/h A. (3 . 1-'C· a, coefficient of variation taken over t ime intervals 
of width h. 

"'h >. . /3 . 11c . o skewness coefficient ta ken over time intervals of 
widt h h. 

P1i >. , d. /.le . o first lag temporal autocorrelation taken over 
time intervals of width h . 

Pr.y.h.L >. . /J. 11 c . o . c/> lag L correlation of rainfall depths between sites 
at locations x and y takcu over time intervals 
of width h. 

As the functions coefficient of variation (CV) . skewness. and autocorrelation 

are dimensionless as t hey do not depend on the scale parameter 0 (Table 3.2) . 

these fu11ctions can be fitted to their equivalent dimensionless sample values (see 

Cowpertwait e t al. , 2002). That is, the mean-scaled sample st atistics calculated 

by pooling data across multiple sites as follow in equations 3.11 to 3.16. Note that 

the notat ion and equations follow (Cowpertwait et al. , 2002) reasonably clo. ely. 

Let N 

AI 

h 

i 

n(h,i) 

j 

k 

be t he number of years on record 

be t he number of sites in the region 

be a discrete t ime interval in hours 

be a season for the historical record (i = 1. 2, ... , 12) 

be the number of inten ·als of width h in season i 

be a yPar within the historical record (.j = 1. 2 .... , N) 

be au interval within the month (k = 1, 2, .... n(h. i)) 

be a site in the region (l = 1. 2 ..... Al) 

xg1l1 be all observed rainfall depth of interval width h, season i . 

year j , interval k. and site I 
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In the equations (3. 10 to 3.16) all data are assumed to be valid. In practice. the 

tot al number of values (eg: M x N x n(h , k )) has to be adjusted by subtract ing the 

number of missing records wi thin the t ime period examined . Similarly, no missing 

records are included in any summat ion of x;7L-
In order to calculate the pooled sample statist ics . the sample 1-hour mean is 

fi rst calculated (Equation 3.10). 

N n (l ,i ) (1 ) 
-.(1) _ , , x ijkl . _ . _ 
X;1 - L L ( "). i - 1. . .. . 12. 1 - 1. . . .. ]\ f 

Nn l. i 
j = l k=I 

(3. 10) 

The mean-scaled statistics for a~_ ;· i h .i , i)h ,i , Ph.i· ;:,,h ,i, and Px.y. h .i can then be 

obtained by pooling all available data across each site and year (Equations 3.11 to 

3. 16) . 

A2 ,, , x,1ki xi i l\J. N n (h .i ) [ ( .(h) / -,(1) _ h)2 ] 
(J'h.i = L L L l\ I Nn(h. k) 

l= l j = l k = l 

l\J S n (h.i )- l 

11i.1= I:I: I: 
l= l j=l l,= l 

[ ( 
.(h ) ; -.(1) ) ( ,(h) ; -s(l ) ) ] 

xijkl X;1 - h · xij (k+ l )I xi i - h 

M N(n( h . k ) - l ) 

A O'/J .i 
VJi_;=h 

A ,, , xijkl X;1 1 ]\J N n (h.i ) [ ( ,(h) / -.(1) _ } )3 ] 
1-i.Ji,;= LL L a3 M Nn( h. k) 

1=1 j=1 k= 1 h .1 • 

N n (h ,i ) 

A ih,i 
P1i.;=~ 

(J'h ,i 

, , ( .(h) -,(1) )( ,(h) -,(1) ) 
L L xijkx - xix xijky - xiy 
j= l k= l 

Px.y ,h ,i = --;==== = = = ============= 
N n(h,i ) 2 N n(h,i) 2 

L L ( x~Jkx - x};)) L L ( x~~
1ky - x}~)) 

j=l k= l j=1 k= l 
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The pooled sample esti111ates (v1i , 1-,;,1 , Ph· and Px,y.h ,( where Px,y ,h ,i is the lag 1 

cross-correlation between x and y for season i) for the t hree aggregation levels 

(h= l ,6,24) can b e used in the model fitting a,:, follows. 

3.1.5 Model fi tting 

The fi t ting process is divided into two parts. F irstly, the parameters dependent 

on the dimensionless statistics (,,\. (3, 11. µc . and a) are fitted. The results from this 

first s tep are used to obtain au estima.te for 0. Finally, </J is estimated. Furthermore, 

by fitting </J after the other para111eters. the dimensionali ty of the solution space is 

reduced and a fit can be obtained more quickly. 

Rather than use the raw estimates obtainable from the data, the pooled sample 

statistics were smoothed using forward stepwise harmonic regression on the first 

three harmonics as in eqtrntion (3.17). 

, ~ [ (27r i)) . (27r ij)] . 9i = co + L.,, r j · ros --;::;- + s1 · s111 -- + E; : z = 1, 2 .. ... N 
J = I 

(3.1 7) 

where N is the number of seasons, g; is a sample statistic for the i th season. only 

significant coefficients (cJ , sJ) are included iu the final harmonic regression model , 

and j 1 is the corresponding predicted value. 

The forward selection of the 111odel coefficients minimised the model 's AIC 

(where AIC is the standar<l Akaike Information Criterion). T his method gives 

estimates for each aggregation level h of the cocfficieut of vari a.tion. v. skewness. 

;:., , and autocorrelation. p, for each month. i . that vary smoothly ovc->r the seasons. 

This smoothing of the stat ist ics b efore model fitt ing is less than ideal a,:, it relies 

on prior knowledge (sec Onof et al. . 2000). However, as an alternative procedure 

is beyond the scope of this work, this approach is retained . It should be noted 

however that in so111c cases. for example monsoon climates. this assumption does 

not hold (as defined above) as the transit ion between seasous is not smooth. 

The model is fitt ed using smoothed memi-::;calc<l statistics calculated for the 

1-hour. 6-ho11r, and 24-hour aggregation levels to the now dimensionless functions: 

coefficient of variation, skewness, and lag 1 autocorrelation. A simpler model 

26 



using only the 1-hour and 24-hour compo11e11ts is also fit led and the two models 

compared. The best model is 11sed to simulat0 data which is then 11 . ed within the 

infilling algori t hm. 

Tl1e temporal rnmponent of the model is fitted using the mathematical equa­

tions gin'n in Section 3.1.3. by minimising equation 3.1 for each n10nth. 

F; .. .J. = t [(1 - ~,,.. )2 + (1 - .f,k )2] 
k= l f ;~· J, ,.. 

(3 .18) 

such that f ,k is a dimensionless Neyman-Scot I f uHction and J,k is the corresponding 

smoothed est imate from the sampll' data (Equation 3.17). 

A.· the the 1-hour. 6-hour. and 24-hour aggrega tion J<.,,·c,ls are 11sed. Ju, tak0s 

the corrcspondi11g ,-; ,. r.1.f> 1. VG .r.6· P<i·v21,r.21- and. i>2 1 functions n'spectiw,ly. 

Upon the completion of t he lllinimisations of equation 3.18. the scale p1ff::ime­

tcr. 0. can then be estimated for each. it<>./. month. i . from equation (3.19): 

0,1 = J.',11]1 . - • - ? 
[ 

- ] ' c,, 

\(r (l +o;) /t c, . 1 - 1 ..... 12.l - 1._ ..... M (3.19) 

where .f·,1,;: is the 1-hom sample nwan calcu lated for f'ach site-mont·h. 

After the temporal components hm·e been fitted (Equations 3.1 and 3.19) . 

the ·patial para111eter. Q . for the cell rad ins is fi tted using the estimates oht ained 

for v. ,.,. and pin equation (3.20). 

,\/ - 1 /1/ 

Fu-1= L L 
:r= I y=.L·-f I 

2 ? 

[(1- f~.c.y .l.1) + (1 - fl.r.y.Li ) - + 
Px.y. 1., P.1·.y. 1.1 

(1 _ ~J.·.y.2,1.k ) 
2 

+ (1 _ ih.y.2-t ., ) 
2

] 

P:c.y.2 1,k PJ: ,y.2-t., 
(3.20) 

"·here !I f i the number of site·. 

It is necessary lo fit the 1-honr aggregation level in equation (3.20) for two 

reasons. First ly. when a model is used to g<>nerate synthetic records, the data arc 

generated at a 1-hom le,·el and then aggregated up to a 24-hour level. This " ·as 
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done so that disaggregation of the 24-hour records to 1-hour records could be read­

ily computed using the synthetic records. Secondly. as mentioned in Section 3.1.2, 

the d ifference between the data collection at the 1-hour and 24-hour aggregation 

levels (tipping buckets versus rain storage gauges) will have a disccrnable effect on 

the data characteristics. Therefore. in spite of the limited avail abili ty of the 1-hour 

data, this aggregation level was included in the fit. The 6-hour cross-correlation is 

even more limited in value as it is subject to even greater Prror. As a result, the 

6-hour aggregation level was not includE'd in the fitting function (Equation 3.20). 

It was assumed throughout this thesis that a single model was adequate to 

compute both infilling an<l disaggregation. However. due to the accuracy of t he 

data collection. it may be necessary to fit l wo models. \ i\There the first model is 

fitt ed to the 24-hour aggregation level for infilling, and the second model is fi tted 

to thE' 1-hour (and 6-hour) aggregation level(s) for disaggregat ion . 

The minimisations of Fu 1. 0iJ. and Fi.B arc reµeatecl for each month. i . givi11g 

a total of 12 estimates for,\ , it 1/i· Oi · (t c,· and J; alo11g with 12 x 23 estimates 

of 0;1: i= l.2 ..... 12 and l = 1, 2 ..... 23. 

3. 1.6 Verification 

In order to verify the model has been fitted correctly it is necessary to show that 

a record generated usiug the fitted model has the same statistical properties as 

the historical data. However. it is i11sufficient. though necessary. to show that t he 

pooled estimates used to fit the model approximatE'ly match between the histor­

ical and simulated records. If the simulation algorithm is accuratE'. the pooled 

a11d fitted E'stimates arc expected to match within sampling error. ThereforE', the 

following procedures were used to verify the modf' l is fitting correctly and the 

simulation algorithm is working. 

( a) Plots of fitted statistics : 35-year simulat ion and historical by season (Sect ion 

5.3.1) 

(b) Quantile-Quantile plot of pooled site data by season (Section 5.3.1) 
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(c) Comparison of monthly statistic behaviour: mean. coefficient of variation, 

kewness, and lag 1 autocorrelat ion, by month and site (Section 5.3.2) 

In addi tion, t he stability of the statistics for the 300 year simulation was in­

vest igated (Section 5.3 .3). The simulat ion was repeated 30 times and a boxplot 

of the fitted statist ics was produced for each season. Obviously a repetition of 30 

amples is in ufficient to deduce the definitive dist ribution shape for the sample 

statistics . Due to the large sample used to calculate the statistics . however, the 

30 samples are expected to provide a reasonable indication of the fi tted statistics · 

distributions from the Central Limit Theorem. 

3.2 Data analysis 

As with any investigat ion. the data must first be shown to be capable of supporting 

the research hypotheses. That i . they should be proven. as much as possible. to 

be reliable and to have the characteristics required for the desired model to be 

fitted . Considerable attention was paid to determining the validi ty of the data as 

the constructed model was to be as reliable as possible for the infilling algorithms. 

Also, of equal importance . if invalid historical data are used as input into an 

infilling algorithm, then the re ults will not be as ·accurate· as they could be. 

Thus the invalid records would introduce a confounding factor into the algorithm 

analysis. 

The data analysis is broken into two sections. The first section deals with 

the temporal domain and focuses on the internal con istency of the data at each 

site. This i t he primary analysis for determining th validi ty of the source data. 

Th second section examines the spatial component of the hi torical records. This 

latter ection is u ed to confirm whether any discrepancy observed in the temporal 

analysis is real or whether it is consistent with the behaviour at other sites . If the 

records are consistent across multiple sites then it is assumed t hat the data are 

genuine observations rather than erroneous. 
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3.2.1 Exploratory plot::;: tirne 

There were four primary plots conducted for each aggregation level in order to 

validate the historical data temporally for each site. 

(a) Data versus t ime 

(b) Monthly summary statistics (mean. median, and maximum) versus time 

(c) Boxplot of data split by season 

(d) Proportion of dry days versus time 

The above plots allow an understanding of the behaviour of the data at each ::;ite 

to be gained. Potential outliers can immediately be seen aloug with any unusual 

behaviom Rt the site. These plot::; were C'Onducted for the 24-hour record and the 

1-hour record. The latter is more difficult to val idate due both to the relatively 

short record length and the inherent variability wit hin the dMR at this aggregation 

level. 

3.2.2 Exploratory plot::;: spatial 

As the data modelled are spatial and temporal, some understanding of the spatial 

clrnraC'teristics also needs to be ascertained. To investigate the data fn lly. a pairwise 

scatter plot should b e completed: however. this would construct 3312 plots per 

aggregation level ((23 x 24)/ 2 x 12). This is an excessive number of plots to view. 

Although the 1-hour data should be examined , if the 1-hour data are spurious. 

then the 24-hour data wi ll also be spurious. Therefore. the 1-hour data can be 

examined indirectly through the 24-hour totals. The number of examinable plots 

can therefore be reduced significantly as only the daily data arc analysed. Fur­

thermore, a method of sampling these plots is formulated (Figure 3.3) in order to 

select only those plots that highlight potential issues with the source data. 

The sunm1ary statbtirn were used as input into the regression models (Figure 

3.3) rather t lrnn the raw data to (partially) resolve the following two issues. F irstly. 

using the raw data would require the use of a General Linear Model (GLM) to 
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for all sC'asons ( S) 
for all sites (X: X = 1. 2 ... .. N - 1) 

for all sites (Y: Y = X + 1. .... .Y) { 

} 

Construct a linc1u model of thC' monthly proportion dry 
sil ex ven;us t-l1c monthly proportion clr\ sit e)· for 8 

Con truct r1 lillrar mock,J of the monthl~· maximum sitex 
wrsus t h<' monthly maximum ile), for S 

If an.\' a b olutc residual in ei ther of thC's<' models is 
grC'flln than 3. thm p lot ilcx \"C'l'SU ite)· · a long \\'ith 
site x . si te)· \·ersus tillle for thC' mouth 

Figure J.3: Scat terplot selection algori thm 

satisfy the regression ass11111pt ions for t h(' 11ornrnlity of resid uals. Tn theory. the 

linea r model using t h0 lllaximnm. should also 11. e a GLl\ I: ho\\'en:' r. a8 a relatively 

high linear correlation is cx1wr te<l bet\\'een monthly maxim11ms. and as the model 

is uot used for prediction. t his requirement ,,·as ignor0d. Secondly. a mont h ,,·hcrC' 

the summary statistics cleYiated significa11 t ly from other sites at t h0 same time 

period \\'Ot1ld be of more s ignificance' t hau if a single point differed - especially for 

the 1-hour record wl10re th is is experted to occur fr0qucntly. 

An 1.·. !J sca.ttcr plot . a plot of tl1C' mont lily statistics used to scl0rt the site pair 

(including the fitted r0gressio11 line). and a ·\'Crsus t ime· plot for an~· of the problC'm 

years causing the selertio11 of this site pa ir ,,·as constructed for c>arh sclect0d sit e 

pair . The rcgres. ion lines arf' also plotted as the effects of ex tre111c nllues 011 the 

fitted line are a lso irnportant. especially for the monthly maximums. 

3.2.3 Data J'('J110\'81 

Once a period of data records had been ident ified as spuriou. in eithC'r Sertio11 3.2.1 

or SC'ction 3.2.2. the data was completely replaced as missing owr th is period. o 

a tten1pt was made to make 11se of the potentia l information contained with iu the 

period at that s ite - for example mont hly totals gi,·en on the last day of the month. 
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The recording of invalid data was assumed to be independent - invalid at 

random. If t he data are dependent (between sites) then it is assumed that the 

data records are not spurious . vVhile this assumption is dubious, in the absence 

of any further information, it is the most conservative approach. 

\¥ hen searching for spurious data. it is also important to note that it may be 

possible to identify data as doubtful or invalid pnrely because of patterns occurring 

at mult iple sites which are implausibly consistent. For example, erroneous record­

ing due to a data recording procedure. is expected to be relatively consistent at 

mult iple sites. Therefore. particular a ttention was paid to the boundaries of the 

currently identified missing periods within each site record - particularly to any 

consistent behaviour observable a t these boundaries. 

3.2.4 Assumptions 

The main assumptions required by the Spatial-Temporal NSRP model as fitted 

in this thesis. arc approximate temporal and spatial stationarity (Sect iou 3.1.1). 

Rather than show the source data arc approxilllately stationarity in time and 

space, however, the data will be assumed to have these characterist ics. The model 

will then be fitt ed against the historical record and a si111ulatio11 of 300 years 

will be used to determine whether the model accurately captures the variation 

in the historical record. That is. each site is examined separately by season for 

each monthly sample statistic as follows: mean. coefficient of variation , skewness, 

and first lag autocorrelation. If the assu mption of stationarity is approximately 

valid , then the monthly stat istics should have a similar variation for the model 

aud the h istorical data. Note that some leniency is required as the record length 

of the historical data may be inadequate , especially at the 1-hour level, to draw a 

conclusive match/ n1ismatch. 

It is also ass11me<l that missing values in the historical record are missing 

at random (l\IAR) - at least in the temporal domain. In particular , extreme 

events must be recorded accurately as otherwise the process will not be able to 

be modelled correctly. Although for some spatial processes it is important for the 

data to be MAR (Raining, 2003) the high cross-correlation for the rainfall data iu 
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this example is expected to reduce the necessity for this assumption to be satisfied. 

However. if the data were not spatially 1\IAR then this may negatively impact the 

spatial component of the model fitting especially if the data record is too short. 

In any case, the extreme event recording is of more importance than spatial 

correla tion of missing values. for the latter should not have as great an effect 

provided the length of the valid records is sufficiently long. Unfortunately. the 

assumption MAR recording of extreme events can not be tested wi t hout recourse 

to external information , and. as a result , is left untested. 

3. 3 Infilling 

The initial algorithm for infilling is based on an ordinary least quares fit and 

provides the basis from which all subsequent algorithms can be compared. All 

infilling algorithms. however. rely on 300-year synthetic record generated using a 

fitted model (eg: Section 5.2) from which sample rows from the simulation can be 

selected to infill missing data in the historical record . Thus. the infilling algorithms 

discussed are variants on model based imputation method (see Raining. 2003). 

3.3.1 Algori thm evaluation 

First a model was fitt ed to the historical record and a 300-year record was gen­

erated. Subsequently. 207c of the valid historical data (st ratified by site and sea­

son) were replaced with missing values which could then be compared against the 

historical records. The infilling algorithms then were tested by comparing the 

true historical values for the sampled out record with t he corresponding infilled 

records. This direct comparison was needed as it is of interest how well the infilling 

algorithm predicts the occurrence of extreme values . 

Although this replacement could have been done prior to the model fitting so 

that the information incorporated in the 'missing values ' was not included in the 

model, this approach was not used for two reasons. Firstly, it was computationally 

much faster to apply one model (and therefore generate one 300-year simulation) 

as a basis for all samples to be infilled taken from the hi torical record. Secondly, 
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as the results in Section 4.4 .2 show. the effect of erroneous data does not have 

a significant effect on the pooled statistics CV. skewness. and autocorrelation. A 

similar result will result for the fi rst order cross-correlation if the replaced records 

are replaced at random. Therefore, data that are randomly replaced will not 

have a significant effect on the pooled statistics or , as a result , the fitted model 

parameters. Thus, a separate model fit per sample was deemed unnecessary. 

A set of 100 independent tests are conducted for each algorithm. As the random 

number generator was set to the same star ting seed for the simulator and for 

the selection of historical random samples. all algorithms used the same source 

simulation and infilled the same selected points over the 100 samples . Thus a 

direct comparison can be made on the performance of the algorithms as the effect 

of random samples and simulations arc controlled. 

From the 100 samples obtained for each algorithm. the true records and t he in­

filled records arc compared directly via intensity plots and quantile-quantile plots. 

Ft1rthermore. the pooled statistics (Equations 3.13 to 3.16): CV. skewness. auto­

correlation ( see note below), and cross-correlation used to fit the model are calcu­

lated for the historical and infillcd records respectiYely and compared. Lastly, the 

counts of all dry sites . mixed wet / dry sites, and all wet sites within the historical 

and infilled record were compared as it was fouud (Sect·ion 5.4.1) that the spatial­

temporal TSRP model did not produce the same regional cl1aract·eristics as the 

historical record. 

Note that the first lag autocorrelation was always calculated by using the pre­

vious historical data ( even if t he previous row was selected for infilling) . Similarly, 

any infilling a lgorithms making use of the previous and next time points (Section 

5.5.6) also revert back to using the historical data. not any infilled data. 

The testing of the infilling algorithms. therefore. comprises a harder problem 

than infilling the missing data in the record. This is obvious as tlte number of 

available records that can be used to fit the historical record accurately has been 

reduced by the removal of 20% of the valid data. Therefore , although the accuracy 

of the infilling algorithms discussed may not be ideal. the magnitude of the error is 

expected to be significantly smaller when just the missing records i11 the historical 

data are infillcd. 
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J.3.2 1\·otc1. t i on 

Notation used for tlw i11filling algorithms in Section · 3.3.3 to 3.3.5 is provided in 

Table 3.3. If the infilling algorithm is to he useful. the sea:,;om; 11111st he equiYalent 

bet\Yeen the historical a11d simula ted records. Similarly the order of the / sites 

11111s t be equivalE'nt bct,,·cen Hand S (Table 3.3) . However. interpolation between 

sites is pos. ihk using an i11filli11g algorithm if the> historical rc>rorcl is set to he 

rnissing for this interpolated site / for all H ;p.;1 . For the interpolated site / to be 

simula ted. an C'. tin1ate of 0il 11111s t be sp <'rified within the simulation a lgorithm. 

Let ff 

S' ' · 

.l 

.J 
k 
I 

. \I 
11 ( i) 
X 

F,1(.r ) 

1 (l' ) 

TAblc 3.3: I11filli11g notation 

be the historica l record. 
be the simulated rcC'orcl. 
be a season. 
be a )·r ar "·ithin tlw historical record . 
be a .,-('H r \Yithin tlw simula ted rrcord . 
be a cl,1:,· \Yithin thr s<'ason. 
be a site' in the rl'g,io11. 
be the number of sites in the rcgio11 . 
he the 11u111her of cla_,·s in season i. 
he the m1m~)('J' of years i11 the record (clmotecl AJ a11cl 1\'.1 

for the historical and sirn11lated records respccti,·e,J_y) . 
he' the c:umula ti w distribution function for sea on i . site 
I obtained from the sin111la tecl record 
he an indica tor function (Equation 3.21 ) to sho\\" 
whet her I he current record i valid or missing 

{ 

1. .1· is a 1 a/id record 
I ( . .r) = 

0. ot herwi ·c 
(3.21) 

All infilling algorithms can be specified as a function. G(H ;Jkl· .. . ): where the 

minimum argument is the record to be infilled. Furthermore. as the infilling a lgo­

rithms considered rnake use of a s inrnlatecl record. the infilling function take the 

form G (Hijk· S. i) : where the algori thms are restricted to use only those records 

within the i th season to ensure the sta tionarity of the infilled records is maintained. 

A brief outline of the infilling a lgorithms is given in the following section . . 
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3.3.3 Best fit leas t squares 

T he first infilling algorithm searches the synthet ic record for a best fi t to the non­

missing data in t he historical data n1inimising the sum of squares between the 

observed (H ijk) and the fi tterl valnes (Suk) - F igure 3.4. Note this is a strict 

definition , the implemented algori thm (see also Sect ion 5.5.2) differs slightly from 

the specification in Figure 3.4. 

BFLS < - funct ion(JliJk · S, i) { 
le t x = H iJk · 

} 

S = Si 
ssmin = 00 

for (J iu 1. 2 .. . . . NJ) { 

} 

for (K in 1, 2 . .. .. n( i){ 
I\ I 

SS = L I (:r1) · (.1·1 - SJ/<) 2 

l = l 
if (88 < ssmin) { 

} 
} 

s·smin = .) .) 

for (l in 1. 2 . . .. . 1\ !) { 
if (/ (x1) == 0) { 

X1 = 8SJ'1in 
} 

} 

Figure 3.4: BFLS: infill iug algorithm definit ion 

Implem en ted algorithm 

In the implemented algor ithm. the record ssmm is selected. but on the event of a 

tie. onE' of the tied records is chosen with equal probability (in Figure 3.4 the first 

minimum record encountered is chosen with probability 1). ·w henever au exact 

match is found (SS111 i11 == 0), the algori thm terminates with a 50% probability. 

(This potential quick tcrniination was used to speed up the algorit hm.) Further­

more, in order to prevent bias toward the first point(s) encountered, whenever a 
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t ime point is selected for infilling, the order of selection of values in S Si is adjusted 

so that the selected point is placed at the end of the J( loop . 

Note that all the infilled points come from the the same time point in the 

simulated record - the row of best fit. 

3.3.4 B est fit CDF least squares 

The best fit CDF 1 ast quares algori thm (Section 5.5 .3) uses the simulated record 

to obtain an approximate CDF of the rainfa ll data at each of the sites for each 

month - 23 x 12 CDFs in all. Rather than fitting the raw data using least squares 

directly. the CDF was used to transform the data. either historical or simulated . 

on to a [O. l ] scale according to the CDF for the site being examined (Figure 3.5) . 

BFCDFLS < - function (H;J/, · S. i) { 
let x = Hijk· 

} 

S= S; 
ssmin = CX) 

for (Jin 1. 2 ..... N1) { 
for (K in 1. 2 ..... n(i){ 

M 

SS= L I (x1) · (Fi1(x1) - Fi1(SJl<)) 2 

l = l 

if (SS< SS111
;
11

) { 

} 

} 
} 

ssmin = SS 

for (1 in 1. 2 ..... J\I) { 
if (I (x1) == 0) { 

X1 = SS;nin 
} 

} 

Figure 3.5: BFCDFLS: infilling algorithm definition 
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The BFCDFLS algorithm is expected to improve the fitting as: 

(a) all fitt ed records are on the same scale regardless of location. 

(b) the transformed values are equally distributed throughout t he [O. l] interval 

(unlike the raw data where extreme values are sparse). and 

(r ) as a direct result of (b ), rainfall of greater magnitude is fitted less stringently 

than rainfall of lower magnitude - t hus increasing the candidate rows when 

extreme rainfall is encountered. 

The sa n1f' adjustments 111adf' to the BFLS algorithm (SeC'tion 3.3.3) were also 

appliE><l to the implementation of the BFCDFLS algorithm. 

3.3.5 Itcrath ·e leflst squares 

The itcratiw• sampling met hod (Figure 3.6). whilC' retai11i11g the use of the CDF 

fitting method prcsent 0d in ScC'tion 3.3.4. differs greatly from tl1e previous best 

fit algorithms discussed. Firstly. each 111issing clement is iterat in~ly fi tt 0d and 

replaced. 0110 missing value al a time. Seco11dly. the fits are biased toward the best 

fitting row. but. un like in t he best fit algorithms. this bias is uot absolutc. 

ote that the function 1mif orm generates a random uniform ,·ariate in tlw 

interval (.r. y) specified as argmnE>nts to tl1e function. Thus. a uniform random 

selection out of the best 5<.1/c of the candidate rows is applied. This ensures that it 

is possible for infilled records to come from multiple source rows iu the sinrnlatiou 

record. cirrnmventing the problem obsen ·ed in Section 5.4.1. 

3.3.6 Fmthcr application 

The primary focus of the infilling is for 24-hour data. however. the same t echniques 

can be used for 1-hour data if valid records arc available. For this a11alysis. however, 

it is shown in Section 5.4.1 that the fitted model does uot maintain the same 

characteristics as t he historical data. Furthermore, as the accuracy of the 1-hour 

records is qu<:>stionable (see Tilford et al.. 2003). it is likely to be better to model 

th <:> higher aggregation leveb and disaggregate from these records than it is to infill 

the 1-hour aggregat ion level directly. 
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ISCDFLS < - funct ion ( H,Jk· S . i) { 
le t .r = I l uk · 

} 

S = S; 
for (1 in 1. 2 ..... M ) { 

if (l (.r1) == 0) { 

} 
} 

for (J in 1. 2 ... .. . VJ ) { 
for (K in 1. 2 ..... n (i) ){ 

} 
} 
SorfC'dss 
(J 

s·smin 

.\I 

S'SJ"' = ~ / (:r, ) · ( Pif(l'1) - F;1 (8JJJ)2 
l = l 

= sod ( ·s.J "') 
= unifonn( l.0.05 x ,'\'J x n(i )) 
= Sor lcdss [U] 
= SSi71 i11 

Fig11rP 3.6: ISCDFLS: infillin~ algorithm ddinition 

3.4 I111plcmcnta tion 

One of the sidC' products for this thesis is a rornputcr . oft ware parkap,C' capablC' of 

appl.\'ing the algorithms dC'\'C'lopcd herPi11 to any rni nfall data pro\'id('d it is in an 

ASCII tC'xt format. T his program was intcndr<l to be able to n'ad in thE' source 

data. fit a spatial-tC'mporal snr model to the pookd statistics. usC' the fitted 

modE>l to generate a synt hC'tic record. then infill any missing data elements in the 

historical record. 

Tlw programming language. C++. wa. chosen for the applicat ion due to its 

portability. w rsatility. speed . and objPrt-ori('ntC'd capabilitic's. The prcvion .. oft­

" ·arc writte11 by Paul Cowpcrtwait was writ te11 in a combination of C and R 

(see http ://www. r - project . or g/ ) - where R was nsf'd for the fitting algorithms. 

plotting routines. and s ta tis t ical tests . The move to C++ in prefercnc<' to C was 

mainly to implement a more ob\'ious hierarchical structme to be• applied allowing 

easier maintenance. debugging. and greater rC'11sability of source code. 
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As portable software was au objective without reliance on external products. 

the use of R was avoided wherever possible. For this analysis. R was used for the 

graphical plots as it was deemed more imperative for the infilling. model fi tting. 

and simulation algorithms to be implemented rather than graphical components. 

Various statist ical libraries are available for C (and C++ ). but these were not 

used in preference to development of specialised algorithms which are expected to 

be more efficient and easier lo debug. In addition. 110 copyright laws arc infringed 

as each algorithm is either implemented from scratch or the algorithms used are 

released under a public license. 

As a st and alone package. this program also requires a number of slat istical 

algorithms to lw implemc11ted. ThPrcfore. tlie following algorithms were coded as 

part of the program in order to complete the project \\'ith sources aunotatC'd where 

appropriate': 

(a) Random number gc'H<.'rator (l\latsumoto. 2004) . 

(b) umE>rical integration (based 011 Gerald and \\.hcat ley. 19 ..J. ). 

(c) Ncldcr-1Iead simplex algorithm (modified to use parallel searching to reduc(' 

the possibility of optimisation failurt?). BasC'cl 011 Lngarias et al. (199 ) and 

Press et al. (2002). 

(d) 1-dimcusional optimisatio11 (specialisC'd). (s('e Press t?t al.. 2002. Chapter 10, 

p-105-406). 

(e) Approximation to the lncornplete Gamma function (Toth. 2004). 

(f) Standard regression algorithms. harmonic regression , and forward stepwise> 

regression minimising AIC 

(g) Two-sample Kolmogorov-S111irnov test and y2 test 

T he random 11umbE'r generator was already available in C code so 110 major alter­

ation. were necessary. The other algorithms were implemented directly in C++ 

from either a text description or. when available. source code. 
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4. DATA I TEGRITY ANALYSIS 

If you can·t have an experiment , do the best you can with whatever 

data you can gather , but do be very skeptical of historical data and 

subj ect them to all the logical tests you can think of. 

-Robert Hooke, quoted in Gaither and Cavazos-Gaither (1996) 

4.1 Introduction 

A model should never be naively fitted to data without the dat a first checked to see 

whether the data are reliable. If the data are unreliable then the model est imates 

will be untrustworthy. regardless of how well the model fit s. In addition, any 

infilling algorithm which makes use of the historical record will also be defective if 

spurious values ar used. 

As with any experimental analysis , da ta are removed very reluctantly. so for 

any section of the historical record to be removed the data must be obviously 

defective. Alternat ively. if the suspect records span only a short period and thus 

will not affect the overall distribution behaviour. then these are also removed. Any 

identifiable untrustworthy records are removed prior to the model fitting. 

This chapter is broken into four sections as follows. The first section examines 

the integrity of the source data in the temporal domain. \i\Tithin this section. 

sites are identified as containing temporally inconsistent data. Depending on the 

severity of the discrepancy, these records are either removed or left for the spatial 

analysis to confirm as valid . The second exploratory section analyses the spat ial 



consistency of the source data with particular attention paid to those data segments 

identified previously as questionable. Any points that can be confirmed as spat ially 

and temporally inconsistent arc removed. The next sect ion outlines the changes 

in the pooled statistics used as input into the model to determine the effect of the 

spurious records 011 these statistics. The final section within this chaptC'r briefly 

summarises the results found in the first three sections. 

Within this chapter. as it is only necessary to distinguish between the 1-hom 

and 24-hour aggregation levels. the terms ·hourly· and ·daily" respectively will be 

used. 

4.1.1 J(nmrn issue. 

A consistent ·problem· was the low amount of data at the cud of the available 

records in 2003 that cont rilmtcd to a supposed maximum of Om111 of rainfall and 

a proportion dry of l. These points "·ere not commented 0 11 even though they ar<' 

unusual as this is dtt<' to th0 seqnence of aYailahlt=> data ceasing around this time. 

I11 all other casC's. any sequence with a proportion dry of 0. or wlwre the 

skewness or variance was 0. was exmuin0d for credibility (particularly if it is S<'<'ll 

as unusual on any plots). This was important as it " ·as possible that some \·ah1r 

had ])('en imputed ovc>r the whole month. 

While many of the sit es had a long rrcord. t\YO oft he sites. T\\"239315 and 

T\\'2 9022. had a much shorter record. After the invalid records were remov0<l 

(sec> SC'ctiou 4.4). site T \\ '239315 (number 4). had an hourly record with less than 

15o/c valid data over the 34-year period (Table 4.1) . Also for this site. less than 

301/c of the valid daily dat a over the 34-yrnr period was available. Similarly. site 

TW289022 (1111mbcr 20) had less than 63/c of the possible valid hourly data. and 

less than 5 o/c of the possible \·ali<l daily data (Table 4.1 ). 

For site T\\'246424. T hames \\'atcr specified that there was a period of thrc<' 

years (1997-1999) where missing values were coded as zero (Thames \iVatcr , per­

so11al communicatiou. September 21. 2004). 
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4.2 Exploratory analysis: temporal 

The records of daily da ta were much longer than those at the hourly level for 

each sit . As these records will be used as input into the infilling algorithms, 

it was critical to show the daily records were valid. The hourly record was also 

important as these est imates were used to fit the spatial-temporal NSRP model. 

but this record was harder to validate due to the shorter recording period (1989 

onwards) . 

\i\Tithin this section , the time component of the historical data was examined. 

The rainfall at time u must be consistent with the rainfall at time v, for all v -=/ u : 

where particular attention is paid to the immediate surrounding data, but also t he 

seasonal characterist ics. 

For each site (see al o Table 1.1 ; Figure 1.1 for the site locations). the following 

four plots per aggregat ion level were con tructed as follows : 

(a) Rainfall versus time 

(b) }..lonthly maximum, mean, and median versus time 

( c) Box plot of rainfall versus season 

( d ) l\Ionthly proportion dry versus time 

Of thee four plots , (b) and (d ) are the most useful for detect ing potential invalid 

points. However. (a) or (c) are important for the detection of any erroneous 

negative values. 

These plots were grouped for each sit (Figures 4.1.4.2 and A.l to A.44): where 

it is clear that even a cursory examination of these fi gures reveal that a significant 

number of the sites (13/ 23) have potential recording problems. This is a ubstantial 

portion of the twenty-three sites provided. Each of the potential issues with the 

data are discussed in the following sections - partitioned by site. 

4.2.1 TW238097 

It was apparent from Figures 4.1 and 4.2 that there was an unusual sequence of 

recorded data in early 1990 (subsequently found to be April ) that immediately 
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followed a period of missing data. From the proportion dry plots (Figures 4.1 

and 4.2) a value of 1.0 was relatively unusual. and a maximum rainfall of 0mm 

was also unusual given the subsequent months. Also. as April is the spring rain 

seaso11. it was expected that there would be at least some rainfall during this 

period. Thereforf'. it seemed likely that the period of missing rainfall had not been 

extended far enough: howf'ver the spatial Analysis (Section 4.3) must confirm this 

conclusiou. 

4.2.2 Tff238605 

As shown in three plots in Figure A. l. then• was au ex trenwly unusual point in the 

month of July 1993. The actual rccordiug was 92.2mm of rainfall. \Yhere 50mm 

of it fell in a single hour (Figure A.2). \Yhile this scerned extrc=>mely uuusul\l. 

the ho11rly data tlrnt composed this total was not unreasonable so this poiut \Yas 

deemed vA lid . 

In addit io11. t h0re wcrt' two months with a ma..ximum of 011nn of rainfall as seen 

in tlw hourly plots (Figure A.2). This wru, fouud to ))(' a niue-hom period \\·hich 

wa:,; a consistent issue with other sites. Tlwrefore. this pPriod (aloug with similar 

sequences ob. en·cd at other , ites) \\·as treat ed as missing. 

4.2.3 T\\1239258 

From the hoxplot (Figure A.3). there were some outlic=>rs. h11t as they fi tted in with 

the rainfall versus ti111e plot (Figure A.3 ) they were assumed to be valid . 

4.2 . ..J T\\1239320 

Barring on<' other site. this site had the most signifi cant problC'n1 for the rainfall 

modelling and infilling algorithms. As shown in the box plot (Figure A. 7). just 

abo11t every month had very extreme poiuts . Fmthcrmore, the data frorn where 

thesf' f'xtr<'me point s CAmc were 11ot consistent. The first period of valid data 

(1981 - 19 9). did uot have the sarnc characteristics as the latter period of valid 

da ta ( 1994 - 2003) - for auy of t Jw ·versm; time· plots. Also of major coucern 

wa:,; l he high probability of having almost no wet days particularly over the period 

19 2 - 19 5. 
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A closer examination of these ext reme points showed that they all occurred on 

the last day of the month where the other days in the month were all 0mm. The 

likelihood of this happening for the number of extreme points observed, especially 

in winter. was so improbable the data were immediately identified as purious. 

It was more probable that the last day contained the monthly total rather than 

this sequence being a valid record for these months. Therefore, for any month in 

the period 19 1 - 1989 with a strict ly positive rainfall value on the last day in 

the month and zero everywhere else . all values within the month were recoded as 

missing. Although the value on the last day was most likely to be a monthly total. 

this information was discarded. 

4.2.5 TW239374 

There were three months (Figures A.9 and A.10) where a monthly maximum of 

0mm was observed . of which only the first t\rn were of concern . After scanning 

through the hourly data. the first mm ual month. June 1999. was found to be 

due to only the first nine hours of dat a being recorded. This was also the case in 

July 2001 - the second unusual month in the series. As before (Section 4.2.2), the 

nine-hour series was treated as missing. 

4.2.6 TW239578 

The only probl m shown in the Figures A.11 and A.12 was that there was a month 

with no rainfall. This month was found to be August 1995. but as this result was 

consistent with other sites during the same month. no act ion was taken either for 

this site or for any others where this dry period occurred. 

4.2. 7 TW245176 

The only questionable period observed was a problem in the proportion dry versus 

time plot (Figure A.14), where the next set of records were missing. As for site 

TW239374, this was found to be due to only the first nine hour being recorded 

in February 1992 all of which had zero rainfall . Again. the data over this period 

were recoded as missing. 
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4.2.8 T\\12-16424 

Although this was knO\rn already. it was clearly evident from Figures A. 17 and 

A.18, there was a period of data where missing values had been coded as zero (sec 

Section -1. 1.1) . The zero values o,·er this 3-year period were recoded a.c; missing 

prior to the spatial analysis being compu ted RS it was k11own that these were 

definitely spurious records. 

..J.2.9 T\\1246627 

There ,,·erE' two poteutial problem::; evident in Figures A.19 and A.20. The first was 

the ob,·ious case of zeroes immediately following a block of missing data - seen in 

both the hourly an<l <laily records. As this was a consistent problem throughout the 

da taset. this first block of unlikely data (l\Iarch 19 9) was treated as missing. The 

second point seen \\"Mi in the hourly plot s (Figure A.20) in .July 2001 where only 

the fir:::;t nine hourly values in the mouth were available. Therefore. as consistent 

with the previous rC'sult:::;. this period of niue hours was al ·o recoded as 111issing. 

4.2.10 T\\1246847 

As for :::;ile TW246627. July 2001 had only the first uiue hourly value::; recorded - all 

of which were zero. There "·ere also. ome extreme levels of rainfall as shO\nl iu the 

two F igures A .21 and A.22: however these seemed consistent wilh the expected 

rainfall distribution. In a<ldition. the low ma..-xinmm ocrnrring iu August 1995. 

evident in Fignre A.21. was consistent with the other sites over this period. 

4.2. 11 T\\1247119 

ThC' Figure::; A .23 and A.24. corresponding to the daily aud hourly plots respec­

tiwly. illustrated only two areas of concern. The consistent niue hour .July 2001 

problem was seen iu the hourly data along with November 1999 with l he same 

recording pa ttern. The 10\Y maximum in the dai ly plot correspon<led to August 

1995 which had been fonnd to be dry with other :::;ites and therefore was of no 

concern. 
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4.2.12 TW286392 

There were several points of interest in Figures A.25 and A.26 . There was a 

maximum of Om,m immediately following a period of missing data. As commented 

previously. the data may be valid . but. given the problem with zeroes being used 

to indicate missing values and the consistent problem with boundaries, the data 

were assumed to be invalid . Another nine point record was found in August 2000, 

corresponding to the second peak in the proportion dry plot (Figure A.26) . The 

70mm of rainfall was not untoward and was left as correct. 

4. 2.13 TW287141 

As with sites TW238097 and TV"246627. the only problem with this site. as re­

vealed in Figures A.27 and A.28 . was a block of missing values not extending far 

enough. The records were flagged as being potentially spurious . but this result 

was to be confirmed with the spat ial analysis (Sect ion 4.3) before any ac tion was 

taken. 

4.2.14 TW287283 

The only obviously suspect set of points were tho e with no wet clays in the period 

J anuary 1991 to J\Iarch 1991 as shown by the proportion dry plot in Figure A.29. 

This was confirmed as unusual for the hourly data also in Figure A.29 . Therefore. 

these records were recoded as missing. 

4.2.15 TW288020 

Although this site had a high proportion dry for March 1993, the maximum hourly 

rainfall looks believable at the same point (Figures A.33 and A.34) . However , one 

point of concern was that the hourly record terminated with a nine hour equence 

before the missing data period begins . By implication , the zeroes recorded immedi­

ately prior to this segment were que tionable. However , as no observed discrepancy 

was found in the spatial analysis (Section 4.3), the zero sequence was not identified 

as spurious and no further action was taken. 
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4. 2.16 TW289022 

This site had the usual problem with zeroes being recorded prior to a missing 

period. as shown in the proportion dry plot (Figures A.37 and A.38). Note also 

t hat the boxplot (Figure A.38), showed that December was radically d ifferent from 

the other mont hs, but this seemed to be primarily due to the short record for this 

site. The daily boxplot (Figure A .37) showed that December was more like January 

as would be expected . 

4.2.17 TW290007 

The only point of int erest evident in Figures A.41 and A.41 corresponded to August 

1995 which was noted previously to be a dry period. 

4.2.18 T W 291467 

Again zeroes recorded after missing periods were a problem for this site (Figure 

A.43). The dry August 1995 was consistent with other . ites and was not an issue. 

The hourly da ta also showed l\Iay 2001 to be a problem wit h the proport ion dry, 

which was found to be due to nine hour sequence. 

4.3 Exploratory analysis: spatial 

vVit hin this section, the spatial consistency of the data was examined. The rainfall 

at t ime 7l site S must be consistent wit h the rainfall a t time u site T : for all 

T f: S . For the spatial analysis. particular attention was paid to the monthly 

maximums to determ ine whether t he monthly behaviour was consistent. Also, 

any periods identified (Section 4.2) as potentially spurious, were examined more 

closely. \i\.henever data were replaced as missing over a period. this replacement 

was a lways applied to the daily record . The hourly record was only adjusted if 

data were recorded over this same period. 

A complete examinat ion of t he spatial consistency of the rainfall data would 

require. at the bare minimum, pairwise plots for t he site matrix for both aggre­

gation levels for each season - a to tal of 6624 plots as noted previously (Section 
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3.2.2). As this was infeasible, the algorithm as discussed in Section 3.2.2 was used 

to select time points that may need further investigation from the daily data only. 

Note that the obvious problems with site TW239320 and site TW246424. outlined 

in Section 4.2, were fixed before the selection of plots was conducted. 

The plot selection algorithm (Figure 3.3). reduced the number of plots requiring 

examination from above 3000 down to approximately 700. \i\Thile this was a large 

number to view. it was not unmanageable. Upon examinat ion of the plots. it 

quickly became evident that sites with ·problems· were presented in multiple plots . 

As a result. the plots were able to be further reduced to the results in Figures 4.3 

to A.52. 

There was considerable variation between the differing easons - especially in 

regard to the monthly maximums between sites . The proportion dry was usually 

much more consistent and , as a result. should be trusted in preference to the 

modell ing of the ma.'{imums - especially over the summer months. 

As in Section 4.2. the plots have been broken down and discussed by sit . 

However , a site may not be discu sed in this sect ion if the only reason for its 

identification was due to missing values and / or a short sequ nee of valid data. In 

this case. it was assumed that these potentially purious records had been identified 

as temporally inconsistent (for example the nine-hour sequence). 

4.3.1 TiV238097 

The data recorded during l\Iarch and April 1990 (eg: Figure 4.3) ,Yere not con­

si tent with the records at this time at other sites. This was consistent with the 

explanation (Section 4.2.1) that this data should actually be record d as missing. 

As the records have been shown to be temporally and spatially inconsistent. the 

zeroes over this period (March-April 1990) were recoded as mis ing. 

4.3.2 TiV246424 

Initially data were removed up to December 1999 (Section 4.2.8). However, from 

Figure 4.4, it was clear that zeroes were still being recorded as mis ing values up 

through mid December. Therefore, all zeroes up to the first non-zero record were 

recoded as missing. 
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4.3.3 TW246627 

For this site. there were zeroes recorded from March 1989 through to the last week 

of April 1989. From the plots for April (Figure A.45), this was unlikely from the 

recordings of the other sites over this period . This concurs with the results shown 

previously, and t he data were treated as missing. 

4.3.4 TW247119 

The only potential problem shown for this site was m September 1999 (Figure 

A.46). While this was not detected in the analysis on internal consistency. it 

seemed unusual that the ini t ial half of this month was consistent with all sites 

plotted against it and the latter half was dry when the other sites recorded a 

reasonable level of rainfall. However. as this site was recording a low level of 

rainfall over this period the zeroes were left as valid. 

4.3.5 TW287141 

For both January 1990 (and the first week of February 1990). there were only 

zeroes recorded for this site (Figure A.4 7). This ,ms both unlikely for the season 

(mid-winter) and location (England ). but was also inconsistent with the rainfall 

recorded at other sites (Figure A.47). Therefore , t he data were recoded as missing 

over this period. 

4.3.6 TW287283 

As in Section 4.2 .14, the p riod of interest for this site was January 1991 - March 

1991 (eg: Figure A.48). As with site TW287141 , this was seen as additional 

evidence that the data should have been recorded as mis ing. The zeroes within 

the period January-March 1991 were replaced wit h the missing value indicator as 

the data was both spatially and temporally uspect. 
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4.3. 7 TW2 7864 

For this site. Ioveruber 2000 was selected by t he algorithm (Figure A.49) . The 

initial records are 0mm. but the remainder of the month followed ot her sites during 

this month rela tively closely. Ho\\"ever. as the internal analysis did not detect this 

period and as it was not Rn implau:,ible scenario. the data were assumed to be 

valid. 

4.3.8 TH/289022 

According to Figm e A.50 , ovemb<'r 1990 was unusually dry for this site given 

the surrounding rain fall at the other . ites. As thi. record \\"aS immediately prior 

to an ident ifi<'d missiug period (Section 4.2.16). it \\·as likely that tlie da ta during 

this period slionld also be ident ified as 111issing. Therefore. the data d m ing this 

month were recoded ::1s missi11g. 

4.3.9 T \ \1291467 

T wo months were identified a.':i spatia lly inco11sist0nt for this site. T he fi rst month. 

ove111ber 19 9. \\'as dry for all but one day duri11g the month (F igure A.51). As 

this mout h immediately follow<'d a missi11g period. t he first half of the month wa:, 

recoded as u1issing. but tlw results were not complE'tcly i111plausible based on the 

surrounding site values. 

T he second period identi fied. Dccemlw r 2002. \\'as chosen as the monthly 111ax­

inmm was no t matched. The results iu Figm e A.52 indicat<' that t he data for this 

site probably has been smoothed or interpolated. As the smoothing of 0 11c mont h 

would not affect eitli er the pooled statistics or a11 infilling algori thm. the data wer<> 

left unaltered. 

4.4 Su111111a.ry statistics 

The. ummary stat isti cs to be used for the model fit t ing (1-hour. 6-hour. and 24-

hour) were extracted from both the cleaned data and the nncleaued data. T hese 

stat istics were then plotted against each other (Figures A.53 and A.54). 
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The scatterplots of the CV, skewness or autocorrelation (Figures A.53) did not 

distinguish between the aggregation levels. From the plots (Figure A.53), it was 

evident that the CV, skewness , and autocorrelation were barely affected by the 

removal of the spurious data. This was probably due both to the standardisation 

by dividing by the appropriate site-month mean in the calculation of the e statist ics 

and the size of the samples - the erroneous data does not comprise a significant 

component. 

For the cross-correlat ion plots (Figure A.54). it was clear t hat both aggregation 

levels were affected by the data cleaning - especially the daily aggregation level. 

The latter change was par ticularly due to the removal of the 3-year period of zeroes 

for site TW246424 and the removal of the incorrect months in site TvV239320 (see 

Section 4.2.4). 

4.4. 1 Valid data 

The percentage of valid data remaining in the historical record for both aggregat ion 

levels split by season was shown in Tab! 4.l. See Table 1.1 for the corresponding 

Thames \Yater identification names. 

Part icularly for the hourly data. the percentage of usable data for each month 

over t he 34-year period that will be infilled (Section 5.5) was very low. The max­

imum percentage for the hourly data was less than 453/c as hourly data were only 

collected after 1989 whereas the dai ly record was available since 1970. 

The temporal statistics . provided the as umption of homogeneity is sat isfied . 

were not expected to be badly affected by the relat ive parseness of the historical 

record . The spatial statistics . however , will be affected - especially at the hourly 

level for those sites wit h less than 20% of valid data within a month. 

The incorrect recordings would reduce the effectiveness of any infilling routines, 

and by implication , any disaggregation algori thm.s when infilling is computed prior 

to disaggregation . Therefore, a ll records identified as spurious are removed from 

t he analysis from this point forward. The only exception to this was the possible 

smoothing for site TW291467 as this is not expected to affect the performance of 

the infilling algorithms significant ly. 
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Table 4.1: Pcrcmtage of valid data remaining within the hi~orical record 
llo urly p t•1c.-c-nt .aJ:,<' o f valid 1eco 1d:, hy :,ca:,0n 

~ lo uth S 1H' 

I 2 3 I 5 6 7 8 9 10 II 12 IJ l•I 15 16 17 18 
Jan 0.34 0.42 0 .4 1 0. 1 2 0.29 0 35 0.:18 0.:1 0.2b I) 29 11 :18 o .. JH 0 . 1 0 .41 0 38 0.,1 o.~14 0 .18 
Feb 0.32 0 .4 1 0.41 0.12 0. 29 U.35 U.JII 0.29 0.2 1 o:J IJ .. 18 0. 1 0. 11 0 .41 0.41 0.38 0 .44 0.17 
~1ar 0 34 0 .'14 0. 11 0.12 0 29 0.J5 0.311 o.w 0.2 1 0.29 11.41 0.-11 0. 1 0.41 0.41 u .. J9 0. 1-1 0.1 1 
Ap, 0 .33 0.44 0. 11 0 . 12 0 .29 O.J5 o.·1~ 0.28 o.:,!<I IJ.29 0. 11 0. II O.'l 'l 0 .4 1 0.39 0.,11 0 .4 1 0.12 
~lay 0.38 0.4 ll 0.43 0.11 0.29 0.:15 0.:11 0.28 0.2•1 0.3 0. 1 IJ. 11 0 1 0. -1-1 0.4 1 0. 11 ll.<l•I 0 13 
Ju n 0 .35 0.4 2 0 .44 0 . 12 o.w 0. 35 o.:iii 0.:12 0.24 o.:J2 0 .41 0.<11 0.:10 0.'12 0.,11 0.3~ 0.4•1 0.15 
Jui 0.35 0.4 3 0 .4•1 0. 11 0. 29 o.a5 0.:15 0.32 0:2.1 0. 27 O.'J5 U.:45 0.35 o .. is 0.41 0. 11 0.44 o.1r. 
Aug 0.3 0 .43 0. 42 0.09 0. 29 0. 38 0 34 0 .. 12 0.24 0 .29 0.3~ 1111 ll.36 0.-1 0 .41 0. II 0 .,1-1 0. 15 
Sep t 0.3 1 0.43 0 .41 0 .09 0.3 1 0.3b 0.35 0.2<) 0 .2,1 0 .2,1 (J.38 11.:111 0 .. 18 0.-1•1 0.41 0. 11 0.'14 0. 15 
O c t 0.3 0 .38 0 .41 0.09 0.3 0.32 0.:15 0.24 0 .2,1 0.2,1 0.36 0.:18 O"Hi 0 .,11 0.38 0.38 0.41 0. 15 
Nov 0.31 0 38 0.41 0 .08 0.29 0 34 0 .. 15 0.26 0.24 0 2·1 IJ 38 O.,i 5 0.32 0 .39 0.3!l 0 .38 0.'1 1 0 .15 
Dec 0.33 0.37 0.4 1 0.09 0 .28 0 .34 0 .. 15 0.2b 0.2-1 0 25 II 38 0 .• 15 O. ll 0 .-1 0 .38 0.38 0. II 0. 15 

Dnil~· J>t'l'<'Cnlag,· of valid rC'<·ord~ by :SC'a!,On 

~lont h S it<' 
I 2 3 4 5 (j 7 8 9 10 11 12 1:1 14 15 16 17 18 

Jon 0.8 1 0.57 0 .71 0 .2G 0.-14 0.7G 0.S2 0 71 u 7G 0.82 o. ~8 O.!) I 0.[)7 0.97 0.65 0.9 0.9 1 0. G2 
Fe b 0.85 0.5 0 .71 0.26 0.47 0.76 o.i-s 0 j 0.8 0.82 0.8" l).!)3 o.r>!.> 0.97 0.67 O.bS 0. 91 0.73 
Mnr 0 .87 0.62 0.71 0.24 0.,11 0.8 2 0.85 0.71 0.7(i 0.79 0.91 O. !)i 0.51i 0.9i 0.6!l 0.89 0. 94 0.67 
Apr 0.86 0.59 0 .7 1 0.26 0 .'17 0.82 0 84 0.G9 0.76 ().79 0.88 0.9 7 0.57 0.94 0 .65 0 .!) 0.94 0.68 
~lay 0.94 0 55 0.72 0.2G 0.4 7 0 .79 0 .8 7 0.69 0.76 o.s 0 87 I) !)7 0.58 I 0.68 0 9 1 0.94 0.63 
Jun 0.79 0 53 0 .73 0 .23 0 .-14 082 0.9 1 0.7 l 0. 11; U.79 (Ul8 o.!r 0.5G 0 .9S 0.68 U 88 0.94 0.65 
Jui 0.85 0.58 0.73 0.23 0.53 0 82 0 .811 0.7:l 0.76 I)_/'; O 82 ll. 'JI 0.51 0.9 1 0.68 0.91 0.94 0.62 
Aug 0.82 0 .57 0 .74 0.21 0.53 0.82 0.83 0.7•1 0 .79 0 .79 0 .85 0.9 7 0 .5tl 0.96 0.68 0.88 0 .94 0.65 
Sept 0 .87 0.54 0.74 0.21 0.52 0.85 o.sr) 0. 67 0.7& 1) 7 1 0.85 (). '):J O.:>G 1 0.68 0.88 0.9 1 0.68 
O ct 0.ii 0.5 0.73 0.21 0.5 0.76 0.h~ 0. (;2 0.79 n.-.1 0.86 0.')I 0,:)'.J 0.97 0.65 0.85 0.91 0 59 
Nov 0.75 0.5 0.1 .. 1 0.2 0 .5 0.7d 0.81' 0.6 1 0.79 1).7~ 0.88 0.9 0.5 0.!).1 0 .65 0 .85 0.91 0.59 
Dec 0.8 0.52 0.74 0.2 1 0 .45 0 .75 0.111' 0.G;J 0.79 0.75 0 .88 0.8!, o.r>t 0.9G 0.65 0.1!5 0.91 0.G2 

19 20 21 
0.44 0.06 1).44 
0 .44 U.06 u.4,1 
0.44 006 0. 1•1 
0 .44 fJ 06 o. 14 
0 .44 0.06 0. 11 
0.-14 0.06 0. 11 
0.4-1 0.06 0. 1 1 
0.44 0.06 0.•14 
0 .11 0.06 0.<14 
0 . 11 0.06 0.'11 
0. 11 0.03 0.,1 I 
0. 11 0.03 0 .-11 

19 20 ll 
0.76 0.56 0.97 
0.76 0.5 l 
0 .76 0 .5:J 1 
0 .76 0 .53 l 
0 .71 0.53 1 
0.7 1 0.53 1 
0.74 0.56 I 
0.74 0. 58 I 
0.74 0 .5G I 
0.7 1 IJ.53 0.97 
0 .71 0 .45 0.97 
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4.4.2 Temporal stationarity 

The assumption of temporal stationarity can be confirmed by plotting the sample 

autocorrelation of the regional, deseasonalised monthly mean (here the data was 

deseasonalised by subtracting off the overall mean (by site) for each season pooled 

by year ) . Note that the daily data were used to construct the means so that a 

reasonable record length could be obtained. 

As the assumption of homogeneity has been satisfied , the d seasonalised data 

can be pooled together without further adjustment and the pooled mean calculated 

for each season by year. The correlogram (Figure 4.5) shows no significant lags at 

the seasonal lags (12. 24). Therefore. the seasonal means have been accounted for. 
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Figure 4.5: Correlogram: Deseasonalised monthly means 

The correlogram. if constructed for a single season (eg: J anuary Figure 4.6) 

across the 34-year period. also shows no significant lags . Therefore. no discern­

able climate change could be observed over the period of data collection , and the 

assumption of temporal stationarity could not be rejected. 
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5. RESULTS 

Rcs11lt. ! \\"hy. man. I h,n-c gotten a lot of results. I kno,,· seYcral 

thousand things that wou·t work. 

-Th om as A. Edison 1847-193 1 

5.1 I11trod11ctio11 

This chapter is diYided iuto fom di,·bions. The first S<'rt iou eo,·er. the fitting 

of the spatial-t0mporal l 0yman-Sc:ott Tierta11gular Pulse 1llod0l to the historiral 

data. The second section validates that the fitted model is prod11ciug thC' charac­

tNist ies of th<' rainfall data correctly. In the third SE'ctio11. a hr unstic. a general 

fornmlation that scrw. to guid0 the solution of a problem. for speeding up the 

infilling algorithms is proposed. See Section G.5.1 for fmt her applirn ble heuris­

tics. Jn the final S<'C'( ion. infilling, algorithms arc cl0n:>loped which maintain the 

clrnrRC'tt'ristics of th<.' sourr<' clMa. 

The staudards r0quircd for the succ<' .. ful fitting of a spatial-temporal SRP 

model arc as follows. Firs t l.,·. th<.' modE'l must satisfactorily cm11late the helrnviour 

of the hL torical data at t It<.' required 1-hour and 24-hour Rggregation levels. Sec­

ondly. the assumption required by the model of tlw homogeneit)' of the region 

11111st be supported at leas t approxinrntely. A model is sho,,·n to be fitted ""hich 

meets both these criteria (see Sections 5.2 and 5.3 ). 

A heuristic for speed ing up the infilling algorithms is discussed briefly (Section 

5.4). Two further heuristics a re proposE'd in Section G.5.1. but were not imple­

nwntl'd within this project as all the results had been collected prior to these 

latter heuristics being developed. As a result. the time for implementation at this 



point was deemed too high compared to the perceived benefits . All heuristics cau 

be used in combination with each other, and it is ('Xpected that in future analyses. 

particularly using more complex models. this would be done. However. due to 

the nature of the fitted model and the characteristics of the synthetic dRta pro­

duc('d, the benefici al component of the third heuristic may be outweighed by t lw 

management costs associatc>d with t he heuristic. 

Giveu t he fitted model obtained (Sect ion 5.2). the final section is devoted 

to development of an infilling algorithm suitable for replacement of missing data 

in th0 historical record . The algorithms u ·cd arc ex1wct0d to rnake ns0 of the 

constructed model ,·ia simulation of a synthetic record length of a suitable size. 

For this analysis. based on the simulation stability investigation (s<'C' Sectiou 5.3.3). 

a model simulation period of 300 years was deemed an adequately long r0source 

for infilling algori t hms to ns0. i\Iauy candidate iufilling algorithms are considered. 

but a candidate algorithm based on iterative sampling is shown to be superior to 

the other algorithms consid('red. 

5.2 J\Iodcl fitting 

The purpose of models is uot to fit the data hu t to sharpen th<' 

questions. 
-Samuel Karlin , quoted in Gaither and Cavazos-Gaither (1996) 

5.2.1 Introduction 

Th<' first model considered. hereafter ref0rred to as /IJ odcl,-1. is fitted using th0 

1-hour. 6-hour. and 24-hour aggregat ion levels . The SC'Cond model. hf'nceforth 

known as .Al odela. is constructed nsing only the 1-hour and 24-honr aggregation 

leYel.. These two alternative fit s arf' compared against t he historical rf'cord and 

both are shown to satisfactorily emulate the historical dat R despite t he disparate 

parameter estimates. FurthC'rmore. the monthly variation in the historical record 

cau be reproduced by eithf'r model. Lastly, the assumption of homogen<"it y for the 

region. required by the spatial-temporal SRP model. is wrifif'<l. 
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5.2.2 Parameter estimation 

In order to fit the spatial- temporal NSRP model, the sample pooled statistics 

must be extracted from the historical data at the required aggregation levels. The 

1-hour, 6-hour , and 24-hour pooled statistics are necessary in order to compute 

!II odel;,.: for /1/ odels only the 1-hour and 24-hour statist ics are used. As men­

tioned (Section 3.1.5), the pooled estimates are smoothed using stepwise harmonic 

regression so the between season changes are less dramatic . Rather than use all 

harmonics and risk overfitting to sample variation , only the first three harmonics 

were used (Table 5.1). This overfitting is particularly noticeable at the 1-hour 

level and for the 24-hour autocorrelation. The variation in the latter can easily be 

seen to be sampling variation (Figure 5.3 - autocorrelat ion plot): and a straight 

line fit is actually the best estimate. If all harmonics are used , however. a har­

monic regression model using 5th order harmonics is significant which does not 

seem plausible for the physical process. In any case. the smoothing process does 

change the est imates of the stat ist ics considerably (especially J anuary). and. as 

noted previously, this procedure is not an ideal solution . 

The sample est imates of the 1-hour. 6-hour . and 24-hour coefficient of variation 

(CV ). skewness. and autocorrelation (1st lag), (see Equations 3.13 to 3.15) along 

with their corresponding smoothed estimates, (Table 5.1) shows that the smooth­

ing may substantially alter the raw estimates. For example, the smoothing has 

significant ly increased the CV and skewness . in J anuary ensuring that thi month 

is more consistent with December and February. Furthermore, the fluctuations of 

the CV and skewness over the summer months are smoothed to a more reasonable 

season change (Table 5.1 and Figures 5.1 to 5.3). 

The fitting of the 24-hour autocorrela tion was retained in the optimisation 

procedure as a complete fit to each aggregation level was desired. Furthermore, 

the model fitting function (Equation 3.18) give equal weighting to all estimates 

- regardless of their expected accuracy. In this, t he procedure is consistent with 

Cowpertwait et al. (2002) with the exception that exact fit t ing for the 1-hour 

aggregation level was not required. 
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Table 5.1: Historical pooled statistics: raw and smoothed 
Aggregation Raw 

;\ lonth LeYel (hours) CV ske\\· acor 
Jan 1 4.531 7.749 0.542 
Feb 1 ..t.728 9.193 0.585 
i\1ar 1 5.421 10.37.J 0.528 
Apr 1 -l. 72.J 8.05..J 0.5.J3 
i\1ay 1 6.882 16.-165 0.-139 
Jun 1 6.621 21.103 0.385 
.Jui 1 7.78..J 17.126 0.357 
Aug 1 8.325 2..J.017 0.35.J 
Sept 1 6.327 17.450 O..J2.J 
Oct 1 -l.987 8.99u 0.551 
:\' O\' 1 -1.905 9.679 0.570 
Df'C' 1 -1.511 8.23..J 0.58.J 
.Ja11 6 3.032 -l.986 0.253 
Feb 6 3.3-15 6.377 0.237 
.\Jar 6 3.5.J7 5.962 0.2..JO 
Apr 6 3.202 5.355 0.310 
l\lay 6 -1.369 10.021 0.209 
.Jun 6 3.986 9.2 -1 0.225 
.Jui 6 -1.56 8.567 0.227 
Aug 6 .J. 758 9.636 0.167 
S<'pt 6 3.810 7.6 2 0.279 
Oct 6 3..J-13 5.971 0.3-16 
:\'o,· 6 3.29 5. 0 0.266 
Dec 6 3.132 5.592 0.312 
Jan 2-l l. 78.J 2.677 0.218 
fpl) 2-1 2.0-l7 3.-126 0.155 
11ar 2-1 1.9-19 3.131 0. 165 
Apr 2.J 2.068 3.072 0.187 
11ay 24 2...t54 4.31-l 0. 12-l 
Jun 2-l 2.522 -l.82.J 0. 181 
.Jui 2-1 2.699 5.352 0. 137 
Aug 24 2.859 5.383 0.120 
Sept 2-1 2.51-l 5..J80 0.178 
Oct 2-1 2.373 3.96 0. 178 
l\m· 2..J 2.06-l 3.430 0.113 
Dec 24 2.04-1 3.572 0.211 

wher(' CV is t he cocfficil'nl of varialiou, 

skC'\\' is the skewness coefficient. and 

acor is the lag 1 autoc-orrelation 
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Smoothed 
CV skew 

4.690 8.350 
.J.899 9.069 
-l.998 9.533 
5.315 10.980 
6.120 l..J.386 
7.196 18.837 
7.902 21.779 
7.693 21.061 
6.626 16. 7.J 
5.3-l l 11. 70.J 
-1.536 8.29 
.J .-128 7.569 
3.187 5.009 
3.295 5.-136 
3.38(i 6.310 
3.563 7.397 
3.906 8.-105 
-1.32-1 9.06..J 
-l.5 76 9.19 
.J .-168 8.77] 
-1.029 7.897 
3.50..t 6.810 
3.160 5. 02 
3.091 5.l-l3 

1.917 3.131 
1.921 3.079 
1.983 3.100 
2 .12-1 3.376 
2.3-17 .J .022 
2.592 .J. 63 
2. 75-1 5.-188 
2. 7-19 5.5.JO 
2.5 0 5.005 
2.331 -1.215 
2.108 3.570 
1.971 3.2-12 

acor 

0.568 
0.551 
0.542 
0.519 
0.-163 
0.390 
0.3-13 
0.359 
0...135 
0.52.J 
0.5 0 
0.587 

0.256 
0.2-13 
0.256 
0.269 
0.256 
0.221 
0. 19..J 
0.207 
0.256 
0.30.J 
0.317 
0.291 
0.16-l 
0.16..J 
0.16-l 
0.16-1 
0.16-l 
0.164 
0.164 
0.16.J 
0.16-l 
0.16-l 
0.16-! 
0.16.J 
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Estimates l\l odel,1 

The parameters for the spatial-temporal SRP model for l\lodcl,-1 are given 111 

Tables 5.2 and 5.3. Plots of the rnw, smoothed. and fitted i:;tatistics, for each of 

the aggregation levels. 1-hour . 6-hour. and 24-hour. are illustrated as crosi:;cs in 

Figures 5.1 to 5.3. The plot s clearly illustrate that, in ge110ral, the model is fitting 

again t the sample smoothed statistics quite well. One point point of interest. 

however. is that the behaviour of the 6-hour i:;kewness is different from the 1-hour 

and 24-honr skewuei:;s. As a lea t squares fi tting function is u ·ed. this model 

attempts to adjust for thii:; behaviour a11d. as a direct result. nndcr-ei:;tinrnles the 

l -ho11r and 2+hour skcwnesi:; and coefficient of variation. This 11ndcr-estimation 

is parlic11larly evident over the sm11111er months where the discrepancy between 

the 6-hour aggrc>gation bC'lt.:1vionr and t ltC' oth<'r fitted aggregation levels is the 

greatci:;t. 

Estimates J\Iodel B 

As t he 6-hour aggregat ion lcn·l comparatin.' ly relied on less data (compared to the 

other two aggrcgatiou levels) . a secoud model was coustrncted. J\ J ode/a . which was 

fitted i:;olely to the 1-hour and 24-hour aggr<'gation Jc,·els. The parameter estimatei:; 

for this model are presented in Tables 5.4 and 5.5. The est imatC's for 1\1 ode! 13 arC' 

very different from those obtained previously for l\Ioclel,-1 (Tables 5.2 and 5.3). In 

part ic11lar. J\ J ode{ 11 · s cells last longer over Spring. but are otherwise arc of shorter 

duration than !ilodel a (from 17), and !iforlel ,-1·s cells are generally more intense 

(a and 0). The number of rain cells per site. ft <' . is generally higher i11 Model /-J 

which will have a direct effect on tlte time take11 for simulation. ThE' magnitude of 

the change between 1\1 ode!,\ and 1'1 odela implies that the spatial- k rnporal SRP 

model is not overly robust - a t least in tenus of tlw parameter est imates. 
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Table 5. 2: l\I odeti. Monthly parameter estimates 
Month >-. 11 - 1 µc (3 . 11 - 1 17. h - l Q cp. km- 1 

J an 0.0137 5.5211 0.0860 1.2035 1.1156 0.0412 
Feb 0.0137 5.7554 0.0827 1.2770 1.0171 0.0401 
r--Iar 0.0125 7. 5910 0.0 77 1.2983 0.8503 0.0547 
Apr 0.0105 11.1894 0.0931 1.3920 0.6943 0.0592 
r-- 1ay 0.0087 13.8699 0.0919 1. 6724 0.6144 0.0852 
Jun 0.0075 12.2686 0.0829 2. 0780 0.6149 0.1255 
Jul 0.0070 10.2706 0.0745 2.3740 0.6405 0.0956 
Aug 0.0069 11 .1542 0.0794 2.2896 0.6334 0.1127 
s pt 0.0073 15. 1041 0.0939 1.8768 0.6032 0.1227 
Oct 0.0085 15.9480 0.1027 1. 3871 0.6333 0.0630 
Nov 0.0108 10.0169 0.1011 1.0666 0.8163 0.0497 
Dec 0.0127 6.5589 0.0944 1.0702 1.0606 0.0417 

Table 5.3: l\I odel;i Scale parameter estimate 0;k(mm) for each Site-1\Ionth 
i\ lonth ith Site 

k 1 2 3 
"' 

5 6 7 8 9 10 11 12 
J an l.11 1.26 1.46 0.98 1.45 122 109 133 1.32 122 1.35 1.35 
Feb 0.76 1.05 1.04 0.76 0.95 0.90 0.85 1.03 0.88 0.96 1.05 100 
i\lar 0.70 0.70 0.84 0.80 0.81 0.71 0.67 0. 3 0.72 0.81 0.81 0.84 
Apr 0.52 0.64 0.67 0.58 0 .59 0.57 0.50 0.63 0.51 0.62 060 0.61 
i\ lay 0.60 0.58 0.69 0.72 0.67 0.68 0.56 0.67 0.65 0.69 0.69 0.69 
Jun 0 97 1.1 1 1.23 1.08 1.15 107 0.95 110 1.13 0.98 121 l.16 
Jui 1.26 1.38 J. 61 1.30 1. 38 1.17 110 1.26 1.35 1.33 1.36 1.36 
Aug 1.36 1.02 1.39 0.95 1.28 1.22 1.26 14-1 138 1.37 1.-10 1.-16 
Sept 0.84 1. 00 0.86 0.84 0.84 0.90 0.86 0.92 0.79 0.90 0.95 0.91 
Oct 0 52 0.70 0 73 0 55 0 .80 0.55 0.53 0.54 0 .58 0.57 0.64 0.65 
Nov 0.63 0.70 0.72 0.60 0. 71 0.73 0.63 0.77 0.71 0.74 0.78 0.75 
Dec 0.79 1.00 l.20 l.01 1.07 1. 0-1 0.85 1.09 0.93 1.11 1.10 1.00 

i\lonth 13 14 15 16 17 18 19 20 21 22 23 
Jan 1. 25 1.25 1.44 1.21 1.~5 1.1 6 1.36 1. 26 1.1 6 104 1. 22 
Feb 1.0 0.92 0.95 0.94 0.98 0.81 1.13 0.99 088 0.82 0.94 
i\ lar 0.79 0.77 0.77 0 76 0.77 0.80 0.74 0.87 0 .69 0.65 0.66 
Apr 0.61 0.58 0.59 0 .59 0.59 0.55 0.63 0.52 0.56 0.51 0.56 
i\ lay 0 61 0.59 0.65 0.63 0 .64 0.67 0.60 0.68 0.60 0.56 0.64 
Jun 0.94 1.07 1.12 1.16 0.98 1.13 1.16 0.95 1.05 0.91 0.99 
J ui 1.23 1.27 1.49 1.30 1. 21 1.49 1.26 1.34 1.22 1.19 1.28 
Aug l. 32 1.36 1.42 1.40 1. 26 1.44 1.49 1.28 1.34 1.32 1.24 
Sept 0.86 0.86 0 91 0.94 0.82 0 78 0.94 0.84 0.83 0.83 0.84 
Oct 0.63 0.65 0.81 0.61 0 .66 0.61 0.60 0.59 0.59 0.59 0.57 
Nov 0.66 0.74 0.77 0.76 0.69 0.66 0.79 0.77 0.69 0.65 0.73 
Dec 1.12 1.04 1.13 1.06 1.10 LOO 1.12 0.95 1.00 0.84 098 
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Table 5.4: Al odels Monthly parameter estimates 
>.1onth >., h-1 µc j] . 11 - 1 iJ. 11 - 1 (1 (/). km- 1 

J an 0.0130 8.2073 0.0935 1.1823 0.8585 0.0436 
Feb 0.0120 11.0730 0.1009 1.3453 0.7666 0.0455 
1Iar 0.010 14.4238 0.1079 1.4579 0.7103 0.0650 
Apr 0.0094 18.1970 0.1091 1.5748 0.6329 0.0683 
~lay 0.0081 19.6841 0.1017 1.7735 0.5662 0.0937 
J1111 0.0071 17.6816 0.0898 2.0884 0.5427 0.1339 
.Jul 0.0067 15.3983 0.0800 2.3246 0.5424 0.0995 
Aug 0.0069 14.6760 0.0778 2.1543 0.5455 0.1121 
Sept 0.0079 14.2285 0.0 2:3 1.6751 0.5641 0.1102 
Oct 0.009 11.1675 0.086G 1.2246 0.6497 0.0549 
Nov 0.0122 7. 1262 0.0867 0.9781 0.8591 0.0441 
Dec 0.0134 6.3510 0.0 2 1.0048 0.9741 0.0399 

Table 5.5: M odPI H Scale parameter est imate 0,k(mm) for each Site-"td onth 
i\ lonth i th S it e 

k '2 3 .j 5 6 7 8 9 10 11 12 
Jan 0.6 0.78 0.90 0.60 0 .90 0.75 0.68 0. 2 0 .8'2 0.75 0 .84 0.83 
Feb 0. 10 0.56 0.55 0 .-10 0 .50 0.-17 0. 15 0.5-1 0 . 17 0.51 0 .56 0.53 
l\ lar 0. 12 0.42 0.50 0.48 0.48 0.4:1 0.<10 0.50 0. 13 0. 19 0.49 0.50 
Apr 0.37 0.15 0.-17 0 .41 0..12 OAO 0.36 0.44 0.36 0.11 0.43 0. 11 
:\ lay 0. 13 0.1'2 0.49 0 .52 0 . 1 0.49 OAO 0. 18 0 47 0.50 0.50 0.50 
.Ju11 0.60 0.6 0 .76 0 .67 0 .71 0.66 0.59 0.6 0.70 0.6 1 0.75 0.71 
J11l 0.6 0.7S 0.88 0 .71 0 .7.", 0.6 1 0.60 0.69 0.74 0.72 0.7,1 0.7,1 
Aug 0.i9 0.60 0 .8 1 0.55 0.74 0.71 0.73 0.8 1 0. 0 0 . 0 0.82 0.85 
Sept 0.66 0.79 0.69 0.67 0.67 0.71 0 69 0.73 0.63 0.72 0.76 0.73 
Oct 0.59 0.79 0 .8'2 0 .62 0.91 0.6:l 0.60 0.61 0.65 0 .65 0.72 0.7.J 
'ov 0.7•1 0.83 0 .8 1 0.70 0. ,I o. 6 0.74 0.91 0.8 1 0.87 0.92 0.88 

Dec 0.70 0. 1.06 0.89 0.95 0 .92 0.76 0.96 o. 2 0.9 0.97 0.89 
l\ lomh 13 1.J 15 16 17 18 19 20 21 22 23 

J a 11 0 .77 0.77 0 .89 0.75 0.8:1 0 .72 0.8-1 0.78 0.72 0 .6 1 0.76 
F'eb 0 .57 o. ·19 0 .50 0.50 0.5'2 0 .43 0.60 0.52 0.47 0 . 13 0.50 
l\ la r O . .J7 OAG 0 . 16 0 . .J5 0..16 0.'1 0 . .J.J 0.5'2 0.,11 0.39 o.:{9 
Apr 0. 13 0-1 1 0 . 12 0.41 0..12 o.:39 0.-15 0.37 0. 10 0.36 0.40 
l\ lay 0. 11 0.43 0 .47 0. 15 0.,16 0. 18 0.-13 0.-19 0. l:l 0.-10 0.-16 
Jun 0.58 0.66 0.69 0.72 0.6 1 0.70 0. 71 0.59 0.65 0.56 0.61 
Jui 0 67 0.69 0. l 0.71 0.66 0. J 0.69 0 .73 0.66 0.65 0.70 
J\ug 0 .i7 0.79 0.83 0.82 0.73 0 . .J o. 7 0.7.J 0.7 0.77 0.72 
SPpt 0 .69 0.69 0.73 0.75 0.66 0.62 0 75 0.67 0.66 0.66 0.67 
Oc-t 0 . 71 0 .7.J 0.9'2 0.69 0.75 0.69 0 .68 0.66 0.67 0.67 0 .6,1 
;\'ov 0 .7h 087 0.9 1 U.90 U.80 0.ii U.92 0 .91 0.8 1 0.77 0.85 
Dec 0.99 0.92 1.00 0.9,1 0.98 0. 9 1.00 0.84 o. 8 0. 7•1 0.86 
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The seasonal variation m the parameters for bot h J\Iodel 11 aud l\ l odel a is 

consistent ,,·ith the kno,,·lcdge of the underlying physical process being modelled. 

For both models. the s torm arrirnl rate . .X. varies in accordance with ,,·hat is 

expected - the rate is h igher owr the winter months and lm,·er on'r summer (Tables 

5.2 and 5.4) . T he ,werage nurnber of cells per storm is gcnern.lly higher in J\f ode! R 

than in .\/ ode/.4.. but . again. reflects the Yariation consistent with the rainfa ll 

patterns. That is. the ,\'inter 1110nths are characterised by a lo,,· cell count per 

. torm. bnt t he cells are of longer dmation (l / 17). arc less intense (n). and cowr a 

,Yide area (1/ o) . The summ<'r months. on the other hand. have a high cell count 

per storm. but these storms are localised. are of short duration. and cowr only a 

s11iall arc'a . The main differcucC' bet ,,·ceu the parameters of .H odc/.4 Hild ,H ode/ 13 

is summarised by the obser\';,tiou that 1\Iocleln models the rainfall using more raiu 

cells of a smaller size than .\I odc/.4.. 

The p lots for the rm,·. smoothed. and fitted s tatis tic. gi,·C'n for J I ode[.4. (Figmes 

5.1 to 5.3). incorporate .1/oddB as a dashed line for easy comparison. The fi ts 

for the 6-hom statist ic. are included to determi11(' the effect of remO\·iug these 

est imates fro111 the mock! fitting procedure e,·e11 though t hesc stati. t iC's were not 

fitted dirC'ct ly. As expected. the model now fit s the ·mootlwd statis t ics ,·ery closely 

at the 1-hour and 2-1-hour lewis. ThC' 6-hour aggregation lcn•l. which was not fitted 

directly. is within ·ampling error for t h<: CV. m·en• ·timate. the autocorrelation 

On'r spri ng. but does not match t h<: his torical G-hom skC',,·uess - part icularl.\· o,·er 

summ(>r . For the purpose of this analysis. hmYe\'E'r. the models were eYaluated 

based on their resp<'rtive f unetional performance (see Section 5.3) and t h<' modc>l 

which produced the better results chosen. 

Cross-ron 'C'lation fi t 

T he cro s-correlation (Equation 3.16) vcrsu d istance plot ,,·a~ also computed for 

both models. Howe\'er. s ince t he resu lts \\'ere extremely similar for both 1\ / odet1 

and J\fodPl13 for all seasons. onl)' t he results for JI / odPI 13 ha\'e been iududed. 

As is rlC'ar from thC' plots for J anuary and J uly (F igure 5.4). the 1-hour cross­

correlat ion is generally fitt i11g rea. onably well regardless of distance. There is 

a tendency to overestimate t he cross-correlation at the greater dis tances at the 

1-hour aggregation level. 
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However. as is clear from both 24-hour (Toss-correlation Yersus clistance µlot s. 

the model is not fitting as well at the greater distances - e pecially .January (Figure 

5.4). Rather , the cross-correlation is tapering off too rapidly at the the 24-hour ag­

gregation lf'vd. The problem with the under fitting of the 24-hour cross-correlation 

is a general problem that occurs regardless of season - sec Figures B.1 to B.6. 

It should be noted. though. in spite of this problem noted with the fitting. 

the model simulation results also overlaid on these same plots (Figures B.l to 

B.6) shows that thC' model is usually reproducing the sarne drn.rncteristic ' \·ersus 

dis tance· bC'haviour. The main exceptions to this are October and 1ovembcr. 
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Figure 5.4: Al odPI fJ cross-con elation versus dis tancC' - J auua ry and .J uly 
The curwd line is the fittl'd ,·alue under the model. 
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5.3 lvlodel validation 

In order to validate the fi tted model, a simulation of 300 years was computed for 

the two models, A and B , with parameters as presented previously. The analysis 

of thi 300 year sample is broken into two portions. The first part examines 

the overall pooled statistics for both models and compares the distribution of the 

pooled simulation data with t he pooled historical data for each season. The pooling 

is done by dividing each site ·s record by the respective site mean for that month. 

The second section examines the variation of the monthly statistics in order to 

determine whether the assumption of homogeneity is satisfied and whether t he 

model is producing the correct level of monthly variation. 

A valid fitted model may be constructed . but it is necessary to show that a 

300-year record is of sufficient lengt h to be used as a basis for infilling. Therefore. 

the stability of a 300-year simulat ion by obtaining the pooled statist ics from 30 

independent samples. It is shown (Sect ion 5.3 .3) that t here is st ill considerable 

variat ion within a 300-year sample. Howcwr. as a 300-ycar simulat ion uses 4601\Jb 

just for the 1-hour record . which is the aggregation level at which any model is 

simulated , the record length was left unchanged . Due to the problems with the 

nature of t he spat ial-temporal NSRP model (see Section 5.4.1 ). a longer simulat ion 

may be of li tt le effectiv benefit anyway. 

5.3.1 Fi tted statistics 

The plots of the pooled statistics (Figures 5.5 to 5. 7) are based on a synthetic 

record generated using t he mod ls, A and B. for a 35-year period. These plots 

were const ructed to determine the probabili ty of generating the observed pooled 

statistics as seen in the historical data which also spanned an approximate 35 

year period . Therefore, each model was simulated for 35 years 100 times and the 

resulting pooled tatistics recorded . 

The pooled statistics of coeffi cient of variation, skewness, and lag 1 autocorre­

lation, were plotted for each aggregation level, but instead of a collection of points, 

a boxplot for each statistic was given based on the 100 samples (Figures 5.5 to 

5. 7). The exact historical estimates are also marked on t he plots. 
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Model A,B: 24--hour Simulated Pooled CV versus Season Model A,B: 24-hour Stmulaled Pooled Skewness versus Season 
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Note that, as consistent with the fitting procedure results (Figures 5.1 to 5.3), 

the CV and skewness are generally slight ly underestimated. As with !I I odelA 

the statistics tend to be underestimated for !I I odel B · however , it is evident that 

!I I odels tends to b closer to the true values at the 1-hour and 24-hour aggregation 

levels (Figures 5.5 to 5. 7) . !llodelA . unsurprisingly, fit s more closely to the 6-

hour historical estimates (Figure 5.6). From t he simulat ion resul ts . !I I odel3 is 

marginally superior to !I I odel, .. 1 as the pooled statist ics from the simulation are 

generally closer to the historical values seen in the Thames Valley dataset. 

In general, the historical estimates are within the range of the distribution of 

the sampled simulat ions for all the stati ties. This is not entirely unexpected. as 

the same underlying process is attempted to be rnodelled by bot h spat ial-temporal 

SRP parameterisations. However. some month . J anuary for example. are mod­

elled different ly at eYery aggregat ion level. The different estimates for J anuary. 

are a direct result of the smoothing algorithm correcting these lower rnlues. This 

could be seen as either a problem with the smoothing algorithm or just that the 

sample of historical data are unusual. Given the estimates for December and 

February and that underest imat ion of snowfall is a known problem for rain gauges 

(see Maidment. 1993). the latter seems more likely. 

Spatial analysis 

Based on the spatial component fi tt ing (Section 5.2 .2), it was expected that the 

cross-correlat ion analysis would show a similar re ult. Th results for J anuary and 

July are shown in Figure 5.8. That is, the discrepancy at the 24-hour aggregation 

level between the fitted and historical cross-correlations would increase as the dis­

tance increased. Surprisingly, the synthetic record analysed (one 300-year sam.ple) 

only tended to underestimate the 24-hour cross-correlation for September through 

ovember at the 24-hour level. All other months and aggregation levels either 

fitted or slight ly overestimated the cross-correlation (Figures B.l to B.6). 
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The primary result of interest, especially for the months September-November, 

is the difference between the cross-correlation values at the 1-hour and 24-hour 

aggregation level . For these months , compared to the historical record , the 1-hour 

record cross-correlation is significantly overestimated while the 24-hour record is 

significantly underestimated. 

' , ' 

C 
0 ' 

Januaryl-hourCross-ConelalionversusOistance 

" 20 " 

July 1-hour Cross-Correlation ve11us Distance 

, I 
-----------------~ 

10 20 " " 

January 24-hour C1oss-Correlalion verm Distance 

20 " 

Juty 24-hour Cross-CorrelalionmsusDistance 

20 " 

The curved line is the fitted value under the model, 
the x 's are the 300-year sample simulation cross-corr lat ion, 
the black o 's are the historical cross-correlation. 

" 

Figure 5.8: ~/11 odela cross-correlation 1-hour and 24-hour for J anuary and July 
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R egional distribution analysis 

The models, A and B, were simulated for 300 years and the distribution of the 

values compared to the historical values at the respective 1-hour and 24-hour 

aggregation levels. The result (synthetic and historical) were split into months 

and standardised (by dividing each site record by its respective site mean) so that 

the whole region could be pooled together for comparison purposes. Although it 

may b beneficial to compare each site independently. the limited availability of 

the historical record at some of the sites would more than negate the benefit of 

doing so. Therefore. the resul ts were pooled so tha t the effectiveness of the models 

producing the correct distribution as a whole could be examined. 

The quantile-quantile plots (Figures 5.9 and 5.10) have been produced for each 

model at the 1-hour and 24-hour aggregation level for January and July respec­

tively. Taking into account the differing scales for the plots. neither model fi ts 

J anuary well - though l\l odel,-1 is closer to the historical quantiles. but l\l ode{ B 

fit s better for July (particularly a t the 24-hour level). For the other months (Fig­

ures B.7 to B.16). generally l\lodel,-1 is closer to the tail of the distribution than 

l\l ode/ B · l\l ode{ B is still preferred as infilling algorithms can avoid fitting the ex­

t reme points if necessary. However. if the simula ted data (eg: from l\lodel,-1) does 

not contain extreme points then obviously no infilling algorithm that uses this 

data solely can infill with extreme values . The difference between the two models 

i really only observable in the tail of th distribution. 
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Regional proportion of dry sites 

As the proportion of dry sites was not used in the fitting procedure. this was 

deemed a useful cr iteria for determining whether the mod<:'! is fitting the data 

"·ell. The results for the I-hour aud 24-hour proportions by scaso11. aggregation 

level, and model arc pres@11ted in Table 5.6. 

Table 5.6: I-hour and 24-hour: regional proportion dry by season 
24-hour aggregation 1-hour aggregation 

~Ionth Historical /1/odelA Models Historical I\ I ode/A l\Jodcla 
Jan 0.447 0.555 0.544 0.898 0.918 0.906 
Frb 0.532 0.5G8 0.573 0.903 0.923 0.911 
1lar 0.518 0.571 0.599 0.926 0.920 0.911 
Apr 0.561 0.610 0.630 0.90 0.922 0.915 
:-.lay 0.594 0.639 0.678 0.939 0.926 0.92 
Jun 0.610 0.687 0.682 0.92 0.944 0.935 
Jui 0.656 0.692 0.701 0.947 0.951 0.948 
Aug 0.654 0.W2 0.694 0.94 0.948 0.946 
SC'pt 0.590 0.68G 0.651 0.915 0.934 0.930 
Oct 0.544 0.654 0.618 0.905 0.917 0.919 
.\'ov 0.473 0.610 0.564 0.89 0.906 0.908 
De'<· 0.472 0.574 0.548 0.890 0.912 0.907 

From t Rhle 5.6. both Al odelA and ]\for/el H arc not producing the san1e pro­

portion dry as t he historical record. over the region for the 24-hom aggregation 

level. At thf' 1-hour level. t hf' 1 - 2o/c difference is statbtical ly significant. given the 

sample size it encompasses. At either aggregat ion level. ho\',,e\·er . .\Iodela usually 

gives a better fit. 

The discrepancy between the obscn-cd proportion dry and the historical pro­

portion dry is an issue commonly found with t he NSRP models (see Onof et al. 

(2000). Cowpertwait et a l. (1996)) at least in the temporal domain. The mismatch 

of the proportio11 dry at t he 24-hour level may cause issues when the model is used 

for infilling. HO\\·ever . as the i11filling algorithms u. e any antilable \'alid data. this 

is 11ot expertf'd to cause a major problem provided c11m1gh data arc avai lahle. 

However. as with CO\\·pertwait et a l. (1996) it does not follow that the model is 

not useful , hut rather the 111odel limitations must be taken into account when the 

model is applied. 
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Conclusion 

As it is clear that /1.fodelA and /I.lode/a are producing similar output (wi t h the 

exception of the 6-hour aggregat ion level), a decision was made to retain the model 

fitt ed using the simpler method , /1.fodela. rather than /1.fodelA, Therefore. all 

subsequent model analysis and results within this thesis relate to /I.I ode/ a olely. 

As noted, there a re some potenti al problems with the lack of fitting at the 24-

hour cross-correlation level as well as with the proportion dry being over stimated. 

Provided there is enough valid data at a given time point , however , it is likely that 

the fitted NSRP model can st ill be used for infilling (see Section 5.5). 

5.3.2 Monthly statistics 

In this section , the model assumptions of approximate stationarity. both in time 

and in space. are checked again t the historical record . The unpooled monthly 

sample statistics: mean. CV. skewness. and autocorrelation . are computed for 

each site. month. and year. The monthly variation of the sample statistics was 

compared between the historical record. 24-hour and 1-hour. and a 300-year model 

simulat ion record for the equivalent aggregat ion leYels. Obviously. if the model , 

for which stat ionari ty is assumed. can produce the same ample characteristics as 

seen in the historical record . then the assumption is valid - at least at the level 

required by the model. 

Each statistic listed is examined in a separate subsection. where the analysis 

is split into 24-hour and 1-hour levels and by season. This gives a total of 48 plots 

for the 24-hour level and 36 plots for the 1-hour aggregation level (as an analysis 

of the means is not necessary). The full list of plots is given in Appendix C Figures 

C.l to C.24, but the results for J anuary and July are given in text. 

In order to compare the monthly distributions obtained from the historical and 

simulation records a two-sample Kolmogorov-Smirnov (K-S ) test was computed by 

site and season . This test is of limited value due to equal weighting being placed 

on the historical data values regardless of the number of data points contributing 

to that value, but, nevertheless, is able to give some indication of the likelihood 
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of the distributions matching. A table is produced for each statistic examined 

(Tables 5. 7 to 5.10) of t he P-Values for each of the Kolmogorov-Smirnov tests . 

Monthly means 

For the two seasons included (J anuary and July) it is clear that the distributions of 

the means are similar for all sites for the synthetic and the historical record (Figure 

5.11 ). Furthermore, the results for the K-S tests for the monthly means (Table 

5. 7) are indicative that, particularly for t he 24-hour data, the distribut ions of the 

monthly means can not be rejected from coming from the same distribution (at 

the 5% significance level). These results are as expected as the mean is matched 

exactly via 0 in t he model fi tting. 

24-hour mean versus site for January 

I I t ' I : ~ : I 

•• i l~i,;~~ ·• ·• ~~~ i~ ~ ,n~ ~i 
:: :: :: :: :; :: :: :: :: :: :: :: :: :; :; :: :: :: :: :; ;: :: :: 
1 2 3 4 5 6 7 8 9 10 12 , , 16 18 20 22 

S11e 

' . 
> 

~ 
i 

24-hour mean versus she for July 

1 2 3 t 5 6 7 8 9 10 12 1, 16 18 20 22 

Site 

White = Historical: Shaded = /\I odel8 

Figure 5. 11: Monthly 24-hour means: hi torical versus 300 year simulation -
J an ,July 

Monthly coefficient of variation 

From t he boxplots of the mont hly variation for J anuary (Figure 5. 12) , it is clear 

that for the 24-hour record , the CV tends to be overestimated. At t he 1-hour level, 

this would al o seem to be the case. The P-Values obtained from t he corresponding 

two-sample K-S tests (Table 5.8) , only the season of J anuary shows up as having 
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Table 5. 7: KolmogorO\·-Smirno\· test p-val11es: monthly meau s i11111lated \·crsus his­
torical 

;\lontlt 
Jan 
Feb 
:-. Iar 
Apr 
\ l ay 
.) 1111 

Jui 
Aug 
Sept 
Oct 
:-:m· 
Dec 

:-.1011tli 
Jan 
Feb 
:-. Iar 
Apr 
\lay 
Jun 
Jui 
.\ ug 
cpt 

Oct 
:-:m· 
Dec 

I 2 3 
0. I 0.67 0.39 
0.16 0.28 0.33 
0.62 0.35 0.,18 
0.33 0.36 0.39 
0 39 0. Ii o. 73 
0. l!J 0.66 0.30 
0.58 0.79 0.26 
0.hO O 70 0.97 
0.28 0.86 0.0 1 
0.11 0.62 0.79 
0 I I 0. 10 0.0G 
0.-17 0.52 0.5.J 
13 l.J 15 
0.3G 0.32 0. 15 
O 11 0. :18 0.6G 
0.26 o.:li 0 .11 
0. 79 0.3.-, 0.31 
0.50 0.63 0.b5 
0 19 0 .68 0 .39 
o. rn o. 1 1 o .. ">o 
O.hl 0 .-15 0.5 1 
Cl.Oh O 10 0. 11 
o.::io o. 26 o. TG 
0 ()2 0 . 11 0 .0 
0 5:3 0 .59 0 .39 

2.J-liour comparison by season-site 
.J 5 G 7 8 9 10 11 1:2 
0. 6 0 .95 Cl.<H 0.5 0 .63 0.79 0.65 o. 15 0 .50 
0.9G 0.25 0.10 0.09 0.;"'>5 0 .71 0. 11 0 .12 0 .37 
0.95 0. 71 0.39 0.:18 0. I 0 . 11 0.73 0. 16 0 .33 
0. TI 0.33 0.29 0 .. 'i6 0 28 0 .. 19 0 G5 0 .. ">0 0.G 
0.28 0.91 0.22 0.32 0.11 0.5 0.69 o. 13 0.23 
o. 19 0.13 0.27 0. 13 0.69 0.28 0. Hi 0 .fi9 0.25 
0.99 0.98 0.93 0 75 0.9:l O 8-1 0.76 0 . 2 0.97 
0.97 0. TT 0.6-l 0.26 0.21 0. I Cl.GT 0 .70 0.57 
0.95 0.75 0.3~ 0. 11 0.23 0.29 0. 11 0 .22 0.21 
O.G7 0.,18 0.11 0. 2 I O. 2.J 0. 2:1 O. II 0 . 15 0. 11 
0.99 0.37 0.56 0. 15 0.3b 0. 12 0 15 0. 12 0.1 I 
o.oo o~ o.~ o.~ Qn o.~ o. 3 0.9:3 0.62 
16 17 I 19 20 21 22 23 
0.66 0.3h 0 . .J 0 . 19 0 i o 0 .. -,:i 0 90 0.76 
0. 15 0.7.J 0.79 0.7-1 0.97 0.23 0.27 (l.:ll 
O.:l:'i 0.6.J 0. 16 0 .50 0. ,I 0. -10 0.3 1 0.22 
0. 12 O il 0.78 0 .3 ~ 0.61 0 16 o.:rn 0.22 
0.3G 0.39 0.11 0 .61 0.32 0 2 0. l.i 0.73 
0. I ,j 0. 12 (U I O 65 0 .5:l 0.32 0 .,"> I 0.2 
0 .98 0.91 0.38 0 iO 1.00 0 55 cu,:i o.91 
0 . 3 0. 6 0 i 5 0. 9 0 . 79 0.6h 0 .h I O 66 
0 .09 0. 12 0 20 0.07 0 .39 0. 11 0 . 12 0.56 
0 .3 1 0 Ii 0.-10 0.55 0 .59 0. I G 0 .56 lU(i 
0 . 1 0.2 0.5 1 0. 11 027 0 -,2 0 .30 0. 12 
0.62 0.GO 0.7.'l OG9 0 .7 1 O.hl o 25 o. n 

XB: 1-hour mean not induclecl 8, this is the same as 2 J-hour mean / 2-1. 

any nrnjor issues - and thC'n only at tlw 2-1-ltour lewl. This 0Yerest i111ation of 

.J anuary fits with \\'hat ,ms obsl·n ·ed prC',·iously (Sert ion 5.2.2 ) \\'here it was noted 

1 hat the' smoothing ha<l sig nificantly alt <'rC'd tlw est illlatcs for the pooled s tatistics. 

Furthermore in the pr<"dous section (Section 5.3.1 ) it was SC'<'n that. again. J anuary 

wa. not 111odC'll<"<l \\'('II at any aggregat ion level for any s tat istic whf'n comparc<l to 

the historir::i.l t'st imatf's. 
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24-hour Coefficient of Variation versus site for January 
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24-hour Coefficient of Variation versus site for July 
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1-hour Coefficient of Variation versus site for July 
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White = Hi torica l; Shaded = J\fodel8 

Figure 5.12: :tvlonthly CV: historical versus 300 year simulat ion - Jan,July 
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00 
CJ1 

Mon t h 
Jan 
Feb 
f\ l ar 
Apr 
Mny 
Jun 
J ui 
Aug 
Sep t 
O ct 
Nov 
Dec 

Month 
Ja n 
Fe b 
l\ l n r 
Apr 
l\lay 
Jun 
J ul 
Aug 
Sep t 
O c t 
Nov 
Dec 

I 2 
0. 66 0.94 
Q_ 79 0.4 1 
0.09 0. 11 
0.60 0.44 
0.09 0-48 
0.35 0.29 
0.99 0.92 
0.53 0.6 1 
0.30 0.05 
0.98 0.22 
0.75 0.22 
0.76 0. 16 

I 2 
Q_QQ 0.05 
0.57 0.66 
0. 19 0.24 
0. 15 0.2 1 
0.47 0.35 
0.29 0. 16 
0.76 Q.85 
0.70 0.29 
0. 11 0.05 
0.09 0.95 
0.36 0.2 1 
0. 14 0.89 

Table 5.8: Kolmo_gorov-Smirnov test p-val_nes: mout_ldy CV simulated vcrsns historical 
I-ho ur com p:nison by ~caso n-s i t c 

3 4 5 6 7 8 9 10 II 12 1:i 14 15 16 17 18 19 20 2 1 22 23 
0.27 0 .42 0.90 0.5.J 0.58 0.13 0.74 0.5:J 0.29 0. 34 0_25 Q_69 0. 16 Q_7,1 Q_6 Q 0. 33 0. 40 0.97 0.26 0.74 o.:i1 
0. 13 0.99 Q_Q4 0-68 0-~5 0.56 Q_96 0.'14 0.G2 (1.09 0.28 0.88 0.62 0.67 0.8G 0.56 0.24 0.26 0.98 0.90 0.9 1 
0. 12 0.27 0.28 0. 14 0.06 0. 13 0.09 0.G2 0.43 O. G6 OA7 0_22 0. 13 0.35 0. 11 0 .25 Q_ 13 0.59 0.05 0.0 1 Q.0 1 
0.58 0.92 0.34 0.66 0.6.3 0.5 1 0.68 0.29 0.25 Q_ 12 Q_ I I 0.20 0.55 0.26 0-26 0.96 0.37 Q_74 Q_77 Q_75 0-49 
0. 33 Q_Qg 0-43 Q_26 Q_Q J 0. 12 0.7:3 0.55 0.04 0.09 0.96 0.22 0. 18 0.68 0.38 0.09 0. 1:3 0.00 0. 1:J 0.03 o.:n 
0.58 Q_63 0 28 Q_ 44 0.'17 0.2 1 o.:J9 0.45 0.64 0.5 1 0.55 0.8 1 0.8 1 0.80 0.62 0 .07 Q_f;Q 0 .46 Q_73 0 75 Q_62 
0.94 0.97 Q_6Q 0.97 0.5 1 0.49 0.83 0.18 0.6 1 0.'13 0.45 0.55 0. 48 0.77 0.60 0.98 0.77 0.20 0. <19 0. 49 0.98 
0.30 0. 98 0.29 0.55 0.79 0.87 0.88 0.6 1 0.50 0.96 0 .. 57 0.89 0. 19 0.27 0.37 0.88 0.2:l 0.55 0.5.3 0.04 0.05 
0.5<1 0.26 0- 1,1 Q_26 0.4 1 0.43 0.60 0.36 0.27 0.55 0. 11 0.33 0. 10 0.86 0.05 0. 12 Q_Q2 Q_Q J Q_ 19 0.44 0.09 
Q_ 1 I 0- 30 0.05 0. 12 0_24 0. !)0 0.17 o.:i 9 0.05 0.0.3 0.04 0.62 0. 10 0.0 1 0. 16 0.95 0.03 0.93 0- 12 0.09 0. 10 
0.32 0. 13 0.93 0.90 0.83 0.47 0.76 0.55 0 _7.3 0.75 0.70 0.49 0.53 0.68 0.3 1 0.47 0.70 0.06 0.94 0.25 0.63 
0.10 0.85 0.09 0.36 0.25 0.61 0.65 0. 10 O.G3 0.4 1 0.8 1 Q_52 Q_27 Q_ J5 Q_74 0-4 1 0-25 Q_57 0.66 0-4<1 0.55 

24- ho ur com pa ri so n by !'iCason -sitc 

3 4 5 6 7 8 9 10 11 1:2 13 14 15 16 17 18 19 20 2 1 22 23 
0.08 0.86 0.19 0.4.J 0.00 0-00 0.03 0.08 0_03 0.0 1 0.24 Q_Q4 0.38 0.0 1 Q_ 33 o_o:i Q_22 0. 11 0 06 0-07 0.0 1 
L OO Q_59 Q_87 0-64 0.60 0.67 0. '17 0.7.3 0.65 0.74 O.Ll2 o.:i4 0.83 0.90 0.59 0. 10 0.:1,1 0.74 0.29 0.58 Ohl 
0.03 0 .1 0 0.35 0.73 0.62 0.79 0.7<1 0.2 1 0.03 0.0 1 0.20 0.09 0. 12 0.'12 0.2 1 0.04 0.55 0.26 0.55 0.65 0.36 
0. 14 0. 10 0.29 0.05 0.0 1 o.:io 0. 13 o.:i 1 (1-19 o.:m o.:is 0. 18 0. 15 0. 19 O.:J I 0 .20 0.:10 0.28 0. 16 0. 17 0.2 1 
0.02 0.86 0.00 0.29 0.79 0.55 0.:16 0.26 0_06 0.05 0_06 0.20 0. 19 0. 19 0. Jll 0-7 1 Q_9J 0-85 Q_6 J Q_79 Q_5 J 
0.08 0.53 0. 37 0.09 0.65 0.97 0.22 0.90 0. 93 0.56 0.58 0.96 0_55 0_94 Q_78 0_78 Q_92 0-63 Q.69 Q_69 0.93 
0.56 Q_6Q 0A2 0.5:3 0.7:J 0.96 0.94 0.58 0. 97 0.6 1 0.96 0.92 0.08 0.99 0.85 0.5'1 0.72 0.95 0.28 0.71 0.22 
0.47 0.54 0.58 0. 12 0.47 0.08 0.0 1 0.03 0.77 0.77 0.44 0.56 0_23 0.25 Q_95 0_63 OAS 0.87 Q_26 0.80 Q_69 
0.74 0.75 0.03 0. 16 Q_ I I Q_5'1 0.94 0.:15 o_:n 0.2 1 0.55 0. ,10 Q_23 0.65 0. 17 Q_SG Q_ 16 Q_6Q 0.59 0. 18 0.02 
0. 79 1.00 0.03 0.72 0.9 1 0.'17 0.45 0.66 0.83 (1.78 0.50 0.75 0. 15 0.38 0.46 0.4-£1 0. 19 0.9 1 0.7 1 0.44 0.39 
Q. 18 Q_66 Q_69 0.97 0.20 0.86 0.4 4 0.82 0 ... 12 0.5 1 0.75 0 .. 1 1 0. 49 0.79 0.69 0.55 0.89 0.99 0.29 0.53 0.44 
0- 12 Q_65 0-46 0.7.1 0.25 0 .. 30 0.07 0.57 ()_!)8 0.77 0. 47 0.51 0.99 0_74 0. 15 0. 39 0.69 0.33 0.38 0. 13 0.3 1 



Monthly skewness 

The skewness generally seems to be matching satisfactorily for all the sites (Figure 

5.13 and Table 5.9). Note that site number 20, (TW289022), has a low number of 

months at an 1-hour level - t hus the apparent discrepancy in the plot . As expected , 

the K-S test does not pick this sample (July site 20) up as significantly different 

from the model. 

The results in Table 5.9 from the K-S tests , indicate that, in general, t here 

is no difference between the monthly variation in skewness between the simulated 

and historical records. However , in December the number of significantly different 

sites at the 24-hour aggregation level seems a li ttle too high (Figure B .16), and 

similarly for October at the 1-hour aggregation level (Figure B.14). From t hese 

plots (Figures B.14 and B.16), it can be seen that the synthetic 1-hour skewness for 

October is generally higher than the historical skewness and the 24-hour skewness 

for December is generally slightly lower than for the historical skewne s. 

Monthly autocorrelation 

Given the variation of the autocorrelation, particularly in the 24-hour record , this 

was deemed the least useful out of these three analyses. The boxplots (Figure 5.14) 

show that there is considerable variation within the historical data which is not 

being captured by the simulated record - particularly at the 1-hour aggregation 

level. For the most part , the 24-hour aggregation level seems to be matching (at 

J anuary and July at least). 

T he resul ts for the Kolmogorov-Smirnov tests (Table 5.10) indicate t hat t he 1-

hour correlation is generally matched - including for J anuary observed previously. 

However , the 24-hour autocorrelation for the months June through ovember tend 

to have far too many significantly different sites within the respective months. This 

problem may resul t from the assumption t hat the variation seen in the 24-hour 

autocorrelation is constant across all seasons being incorrect (Section 5.2.2). 
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-'1 

Mo nt h 
Jan 
Feb 
Mar 
A pr 
I\ I ay 
Ju n 
Jui 
Aug 
Sept 
O c t 
Nov 
Dec 

l\ l o n t. h 
Jan 
Feb 
J\,lar 
Apr 
May 
Ju n 
Jui 
Aug 
Sept 
Oct 
Nov 
Dec 

I 2 
0.02 0.79 
0.63 0.7 1 
0.25 0.09 
0.2 1 0.37 
0.41 0.46 
1.00 0. 14 
0.63 0.49 
0.67 0.5 1 
0.89 0.2 1 
0.55 0. 1 I 
0.78 0.58 
0.29 0.24 

l 2 
0. 12 0. 15 
0.44 0.72 
0.38 0. 12 
0. 3 1 0.55 
0.85 0.71 
0.76 0.85 
0.39 0.72 
0.94 0.3 1 
0.72 0.26 
0.25 0.93 
0.85 0.33 
0.04 0.60 

Table 5.9: Kolmogorov-Smirnov test p-valucs: m_()_nthly skewness simulated versus historica l 
I-hour compilrison by scason-silC' 

3 ,1 5 6 7 8 !) 10 I I 12 1:i Jtl 15 16 17 18 19 20 2 1 22 23 
0 .40 0.92 0.43 0.90 0. 13 0.10 0. 11 0.03 0. 14 0.25 0.25 0.8 1 0.26 0.72 1.00 0. 11 0.58 0.7 1 0.42 0 .7 1 0. 12 
0.83 0.59 0.07 0.64 0.0 1 0 .44 0.05 0. 74 0.45 0.04 0.87 0.55 0.09 0.47 0.92 0.20 0. 19 0. ,13 0.99 0.44 0.62 
0.23 0.29 o .. 34 o. 16 0. 16 0.19 0.52 0.53 0.52 0.94 o. :i2 0.45 0.62 0.42 0. 12 o.:i 3 0. 16 0.8 1 0.22 0.04 0.04 
0.20 0.01 0.80 0.49 0.57 o. 16 0.66 0.03 0.04 0.01 0 02 0. 11 0.84 0.09 0. 10 0.44 0.28 0.'13 0.08 1.00 0.57 
0.52 0.68 0.31 0.19 0 .20 O.G:J 0.85 0.16 0. 18 0.56 0. 69 0. 33 0. 16 0.31 0.9<1 0.7:J 0.8:J 0.04 0.08 0.17 0.48 
0.18 0.20 0.54 0.58 Q. t.15 0.60 0.°26 O.GI 0.88 0.27 0.25 0.52 0.50 0.56 0.03 0.23 0.56 0.7 1 0.96 0.94 0.5:J 
0.68 0.96 0.63 0.97 0.99 0.62 O.fi2 0.97 0.32 0 .25 0.67 0.45 0.08 0.2 1 0.37 0.98 0 90 0.38 0. 14 0.78 0.9<1 
0.2 1 0.62 0.40 0.48 0.89 0. 97 0. 43 0.82 0.98 0.93 0. 61 0.05 0.49 0.58 0.46 0.92 0.70 0.79 0.8 7 0.21 0.:11 
0.34 0.59 0. 14 0.79 0.72 0.52 0.59 0.37 O.H 0.77 0.6~ 0.25 0.94 0 .56 0.87 0.0 1 0.29 0.01 0.44 0.62 0.10 
0.07 0.67 0.02 0.01 0.08 0.72 0. 1,1 o.:J2 0.02 0.0 1 0.05 0.25 0. 10 0.00 0. 19 0. ,12 0.07 0.75 0.02 0.02 0.08 
0.33 0.09 0.93 0.37 0.74 0.66 0.79 0.05 0.50 0. 17 0.96 0. 75 0.89 0.23 0. 17 0.20 0.27 0.08 0.92 0.14 OA I 

0.30 0.95 0.79 0.24 0. 11 0.86 0. 18 0.83 0.22 0.99 0.68 0.3 1 0.52 0.98 0.44 0.8<1 0.29 0.35 0.43 0.08 0.47 
24- hou i co m pari ~o 11 hy seaso n-s i te 

3 4 5 6 7 8 9 10 I I 12 1:J 1,1 15 16 17 18 l !J 20 21 22 23 
0. 16 0.7 1 0.86 0.6<1 0. 17 0. 12 0 .. 13 0.12 0. 15 0. 15 0.5 1 0.57 o.:n 0.26 0.65 0.06 o.:J8 0.30 0.08 0 .77 0.24 
0.40 0.25 0.28 0. 75 0 .4 0 0.70 0.50 0.80 0. 40 0.85 0.:14 0.09 0.03 0.42 0. 14 0. 10 0.46 0.56 0. 19 0.43 0.15 
0.98 0.88 0.69 0.56 0.49 0.5.3 0.67 0.8 1 0.81 0.55 0.70 0.79 0.41 0.79 0. 16 0.6 1 0.2 1 0.50 0.95 0.25 0.26 
o. 18 o .. 35 0.59 0. 16 0.07 0.08 0. 15 0. G6 0 . 17 0.47 0. 17 0. 15 0.38 0.09 0. 45 0.24 0.47 0.33 0.03 0 .1 4 0 .62 
0.08 0.79 0.0 1 0.7 1 0.56 0.20 0.97 0.82 0.62 0.08 0. 14 0.6.1 0.58 0.23 0.4 1 0.27 0.86 0.06 0.05 0.24 0.54 
0.38 0. 16 0. 90 0.84 0.8-1 0.98 0.69 0. 97 0.65 1. 00 o.:i .1 0.58 0.67 0. 93 0. 65 0. 96 0.65 0.72 0.44 0.66 0.9 1 
0.57 0.82 0.85 0.77 0 .28 0.7:J 0.82 0.99 0.9:J 0 .f)G 0 .50 0.67 0.06 0. 43 0 .97 0.38 0 .6G 0.42 0.27 0. 15 0.24 
0.65 0.32 0.88 0.49 0 68 0.00 0.0 1 0.13 0.18 0. 10 0.25 0. 1 l 0. 15 0.30 0.54 0 .72 0.28 0. 14 0.07 0.87 0.90 
0.08 0.64 0.08 0.89 0.59 0.59 0. 14 0.37 0.72 0 .38 O. :JI 0. 14 0.83 0.05 OA6 0.62 0. 18 0. 49 0. 13 0.25 0.87 
0.66 0.09 O. l 1 0.71 0.9·1 0.55 0. ,10 0.04 0.87 0.67 0.47 0. 74 0.09 0.24 0.53 0.88 0.70 0.74 0.47 0.6 1 0.71.I 
0. 77 0.29 0. 67 0.87 0. 4 5 0.78 0.28 0.69 0.45 0. 77 0.85 0.94 0.80 0.80 0.80 0.4 tl 0.57 0.67 0. 35 0.93 0.8LI 
0.36 0.37 0.33 0.01 0.06 0.0 1 0.00 0.23 0.48 0.07 0.22 0. 18 0.01 0. 19 0.00 0.00 0. 10 0. 18 0.02 0.02 0.06 



~lon t h I 
J.1n 0 . 15 
l"c b 0.48 
Mm 0.,15 
A pr 0. 10 
May 0 .1,9 
J un 0 29 
Ju i 056 
A ug 050 
Sept 0 .29 
O ct 0 .02 
N ov 0 .25 
Dec 0.3-1 

~lonth I 
Ja n 0 .22 
F'cb 0 .64 
~la, 0 .93 
Ap, 0 .29 
~lay 0 .U2 
Jun 0.05 
Jui 0.60 
A ug O.OJ 
S l'p t 0.93 
Ot.· t 0.01 
Nov 0.01 
D ec 0.22 

Table 5.10: Kohuogorov-Smirnov tc•st p-values: 1Uouthly autocorrdation simula tC'cl VC'rs11s histo rical 
I- hour c·ompa1 , ... o n bv ::,C'a!t(-u1 -~1t c-

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 l O 
O.!JO 0 . 16 0 . 12 0.97 0 .8 1 0 .07 O. f,(i 0 . 14 O.S2 () .23 0 .,11 0 .57 0.7,1 0 .53 0.82 0.77 0.03 0.37 0.22 
0. 18 0 0 3 0. 15 0 .0 7 0 .73 IJ 22 0.0 1 0.2•1 0 .06 0.03 U 02 0. 11) 0.0 1 0. 10 O.!J9 0 OG 0. 12 0 .0 1 0. 12 
0 .95 0.4 9 0.50 0.53 0 .78 0 .56 () .. :14 0.9,1 0.-12 O. J.I 119 1 0.30 0. 19 0.36 0.03 0. 11 0.3!l 0. Hi OAO 
0 77 I 00 0.02 0.83 0 12 U r, J O .. l il 0.20 II.OU 0 02 U 0 3 U.0 1 0.43 0.72 Cl 15 0 . 19 0.00 0 .-11> 0, 12 
0 33 0.8 1 0 .75 0. 13 0 .2!l 0 .:1'2 0 .12 0 .0 1 IJ.38 0 10 0 .2(i 0 .2,1 0 .71 0.37 0 .57 0 .62 0 . 13 0.21 0.45 
0. 10 0. 10 0 .01 0 .30 0 22 0 .9 2 0. 15 0 .33 U.2 1 II <13 ().81! 0 . 15 0. 18 U.95 1106 0.09 0 . 12 0.58 0. 93 
0. 12 0 .24 0. 73 0 74 0.77 0. 73 0. 2 1 0.22 0 7 1 0.29 0 .. 36 0. 21 0. 61, U 02 0.35 0. 22 0.81. 0.32 0 .77 
0. 10 0.62 0 .29 0.58 0.67 o .. n o. ~u 0.28 I) 10 0.63 O. ii o. n 0.01 0 .75 IJ. 12 0. 37 0.8 1 0.58 0 .88 
0.99 0 .0 2 o.os U.40 0.65 0.1,l u.:1:1 0. 7:1 1).91 O. ll 0 .57 0.33 0 .9 1 0.6G 0.82 O. ll 0.6 1 0 .62 0 .01 
0 .2 1 0.46 0 .87 0.45 0. II 0.62 0 .28 O. W IJ.53 0.30 0.65 U.6 1 0 .4 8 1.00 0.54 0 .1:>6 0.14 0.95 0 .99 
0.09 0.6•1 0 .0G 0.44 0. 11 0. 10 IJ 72 U.23 0.94 0.99 0 .9 5 0.5S 0 .05 U.86 0.03 U.23 0 78 0.23 0.0 1 
0. 10 0 .56 0 .95 0.25 0.98 0.09 0 .5•1 0.94 0.23 0. 17 0 60 0.4G 0 .78 0. 12 0.99 0 73 0 14 0.06 0 .76 

2 1- ho u, n,m pa, iM>n bv -,("a ~o11-~ 1tc> 

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 lO 
0 .46 0.44 0 .46 0.79 0.56 0 . 15 0 .99 0 .60 U. 2 1 0.98 0..1 1 0. 14 0 .6,1 0. 12 0.50 0 .40 0 .52 0 .26 0 .08 
0 07 0. 14 0.97 0.29 0 09 0.29 0. 1~ 0 .,19 n. 1, 11.22 0 -o 0. 18 0 .17 0 14 U 62 0.3 7 0.90 0. 18 0.52 
0 .88 0.95 0 .10 0.70 0 64 0.92 0.8 1 0. 63 11.5.1 0 70 0.99 0.20 0. 79 0.97 0 78 0.31 0.31 0.62 0. 77 
0 .91 0.93 0.72 0.26 0.92 O .. l (i 0. 57 0.5,1 U.62 (J ,15 0 .d l 0 .'16 0 . 15 0.72 0.89 0 .49 o.sa 0.29 0 .48 
0.38 0.34 0.28 0 06 (1.14 0.04 0 .27 O. II 0.28 U.33 0.31 0.72 0 .60 O. II 0.49 0. 7•1 0 .72 0 .8 8 0 .70 
0. 13 0.CJ.-1 0 . 18 0 .66 0.08 0.0 1 0 .06 0 .86 0.76 U.04 0.03 0. 10 0 .07 0.02 0.08 0.02 0 .7-1 0 .09 0.90 
0.58 0.2-1 0 .51 0 .5 1 0.38 o.~5 0 . .t7 0 17 0.01 0 ..1·1 0.37 0. 13 0 .15 0.87 0.26 0.00 0 22 0.20 0. 14 
0 .0-1 0.70 0 .43 0. 28 0.00 0.01 u l!l 0 .01 0.00 0 . 19 0. 12 0 18 0 .09 0 . 15 0 . 12 0.26 0 .00 0.03 0.60 
0 .55 0 . 11 0 .09 0.87 0. 89 0.58 0 .(i5 0 .:15 0 .69 0 .68 0.54 0 .81 0.46 0 .58 0. 38 0.2,1 0 .82 0 .43 0 .28 
0 . 14 0.38 0. 12 o . 19 0. 18 (J. ()0 0 0 '3 0. 15 l). 20 0. 17 II 2 1 0.2(; 0.4 7 0 .39 0. 25 0.,18 0. 12 0 .77 0.65 
0 .08 0 .02 0.85 0.03 0. 01 0 00 O.U I 0.0 1 0.01 0.03 0 03 0.2 1 0.00 0 .0 3 0.01 0 0 1 0.00 0 .0 1 0 .0 1 
0 78 0 .58 0. 23 0. 78 0. 80 l) ill O .. J,I 0 .60 0.52 (J 77 1.00 0.81:l 0 . 19 0 .<16 0. 2 1 0 12 0. 2G 0 .'10 0.96 
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0. II 
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24-hour Skewness versus site for January 

24-hour Skewness versus site for July 
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Figure 5.1 3: Monthly skewness: historical versus 300 year simulation - J an.Jui 
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Figure 5.14: Monthly autocorrelation: historical versus 300 year simulat ion 
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HomogPnPit_v of region 

The consis tency bC'tween the statistical rnriat ion across the sites between the his­

torical record and the simulated data for the CV. sk0wness. and 1st lag autocorre­

lation . show. that the as. umption of homogeneity in the region has been satisfied. 

Furthermore. with the exception of \\'hC're t he data r0corcl is short. there is no 

sit e that has a different dist ribution of the statistics from the other sites ,Yithin 

the historical data. The transformatio11 to spatia l 'tationarity by dividing each 

s ite-mo11th by its r0spectiv0 mem1 (Section 3.1.1 ) has lwe11 successful. 

5.3.3 Stability 

The purposP of the stability analy. is is to cktermine the stability of a 300 year 

period as a synthetic record of this length "·as to be 11. ed for the infilling of the 

his torica l records. If a 300 yf'ar period is not sufficiently stable. then. for ns<'fnl 

i11filling. a longer record rna)· be n<'cess,u.r. Ohvionsly, a shorter record is df'. irnbk 

as it is l0ss <kmanclin?, 0 11 physica l n'sources and. in this Pxan1pk•. tl1f' max imum 

record kngth able to be handlC'd comfortabl.r is approxi1rn1lC'ly "100 yf'Ars. For 100 

years. the 1m·mory nsage is around 6501'1 b for the simulated rainfall records alone. 

Th(•rcfore . .\!ode/ a was simulated for 300 years 30 times and the pooled statis­

tics recorded after each nm. As bC'forP. the results Arc split by Aggregation lC',·el 

(Figur0s G.15 to 5.17). The historica l and smool lwd cstima t es a rc OYC'rlaid 011 the 

plot as indicative rnC'asurcs only Hs the increas<'d sample s ize is cxp<'CtC'cl to reducC' 

the ,·ariation to centre round the fitt ed valuC's not thf' historical C'st imates. For an 

analysis of t llC' probahility of obscn·ing t he hi. torical record gi,·011 the modC'I sec 

Section 5.3.1. \ \ .hil<' 30 simula tions arc hardly euough to get an accura te pict urC' 

of the sampling ,·ariation for the poolf'd stat ist ics. they arc adequate. giwn the 

la rge sample s ize (300 n10nths). to gin• an Approximate distribution. 

The CV for thE' 1-hour and 24-hour values (Figure 5.15) shows that, for both 

these aggregat ion kwls. the pooled CV is ''"<'11 centercd. There is s lightly more 

variAtion over tl1f' . un 1111cr montl1s compared to the win ter months - pa rticula rly 

at the 1-hom aggregation le,·el. 
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Simulated 1-hour CV versus Season 
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Figure 5.1 5: Stabili ty of 300 year sampl - pooled CV 
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It is evide11t from the ske\\·11e. s plots (F igure 5.16) that. while the simulations 

fi re rC'!atively rentere<l aroun d t he smooth e<l value. the potential for ·outliers· for 

au owrall pooled stfltistic. c\·en for a 300 year simu lation. is quite high. Grautcd. 

this is ouly a sample size of 30 simulations. but a pooled skc,\·nc of 16 at the 

2-1-hour level and 40 at t he 1-hom le,·el whC'11 the expected vR lne is half that. is 

a ronsi<lerablc difference giwn that the statistic is based 011 23 ·ite. o,·er approxi­

ma tely 30 days for 300 years (for 24 hours at the 1-hour aggrcga t ion level) . T h is 

extrcm(' fitting, is a fr•atur0 of the imlepcudcnt processes that forms t l1e simulation 

algorithm. 

T he autocorrelat ion plots (Figure 5.17) shm\·s no problems \\'ith thE' centra lity 

of the fitting. From the 2-l-hour F111 tocorrclation . the sam ple historical values. 

a rc actually iududf'd \\'ithin thf' 300 year rnriatiou for 6 of tht' months. Thus 

tll<' assu mption t lrn1 the ntriation sec11 in the 2-l-hour a11 tocorrclation was due to 

smnpliug Yaria tion alone is Yindicated. 

I3ascd on thE' rc::mlts (Figures 5.15 to 5.17) . the sinmlations arE' sufficient ly 

stable to be used for intilli11g,. As \Yit h any sampling, with indepC'ndent processC's. 

there i · a possibility of 0xt rernc fitting, occurring re lat iw to t hC' central fi t. but. 

,Yith a samplC' s ize of 300 month. per model paramctcrisation. it is clf'ar that the 
. . 

ten<lf'ncy to the f'xact fit is q11il<' h igh (e\·C'11 for skewn0ss). ObYio11sly. \\'ith a 

lRrger sampl0 sizf' . this tendC'11cy " ·ill lw eq "n more' apparent. For the purpos0 of 

t he analysis. ho"·en•1-. a 300 year sample size is adequate to USC' a~ a somce for 

infilling. T his is import ant as lrn rd"·arc limita tions (partic11larly memory space) 

lwcomc influential once the simulat ion size is increasf'cl. 
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Simulated 1-hour Skewness versus Season 
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Fig m e 5.1 6: Stability of 300 year sample - pooled skewness 
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Simulated 1-hour Autocorrelation versus Season 
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5.3.4 Summary 

Either model, A or B , is sui table for simulating rainfall data (Section 5.3 .1 ). The 

cross-correlation (Section 5.3.1) is generally overestimated at higher distances, and 

this is expected to have an impact on infilling accuracy. Furthermore, the variation 

in the sample estimates, particularly skewness, is considerable for either model -

even over a 300 year sampling period . Thus, it is expected that any difference in 

the infilling results is mo t likely to be a result of simulation variation rather than 

a benefici al model change. As !If odelB is a simpler model, this is the model that 

is used to produce the simulation data for the infilling algorithms (Section 5.5). 

5.4 Fitting algorithm heuristics 

In the original algorithm development , a fit was generated for every available 

simulated record in order to select the best possible fit (Figure 5.19). However , 

this is not the most efficient way of sel cting candidate rows when valid historical 

data are present. Heuristics making further use of the data can restrict the earch 

for a good fit to directions where this is more likely. Therefore, such a heuristic 

for reducing t he search t ime was investigated. 

During the implementation of the infilling algorithms, the first heuristic pro­

posed used partitioning of the simulation data based on the number of wet days 

in the record. This heuristic resulted in a significant speed increase and no fur­

ther developments were analysed at that point. However, as the project was being 

written up , two additional heuristics were proposed and are discussed in Section 

6.5.1. 

5.4.1 Partitioning of wet/ dry days 

When a historical data point is present, it was observed that the following informa­

t ion can instantly be obtained - whether it is wet ( +ve) or dry (0) at the available 

site. Also, which ites have non-zero rainfall can also be obtained, however , for 

t he model of the region this was found to not be overly useful information as there 

are few records with a mixture of wet and dry sites (see Section 5.4.1). For a large 
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simulation (say 1000 years) , lmwever , t his may be a useful fur ther part it ioning 

opt ion - especially if the model is more complex (see Sect ion 2.1.2) . 

Let W b e the total number of wet sites at t ime t , 

D be the total number of dry sites at t ime t , 

w 0 b e the number of observed wet sites, 

d 0 be the number of observed dry sites . and 

N be the number of sites in the region . 

Then. given w0 and d0 • it is evident that the W is bounded by (5. 1) and (5.2) 

and D is bounded by (5.3) and (5.4). 

max( W ) N-do (5 .1 ) 

min(W ) Wo (5.2) 

ma..-x(D ) N-w0 (5.3) 

min(D ) do (5.4) 

To illustrate. let Figure 5. 18 represent a ample historical record at some time 

point fo r 15 sites. In this example . the number of obsen-ed wet records ( w 0 ) i 3. 

the number of observed dry records (d0 ) is 5. T herefore, as N = 15. the maximum 

possible W is (15 - 5 = 10) and the minimum pos ible lV is 3 (the number of 

observed wet sites). Similarly. the maximum possible D is (15 - 3 = 12) and 

the minimum possible D is 5 (the number of observed dry sites) . Thus. for this 

example, the search for potent ial record to use for infi lling would be restricted to 

those synt hetic records where at least 3 sites are wet and at most 10 sites are wet. 

Site 1 2 3 4 5 6 7 8 
Indicator 1 - 0 0 - 1 1 -

where: 1 represents a wet site 
0 represents a dry ite 

represents a missing record 

9 10 11 12 13 14 15 
- 0 - 0 - - 0 

Figure 5.18: Example historical record with wet/dry indicators 
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In order to make use of this heuristic effectively, the simulated records were 

stratified by the total number of wet sites in the region. For any record requiring 

infilling where historical data were available, w0 and d0 were obtained . The search 

for the a suitable record was then restricted to the sample within in the strati­

fication levels: N - d0 , N - d0 - 1, .. . , d0 . The order wa important as the vast 

number of records in the simulation were eith r either all Wet or all Dry but , as 

it was more common that there was at least one dry site, preference was given to 

starting at the maximum number of wet sites . This does not affect the output of 

the algorithm, but did increase the speed of each algorithm examined by a factor 

of at least 4. The investigation was deemed to be successful and investigation time 

was reallocated back into algori thm development. 

Analysis of partitions of wet/ dry regions 

An example partition with the number of records spli t by eason is shown in Table 

5.11. Note that one record has been removed from January and similarly with 

December so that the surrounding data (next and previous) is always available 

should this be used by the fitting algorithm. This was to prevent out of bounds 

errors should next or previous time points be considered in the fitting algorithm. 

The resul ts (Table 5.11) clearly highlight the benefit obtainable as soon as in­

formation is available about the magnitude of rainfall at sites within the region . 

In fact , just by knowing one site's value t he searching can be reduced by approxi­

mately 30% if the site is dry or approximately 50% if the site is wet. Furthermore, 

the proportion of records where there is one dry site and one wet site is less than 

15% during winter/ pring and less than 20% over summer / autumn (see also 

Table 5.12). 

The next question to answer is whether the simulated record , given above, 

matches the regional characteri ties of the historical data. The historical 24-hour 

data were examined , and the records counted where more than one valid record 

was avai lable and the results split into the categories: all dry, some dry, and all 

wet. The resulting table over the 35 year period of historical data is shown in Table 

5.12 as proportions of all dry, some dry, and all wet - along with the corresponding 

proportions from the synthetic data (300-year record) for easy comparison. 
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<.O 
<.O 

Number of 
Wet Sites 

0 
1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 

Total 

Table 5.11: Example partitisiping on number of wet sites: 24-hour ag_gregation level 
Proportion in each ea tegory by season 

Jan Feb Mar Apr May Jim J1tl Aug Sept Oct Nov Dec 

0.480 0.531 0.540 0.573 0.614 0. 596 0.622 0.611 0.561 0.555 0.499 0.480 

0.010 0.009 0.010 0.009 0.012 0.016 0.016 0.014 0.016 0.010 0.012 0.011 

0.008 0.006 0.007 0.008 0.009 0.011 0.010 0.012 0.012 0.007 0.008 0.008 

0.007 0.005 0.006 0.005 0.006 0.009 0.009 0.008 0.010 0.006 0.006 0.005 

0.005 0.004 0.003 0.005 0.005 0.007 0.007 0.007 0.008 0.005 0.003 0.004 

0.004 0.003 0.005 0.003 0.004 0.007 0.006 0.007 0.008 0.006 0.005 0.004 

0.005 0.005 0.005 0.004 0.005 0.006 0.007 0.007 0.005 0.005 0.004 0.005 
0.004 0.004 0.005 0.003 0.004 0.007 0.005 0.007 0.006 0.005 0.006 0.005 

0.005 0.004 0.005 0.005 0.006 0.008 0.005 0.005 0.007 0.006 0.006 0.007 

0.005 0.004 0.003 0.004 0.004 0.006 0.005 0.006 0.006 0.004 0.004 0.005 

0.004 0.005 0.006 0.005 0.005 0.006 0.005 0.006 0.006 0.004 0.004 0.005 

0.006 0.005 0.005 0.004 0.004 0.006 0.005 0.005 0.006 0.005 0.004 0.007 

0.005 0.004 0.003 0.003 0.004 0.005 0.005 0.004 0.006 0.005 0.005 0.006 

0.004 0.006 0.005 0.006 0.004 0.005 0.005 0.006 0.008 0.006 0.005 0.004 

0.005 0.004 0.004 0.004 0.005 0.005 0.006 0.005 0.006 0.004 0.005 0.006 

0.006 0.005 0.005 0.004 0.005 0.005 0.005 0.005 0.007 0.004 0.006 0.005 
0.006 0.004 0.005 0.004 0.005 0.006 0.004 0.006 0.006 0.004 0.006 0.005 

0.005 0.003 0.004 0.006 0.006 0.007 0.005 0.006 0.007 0.004 0.006 0.006 

0.006 0.005 0.004 0.005 0.006 0.006 0.008 0.007 0.006 0.006 0.005 0.008 

0.006 0.004 0.005 0.005 0.005 0.007 0.007 0.008 0.008 0.007 0.006 0.007 

0.008 0.008 0.007 0.005 0.006 0.010 0.010 0.007 0.009 0.006 0.008 0.007 

0.011 0.008 0.006 0.008 0.008 0.010 0.010 0.011 0.013 0.009 0.009 0.011 

0.014 0.012 0.013 0.012 0.013 0.019 0.018 0.022 0.018 0.014 0.015 0.016 

0.383 0.375 0.339 0.310 0.256 0.231 0. 217 0.216 0.256 0.314 0.364 0.374 

9299 8273 9300 9000 9300 9000 9300 9300 9000 9300 9000 9299 



The proportions underscore a major difference b tween the simulated and his­

torical records (Table 5.12) - a result which was not found in the previous chapter 

as a comparison of the proportion of dry records between the historical and sim­

ulated data was not examined . The simulated 24-hour records do not have the 

right mixture of dry and wet regions - they are practically dichotomous as all dry 

or all wet, whereas the historical records are obviously not so. The x2 statistic 

for comparing the counts, one for each season , has a probability of occurrence of 

0 for all of them. ote also, because of the incompleteness of the data record , the 

counts for all wet and all dry may be accentuated beyond their true proport ion. 

This would only further increase t he discrepancy seen between the historical and 

simulated record. 

As the model fi ts the data (Sections 5.2 and 5.3) , the cutoff point of 0.1mm for a 

wet site was changed to determine the effect of this classification on the mismatch 

between the synthetic and historical record (Table 5. 12). In order to obtain a 

measure of the difference between the two datasets (simulated and historical), a 

x2 test was bootstrapped 1000 t imes based on a sample size of 1000 records (1000 

records is equivalent to 35 months of values recorded at a 24-hour aggregation 

level) . (The counts in each record were set based on the proportions observed in 

Table 5.12). The bootstrapped x2 test produced results with a median p-value of 

less t han 0.002 for the 1.0mm cutoff level. The other two levels were even more 

significant ly different wit h a maximum p-value observed of 1 x 10- 14 . 

The results from this analysis, however , give further incent ive to move away 

from the usage of the 'best fi t' approach in infilling (Section 5.5). The reason 

for this is obvious, as any best fit algori thm requires the model to be accurately 

representing the underlying process. As seen above, the model does not emulate 

the true process behaviour adequately in the regional mix of wet and dry sites. 

Therefore, it is logical to deduce t hat any infi lling algorithm making use of this 

model ·as is' is bound to be less effective than an algorithm that is able to account, 

in some way, for the potential discrepancy of the fi tted model. 
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Month 

J an 

Feb 

Mar 

Apr 

May 

Jun 

Jui 

Aug 

Sep 

Oct 

Nov 

Dec 

Table 5. 12: 24-hour historical and simulated: Dry, Some Dry, aud Wet 
dry cutoff = 0.05rnrn dry cutoff = 0.1111111 

Data D D+ W w Px.2 D D+W w Px.2 D 

I I 0. 172 0.479 0.349 0.172 0.479 0.349 0.479 

s 0.471 0.128 0.401 7.le-76 0.48 0.138 0.382 9.2e- 7,J 0 568 

H 0.261 0.46 0.278 0.261 0.46 0.278 0.5,J.3 

s 0.507 0.106 0.387 4.k-70 0 5 18 0. I 15 0.366 :J.2c-67 0 609 

II 0.277 0.44 1 0.282 0.277 0.442 0.281 0.522 

s 0.531 0.115 0 354 l.lc-61 0.54 O.J 21 0.339 4.3e-60 0.616 

II 0.328 0.428 0.243 0.328 0.428 0.241 0 55;3 

s 0.561 0.115 0.324 5. 7c-56 0.573 0. 118 0.3 1 ,J.le-55 0.651 

H 0.356 0.42 0.224 0356 0.42 0.224 0.546 

s 0.605 0. 127 0.268 3.9e-50 0.6 14 0. 131 0.256 5.7e-,J!J 0.677 

1-1 0.372 0.425 0.203 0.372 0.425 0.203 0.565 

s 0.587 0. 168 0.24t) 6. 7e-:l7 0 596 0. 173 0.231 4. 7c-:JG 0 659 

1-1 0.398 0.425 0.177 0.398 0.425 0.177 0605 

s 0.6l2 0.156 0.232 l.8c-:l!) 0.622 0. L6 0.217 2.2e-38 0.692 

H 0.415 0.422 0 163 0.4 15 0.422 0.163 0.6 1 

s 0.6 0.168 0.232 l.9e-:l4 0.611 0.174 0.2 16 ,J.Oe-3:l 0.674 

1-1 0.375 0.389 0.236 0.37.5 0.389 0.236 0.57:3 

s 0.551 0.178 0.271 7. lc-26 0.561 0.183 0.256 4.6e-25 0.629 

J-1 0.27 0.46 0.271 0.27 0.46 0.271 0.5:36 

s 0. 545 0. 126 0.329 l.l c-63 0 555 0. 1:31 0.314 2. 7e-6:I 0.625 

II 0. 176 0 5 17 0.307 0.176 0.517 0.307 0 .. 506 

s 0.489 0.13 1 0.38 l. 7c-8'1 0499 0. 138 0.:35,1 l.6e-8:l 0.576 

H 0.176 0.524 03 0. I 76 0.524 03 0 505 

s 0.473 0.134 0.393 I .9e-83 0.48 0. 146 0.37,1 2. l e-7!l 0.562 

P x2 
D 
D+W 
w 

is the median p-value of the bootstrapped x:2 statistic 
is proportion of t imes that all sites were dry 
is proportion of times that some sites were dry 
is the proport ion of times that all sites were wet 

d ry cutoff = I .Omm 

D+'vV w P-;.._2 

0. 277 0.244 

0. 199 0.232 2 Oc-05 

0.29 0. 168 

0. 177 0 .2 14 5.2e-09 

0.305 0. I 74 

0. 18 1 0.203 3.6e- I 0 

029 1 0. 156 

0.1 ,5 0.2 I. 7e- 13 

0306 0. 147 

0.1 58 O. l65 2 Oe- 14 

031 0 125 

0.2 1 0. 13 I .Oc-06 

0.289 o. 105 

0. 196 01 l2 3.'le-06 

0 .287 0.103 

0.2 17 o. 109 9.6e-04 

0.27:3 0. l55 

0.226 0.146 l. 5e-02 

0.283 0.181 

0.177 0.198 8.0e-08 

0 287 0.207 

0. 193 0.231 3.4c-06 

0.286 0.208 

0. 202 0.235 3.6e-05 



5.5 Infilling 

Man can learn not hing unless he proceeds from the known to the 

unknown. 

- Claude Bernard (1813 - 1878) 

5. 5.1 Introduction 

In this section , infilling algorithms for estimating the missing Yalues in the his­

torical record arc presented and discussed. The algorit hms are ordered such that 

each algorithm is a logical extension of the previous one. Furthermore. the results 

d iscussed are not intended to provide a definiti ve list of algori thms examined. but 

rather illustrate any improvements made. Attempted deriva tions that d id not 

improve the results are briefly discussed in Sect ion 5.5.6. 

The algorithms herein make use of a simulation of a spati al-temporal NSRP 

model. /llodelB , as fi t ted (Section 5.2). The model has been shown to fi t the 

data (Section 5.3.1 ) and satisfies the assumpt ions of the model fi t t ing (Section 

5.3.2). The fi tted model provides a spccificatiou of the whole region including 

the rnissing data provided t he unobserved data follows a similar pattern to t he 

observable values . Therefore, the fi tted model is likely to be more beneficial thau 

(for example) infilling with eit her stochastic linear regression or stochastic kriging. 

The observed difference between t he spatial characteristics of the spread of 

mixed wet and dry clays (Section 5.4.1) is a potent ial problem for the infi lling al­

gorithms. However, as historical values arc taken into account whenever available. 

it is possible t hat t his problem may be negated by t he selection of similar tinie 

points to the current mixt ure of wet/dry sites . Therefore, the assumption of the 

spatial-temporal NSRP model being representR.t ivc enough for infilling is not uu­

reasonable, and the fi t ted model, /I.lode! B, can used to interpolate between points 

- both spaJ ially and temporally. 
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The emphasis within this chapter is on the infilling results for the 24-hour 

record. but technically the algorithm could be applied to any aggregation level 

where there is data - for example the 1-hour record. However , prediction of 24-hour 

values is substantially easier than prediction of the 1-hour records as the variability 

between the rainfall values is significantly less than at the 1-hour aggregation level. 

This is inherent ly apparent as variability within discrete time steps is less evident 

as the aggregation level increases. 

As the fitted model generate zero velocity rain cells (Section 3.1.1) , the ex­

pected result is that any algorithm making use of this model for infilling will be 

more accurate at a high aggregation level (eg: 24-hour) as this assumption is more 

readily satisfied . Furthermore, while the resul ts derived are acceptable at a 24-

hour level. it is evident that there are st ill problems with the algorithm that will 

only be exacerbated at a lower aggregation level (Section 5.4. 1). Therefore, no 

attempt is made to use the current infilling algorithms as methods for infilling the 

1-hour record . 

R equirements 

In order to demon trate that an infilling algorithm is acceptable for missing data, 

the algorit hm must first accurately predict data which are known. This predict ion 

is made more difficult in that missing values abound in the 24-hour historical 

record (see Table 4. 1). As a result. it is likely that infilling solely the missing data 

is easi r as more information about rainfall in the region is available. Nevertheless. 

if a method cannot accurately predict what is already known , t hen it cannot be 

trusted to sensibly predict that which is unknown. 

A stratified random sample of 20% of the valid historical data for each site 

and season. was infilled and the results compared with the known record . This 

sampling is repeated 100 times so that a reasonable evaluation of the algorithms 

behaviour can be made - especially with regard to flaws in the methodology. 

The algorithms are analysed based on three criteri a as discussed in Section 3.3. 

First ly, the raw infilled and historical records are compared both directly and via 

quant ile-quantile plots. Secondly, the mix of wet and dry sites in the region are 
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checked for equivalence as this was an area in which the spatial-temporal NSRP 

model was not matching correctly (Section 5.4.1 ). Finally, the pooled statistics 

and the distribution of these statistics across the 100 samples are examined . Note 

that these plots and/ or tests may not be produced if it is already known that the 

algorithm will not produce the required results. 

5.5.2 Best fit leas t squares 

A simple algori thm to select a suitable best fitting row in the simulation record 

is to minimise the sum of squares between the observed historical data and the 

simulation records (Figure 5.19). If any values in t he historical data are missing 

then they arc imputed with the values from the best fitting row. As the algorithm 

is fitt e<l to the 24-hour record , only the points from the curreut time point arc 

likely to lw needed withiu the fitt ing function. 

Analysis 

The analysis of the best fit least squares (BFLS) infilling algori thm is broken 

down into two sections. The first section analyses the accuracy of the infilled 

da ta as it relates to kuown historical data botli directly (intensity plots), from 

a distribu tional perspective (quantile-quantile plots) , and spatially (proportion of 

dry. mixed wet / dry. and wet sites) in the infilled regiou. Although high accuracy 

of the algorithm is desirable, the dist ribut ion of the infilled data must match the 

distribution of the historical data for any inference to be reliable. T herefore, i11 

t he secoud section , t he pooled stal istics arc compared between the infilled and 

historical estimates . Again, from the perspective of infcreucc, the behaviour of the 

statistics must match between the infilled allCI historical records. Furthermore. the 

distribution of the pooled statistics should be equivalent between t he two datasets 

if the infilling algorithm is opt imal. 
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for all seasons, s 

{ 
let H be the historica l records during s . 

S be the 300-month simulation record for s. 
t be the historical t ime. 
i be the simulat ion time. 
j be a site in the region. and 
n be the total number of sites in the region 

for all row in H cont aining missing data 
{ 

if ( the entire row is missing) 
{ 

randomly select a row. i . from S 
} else { 

} 

set S = h(S) : 
where h i some heurist ical function (Sect ion 5.4) 

minimise 
ssi = L~1=1 Ij * U-h j - si.J)2 

where Jj is 1 if Hi.J is a valid point and O otherwise 
select the record with index. i . gi,·en by min(SSi) [*] 

for all missing records at Ht set: 
H t.J = Si.{ where j is the site index 

} 
} 
[*] If a fi t of O i found then the algori t hm terminates with this index, i. 
with 503/c probabili ty and does not continue to examine other fi ts . 

Figure 5. 19: Best fit least squares: algorithm 
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Infilling accuracy 

An intensity plot of error versus historica l estimates was constructed for each 

season based on the 100 samples obtained from the infilling algorit hm runs. The 

results for J anuary and July arc shown in Figure 5.20. Note that the lower diagonal 

line corresponds to t he lower error bound - that is error given the predicted value 

was 0mm. For the purpose of clarity and interpretability the error plotted is 

restricted to (-50mm. 50mm) and the historical range restricted to (0mm, 70m,m) . 

These plo t dimensions are maintained regard less of season (aud infilling algorithrn) 

so comparisons between seasons and algorithms can easily be made. 

As expected. the dry rainfall values are well predicted as their occurreuce is 

very high. The ability to predict wet ( +ve) amounts of rainfall deteriorates as the 

magnitude increases. however. the rate of deterioraLion varies considerably with 

the scill:ion. The winter months (Figures D.l and D.6) iudicate that . while far from 

perfect. the algorithm performs reasonably well for the first 20rnrn then begins to 

underestimaJe the total rainfall with incrcasiug regularity. The su111mer months 

(Figures D.3 to D.4) illustrate the problems wit h the variation of raiufall intensity 

and the difficulty of predicting when intense precipitation occurs. 

Note also that the characteristics of the BFLS algorit hm arc such t hat there 

is lit t le scatter i11 the selection of iufille<l points (Figure 5.20) . T his is due to the 

selection of the exact best fit from the sinmlation data. Some sca tter is present, 

however. as when a fit of O is found the algorithm terminates with 50o/c probability 

at that poiut (Figure G.19 ). 

vVhile infilling accuracy is important, for the purpose of extreme value fre­

quency analysis. it is even more impera,tive that t he distribution of t he rainfall be­

tween t he historical values and the infilled values corrcspoud . Therefore, quantile­

quantile plots (eg: Figure 5.21) of each scasou have been plotted comparing the 

distribution of the infilled rainfall and t he true historical records based on the 100 

samples of the infilling runs. Where, rather than plotting 100 lines on the plot, 

the media,n of the iufilled quantiles for the 100 samples was plotted against the 

corrcspoudiug historical quantile along wit Ii a vert ical error bar correspoudiug tu 

the int erquartile range. The ma,ximum and minimum quantiles observed are also 

plotted a::; dots. 
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Best Fit Least Squares : January . Error (mm) versus Historical V alue (mm) 
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Best Fit Least Squares : July. Error (mm) versus Hi storical Value (mm) 
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Figure 5.20: BFLS intensity plots: January and July 
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BFLS January : aa plot lnfilled versus Historical 
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Figure 5.21: BFLS regional QQ plots: J anuary and July 
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The plots for J anuary and July (Figure 5.21) indicate that overall t he d istribu­

tion of the infilled and historical correspond reasonably well. There is a tendency, 

for both months. for the quantiles of the historical data to be underestimated at 

the tail end of the distribution - that i , the infi lling is avoiding fitting extreme 

points . The other months (Figures D.7 to D.12). especially the summer months, 

also show a similar problem to some degree. 

The results of the x2 tests for the record counts of all dry, some dry, and all 

wet for the infilled and historical records are shown in F igure 5.22. The tests show 

that only the winter months ( ovember through February) do not always reject 

(at the 5% threshold) t he null hypothesis that the proportion of counts in t he 

historical and infilled record are the same. For all other months, nearly all of the 

test results were significant at the 5% level (marked on the plot) . Clearly. t he best 

fit least squares algorithm has maintained the characteristics of the simulation in 

regard to the excessive infilling of either all wet or all dry rows. 
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Figure 5.22: BFLS x2 tests: infilled versus historical 

109 



Pooled statistics 

The previous section highlighted the problem with the infilling algorithm 1111-

derestimating the historical records as the true historical record increased. The 

overall impact on t he pooled statistics is not immediately obvious, as the error of 

the infilling algorithm is bounded by the minimum amount of rainfall being 0mm. 

That is, overestimat ion of the true value is unbounded , but underestimation is 

limited by the t rue value. However , as likelihood of extreme values is consistently 

underestimated , this underestimation will have a significant effect on the skewness 

and CV. As the cross-correlation was maintained b etween the historical and the 

sinmlated records (Section 5.3.1). the cross-correlation is expected to match re­

gardless of the accuracy of the infi ll ing algorithm due to the missing data being 

replaced from a single row. 

The pooled statistics used to fit t he daJa (Section 5.2.2) were calculated both 

for the true historical data and for the iufilled data. T hese stat ist ics were then 

plotted in a scatter plot (Figure 5.23). As suspected. the undcrcstin1at ion of the 

historical data has resulted in a general underesti1uation of the CV and skewness. 

T he autocorrelation, on t he other lrnnd, is usually slightly overestimated. The first 

point is of more import and indicates the extent of t he problem with the infil ling 

algorithm. Not only is the algorithn1 not sufficiently accmale. bnt the pooled 

statistics arc not maintained between the historical and infillcd records. 

The d istribut ions of the s:=tmples - infilled and historical - are not equivalent 

(Figure 5.24). This result was expected given the problem with the continu:=tl 

underestimation of the raw data and the pooled stat istics. The cross-correlation 

distributions (Figure 5.25 and CD: Figures D.13 to D .18) shows that generally the 

cross-correla tion is matched reasonably ,vell across t he seasons, however, there is 

a tendency to underestimate the low cross-correlations. 
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Figure 5. 23: BFLS pooled statistics: CV, skew, and acor 
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BFLS Ouantlle- Ouanllle Plot: lnfllled CoV versus Historical CoV 
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BFLS January 00-Plot : Cross-Correlation Historical versus lnfilled 
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Figure 5.25: BFLS cross-correlation QQ plots: J anuary and July 
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S11mmaiy 

The best fi t least squares algorithrn has been shown to be deficient both for infilling 

accuracy and for the maintenance of the pooled statistics over the region being 

infilled. The historical records are usually underestimated especially as the true 

values increases. This latter point is independent of season alt hough the apparent 

severi ty of t he problem may vary. 

It is known that the model is not producing t he correct characteristics for the 

rainfall distribution across the region (Section 5.4.1). Fur thermore, the results 

in Sect ion 5.5.2, have shown that the infilling algorithm. as it uses the row of 

best fit , a lso is deficient in th is regard. However , the problem dcn1onstr::tted in 

Section 5.5.2 with the underc::;timation of the tail of the historical quantiles is 

easier to addres::; by adjusting the least sqnares matching. Therefore, this i::; t he 

first issue addressed (Section 5.5.3) , whereas the incorrect regional characteristics 

arc po::;tponed till Section 5.5.4. 

5.5.3 Best fit CDF least squares 

The next fitt ing algorit hm presented only differs from the BFLS algori thm in 

that. instead of using the raw data as inpnt into the least squares minimisation. 

a transformed value is used. In particular. t he C D F(Xi ), where the CDF is 

calculated from t he simulated record for each site . i. for each mouth. Thus all 

data iuputted into the least squares minimisat ion are transformed to an interval 

of [0. l] regardless of t he scale of the raw rainfall data. This is t he only difference 

implemented within this thesis between this algorithm and t he previous best fit 

algorithm (Section 5.5.2). Henceforth. this algorithm is abbreviated to BFCDF 

where. if not given, it is assumed that this is fitted by least squares . 

This algorithm was derived as an alternative to t he least quares fitting as it was 

noted t hat one disadvantage of the ordinary least squares fitting on the raw d1=tta is 

that the distribution of t he data is expected to be roughly symmetrical about the 

point being fi tted . Additionally, and more importantly, extreme distributions with 

(x > = 0) require weighting to ensure that more weight is given to the correctness 
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of the srnaller values than the larger ones . These two issue , if left unre olved. 

bias the fitting toward less extreme points. This bias is seen through the problems 

that have been seen with the algorithm - particularly the under fi tting of skewness 

and variance. Furthermore, the frequency of infi lled extreme points will not be 

correct and , as such, the algorithm will fail to achieve its purpose - to accurately 

infill missing records so that decisions can be made regarding the occurrence and 

di tribution of extreme rainfall events. 

One such func t ion satisfying at least the requirement of equal weighting regard­

less of magni t ude i the CDF(X ). The CDF takes all possible inputs of X and 

transforms them on to the scale [O, l] where elements within the interval are uni­

formly distributed. The transformed values are symmetric about 0.5 with variance 

1/ 12. 

In addition. the difference between C DF(X ) - C DF(Y ) where X is the his­

torical data and Y is the simulated data is also symmetrical with the probability 

function (Equat ion 5.5) from Weisstein (2003b). 

fo
1 fo 1 

6(( x - y ) - u)dx dy 

l-u+2uH(-u) . (5 .5) 

where X1 , X2 distributed Uniform [O. l] . 6 is a delta function. and H (x) is a Heav­

iside step funct ion (Equation 5.6 as obtained from vVeisstein (2003a)) . This lis­

t ribution is expected to have a mean of O and a variance of 1/ 6. 

{° x< O 

H (x) = ½- x= O (5.6) 

1. x> O 

In this case, the probability of observing a discrepancy is given by Equation 5.5. 

Therefore, a further infilling heuristic would be to cease evaluation of a record if 

the probabili ty of an observed discrepancy between the two r cords was too large. 

This could either be a trict condition (eg: records with a probability of observance 

of less t han 0.025 are discounted) , or could be applied with some probability, p. 
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If the fitting is computed via the CDF, then the second point raised is resolved, 

and the asymmetry of the extreme value distribution is then correctly handled. 

The simulated records can be used to obtain the SR.mple CDF as an estimR.te of 

the population CDF - provided the length of the simulation is sufficient. la this 

example, the simulation period of 300 months is assumed to be adequate for an 

approximation to the population CDF. 

for all seasons, s 
{ 

} 

let II be the historical records during s. 
S be t he 300-month simulation record for s . 

I be the historical time. 
i be the simulation time. 
j be a site in the region. and 
11 be t he total number of sites in the region 

for all rows in H containing missing data 
{ 

if (the entire row is missing) 
{ 

randomly select a row. i. from S 
} else { 

} 

set S = h(S) : 
where h is some heuristica l funct ion (Sect ion 5.4) 

minimise 
SS· = '°'11 I * (G' DF(H1 · ) - CDF(S ·))2 

1 ~ J = l ) ~ IJ 

where 1 j is l if Hi.j is 11 valid point and O ot hcrwise 
select the record with index. i. given by min(SSi) [*] 

for all missing records at 111 set : 
II, .j = Si_1; where j is the site index 

[*] If a fit of O is found then the algorithm terminates with this index. i , 
with 50% probability and docs not continue to examine other fit s. 

Figure 5.26: Best fit CDF leR.St squares: algorithm 
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It should be noted that the CDF(X1) was calculated for each site-mo11th inde­

pendently and , just as important ly. the calculations were tored in 0.1mm incre­

ments as this was the historical, 24-hour data's granularity. This storage method 

was used for two reasons. 

First ly, as the historical data does not distinguish between records of a gran­

ularity of less than 0.1mm, realistically, the infilling algorithm should not either 

when selecting records from the simulated data. If such records are distinguished 

between, then the select ion algorithm automatically becomes biased toward val­

ues that are close to the 0.1mm boundaries (O.Onim, 0.1mm, 0.2mm, . .. ). Since 

a CDF is applied . truncation was applied to the simulated records rather than 

rounding. 

Secondly. the 0.1mm increments was convenient for pr calculat ion of the CDF 

values . By precalculat ing the C DF(Xi) for each site for all values of X;: (X = 
0.0. 0.1. .... max(X;)) and storing these results in a look up table. there is no heayy 

penalty for using this method . Furthermore. it is not st rictly necessary to compute 

the C DF(X;) up to ma..,,::(X;) . although this was done for this implementat ion. 

Instead. some storage space could be saved by only computing the C DF(Xi) up 

to some specified maximum - for example 0.999. As the algorithm was to run as 

quickly as possible . it was decided that it was better to ·waste' space so that the 

look-up table could be used directly without having to eh eking whether the Xi ·s 

were within the boundarie of the table. The amount of memory that could be 

saved , say 200J(b for 23 sites . is miniscule compared with the amount of memory 

used by the simulat ion record. 

Analysis 

The main change in the fitting results from the BFLS algorithm results (Section 

5.5.2) is that fitting via the CDF allows more extreme predictions to be fi tted 

more readily. As a result , it i expected that this algorithm will match up the 

quantiles bet ter at the tail nd of the distribution and the dropping away observed 

in the BFLS algorithm will be fixed. ote the problem seen with the incorrect 
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regional partit ioning will not be fixed as all missing values arc infilled from the 

same simulated record. Therefore, the results from the y 2 test are not presented 

within this sect ion as t hey are very similar to the BFLS out put seen previously. 

Infilling accuracy 

The intensity plots of the error of t he algorithm are, ia general, little different 

from t he results for the BFLS algorithm. The plots January and July (Figure 

5.27) are nearly identical to t hose for the BFLS algorithm (Figure 5.20) . As s11ch. 

only the results for January and July have been included. 

The d istribut ional plots for the analysis are also quite similar (and ther0fore 

have not been included ). with the exception of June and September (Figure 5.28) . 

For Ju!le especially. it is evident tha t the BFCDF algorithm is defini tely including 

cxtrcn1e fit s more often as the median of the quant ile:; is closer to t he expected 

historical quantile. 

Pooled statistics 

The scatter plots for the pooled statist ics (CV, skewness. and autocorrelation ) 

arc show11 in Figure 5.29. The algorithm is still undere:;timating t·he pool0d sta tis­

tics. but it is also evident that an improvement has been made from the BFLS 

algorithm (Figure 5.23) . T he quantile-quantile plots of the distributions of the 

statistics (Figures 5.30) show a significant improvement over the previous plots 

(Figure 5.24) - once t he changes of scale has been taken into acco11nt . As predicted , 

the most affected statistic is the skewness where the extreme overestimation is for 

June. 

The quant ile-quant ile plots for the cross-corrclatio11 for J an11ary and July (Fig­

ure 5.31) . shows a slight improvement for both t hese seasons over the BFLS plots 

(see also Figures D .19 to D.24). However. t he quantile-quantile plots arc still far 

from idei:i.l. The spread of the cross-correlation is significantly more in the infillecl 

record for the lower tails. This would be accounted for if O · s were fit ted too readily 

wi thin the infillcd data. 
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Figure 5.27: BFCDF intensity plots: J anuary and July 
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Figure 5.29: BFCDF pooled statistics: CV, skew, and acor 
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BFCOF Quanti le-Quantile Plot : lnfilled CoV versus Historical CoV 
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Figure 5. 30: BFCDF pooled statistics QQ plots : CV, skew, and acor 
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Figure 5.31: BFCDF cross-correlation QQ plots: January and July 
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Summary 

Overall , the use of the GDF(Xi) within th fitting procedure has not improved the 

algorithm as much as expected. There are still significant problems with under 

estimation of the pooled statistics, and the regional analysis of the infilled and 

historical data have generally not been improved. However, t he use of the GDF 

has resulted in a more frequent inclusion of extreme fits - especially noted with 

June. This is beneficial as the algorithm must be able to infill using these values, 

therefore, the use of the GDF is retained in the next infilling algori thm analysed . 

5.5.4 Iterative sampling GDF least squares 

This last algorithm discussed uses single imputation from the synthetic record by 

sampling valu s for infilling from a set of best fitting rows (eg: the best 5%). The 

algorithm is not to be confused with multiple imputation methods which may also 

be referred to as iterative methods. The term iterative within this context refers 

to the iterative replacing of missing data at the sites at the same historical t ime 

point not iterative replacing of the same missing value (say until convergence). 

The previous two algorithms used an expectation-maximisation technique in 

that the row of best fit from the synthetic data was used directly without further 

modification. This algorithm differ from the former two as infilled values are 

permitted (and indeed expected ) to come from different rows in the synthetic 

record. The advantage of this is inherently apparent. If the model is not fitting 

the spatial characteristics of the data (see Section 5.4.1 ), then the effects of this 

discrepancy can be minimised by sampling from multiple rows. Therefore, the 

iterative sampling algorithm (ISCDF) was developed as listed in Figure 5.32 . 

The permutation of the fitting order (Figure 5.32) i conducted so the fitting 

results are not biased by the order in which missing values are replaced. The 

ampling of the best fits is always completed out of the best 5% of the fits. This 

threshold is not necessarily optimal, however , an optimal threshold is likely to 

be both data and simulation dependent. Thresholds at 1 % and 10% were tried 

but neither adjustment improved the results of the infilling but instead greatly 

worsened the fit. In any case, as the algorithm worked such adjustments were not 

high priority. 
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for all seasons. s 

{ 

} 

let H be the his torica l records during s, 
S be the 300-month simulation record for s , 
t be the historical time. 
i be the simula tion time, 
j be a site in the region, 
n be the tota l number of sites in the region , and 
C be the cut off percentage to ample from (eg: 5o/c) 

for a ll rows in H containing missing da ta { 

} 

if (the entire row is missing) { 
randomly select a row. i, from S 

} else { 

} 

let P be a random permuta tion of t he sites of missing records in H 1 

for a ll sites, j. in P { 

} 

set S = h(S); 
where h is some heuristical function (Section 5.4) 

minimise 
SS;= 'f:,;1= ] I )* (C DF(Hi ,j) - CDF(S;.;))2 

where IJ is 1 if H 1.J is a valid point and O othern·ise 
sort SS 
let N be the number of potentia l fit s 
generate a random integer. U. dist ributed ni form (l. C * N) 
set i = simula tion time of SSu 
set H 1.j = S;_1: where j is the site index 

Figure 5.32: ISCDF least squares : algorithm 

Analysis 

Once again the analysis divides neatly into two ections dealing with the raw data 

and pooled stati ties respectively. As expected , considerably more vari ation was 

seen in the intensity plot as, rather than just a few candidates for infilling, missing 

values could be infilled from multiple rows thus greatly widening the possible points 

used for infilling. Similarly, the quantile-quantile plots were expected to be closer 

to the historical regional distributions, and , if anything, to overestima te rather 

than underestimate the quantiles. 

125 



Infilling accuracy 

The x2 test results for t lw wet/ dry site counts are shown in Figure 5.33. It is 

evident t hat the sampling has fixed the problem with the incorrect site mixture 

at leas t at the levels examined . A deeper investigation could not be conducted 

using the current historical data, however , due to the sp arseness of valid data 

within t he historical record (Table 4.1). In any rnse, the infilling algorit hm is a 

great improvement over the previous algorithms - a t least in terms of the this test 

result. 
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Figure 5.33: ISCDF x-2 tests : infilled versus historical 

The in tensity plots for J anuary and July (Figure 5.34 an<l Figures D.25 to D.30) 

show that there is more varia tion than seen in the earlier plots. It is evident t haJ 

wi thin the 100 samples, different points within the infilling algorithm are selected 

to infill the missing datl, . This implies that by sampling from the simulated record 

thP sample size has effectively been increased while usiug the same amount of 

physical memory within the computer. 
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ISCDF Least Squares : January. Error (mm) versus Historical Value (mm) 
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Figure 5.34: ISCDF intensity plots: J anuary and July 
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ISCDF January : QQ plot lnfilled versus Historical 
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Figure 5.35: ISCDF regional QQ plots: January and July 
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The quantile-quantile plots for J anuary and July (Figure 5.35) . how similar 

results to the BFLS algorithm. ote tha t January is slightly o\·crcstimated (as 

predicted ) aud. as such. lies more in accordance with the predicted smoothed es­

timates rather titan the historical sample. There was 110 consi. te11t pattern with 

OYer/ underes timation of quantiles (Figures D.31 to D.36). hO\\·ever. nncle rcstima­

tion was st ill more common. 

Pooled statistics 

The scatter plot of the pooled statistics (CV. skC\Yness . and autocorrelation) 

in Figme 5.36. indicates that all the s tatis tics haw ·impron.·d· over the previous 

distribution (see Section 5.5.G) . Certainly there are more points ahon• the expf'cted 

line than previou::;ly for the CV and Skf' \\·ness. As eddent from the plot clustering. 

howevf'r. some of the months ar0 still not being estimated well - this confirms some 

of thf' r0 ·ults from the qnantile-quantik analysis oft he ra\\' result s . 

The quantile-quantile plots of th<' s ta ti::;t ics (Figure 5.37) show that 0st illlates 

of the skewness and CV tend to be OYerestimated compared to their historical 

count<'rparts. As h<>forc. the tP11<lency is for either the ,\·ltolc month to be under 

cstinrntc•d or 0\·0restimatcd. The main diffe rence between this a lgoritlun and the 

previous algorit luus is that on•rcs tinrnt ion is now 111orc commou than nnderc::;ti­

n1ation. 

Th<' results for the cross-correlation ar<> slightly worsC' than the other algo­

rithms. for all months. In particular. tl10 results for .July do not Ii<' on the exp<>cted 

qnant ile-quant ile line at all (Figur0 5.3 ). In g0nPral. the eras. -correlation is under 

est imated (Figures D.37 to DA2) . Thi · is hardly a surprising result as any sam­

pling met hod whC're results are ta ken from mu ltiple sonrce rows will tend to rC'dnce 

the cro ·s-corr0lation by default. Since the mixture of \\·et and dry days has been 

improved. it follows that the linf'ar cross-correlation must have been \\'Orsencd to 

some degree in order to gel that improvement. 
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ISCOF Quantile-Quantile Plot : lnfilled CoV versus Historical CoV 
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Figure 5.37: ISCDF pooled stati t ies QQ plots : CV, skew, and acor 
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Fig 11r e 5.38: ISCDF cross-correlation QQ plots: J anuary and July 
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5.5.5 Comparison of algorithms 

Of the infilling a lgorithms rnnsidcrc<l. the iterati,·c sampling algorithm (JSCDF) 

produces infillcd rcrnrds that arc spat ially more rnnsistcut with the historical 

rernrd - in terms of the mixture of' \\'Ct / dry s ites (Section 5.5.-J) . HoweYcr. it is 

also evident th at the cross-correlation (see Sl'ction 5.5.4) has been rrduced. Ne,·­

ertheless. after takin!!, iuto account the second oh, en ·at ion. this infilling algori thm 

is definitely s11perior spatial ly. 

Te111porall.v. the results a re not as clear. It " ·as statC'd (Section 5.5.-1) "·ith­

out numerical proof. that thC' TSCDF infilled s tatistics had a greater proportion of 

rnlues ahm·r the historica l estimatC's than either the BFLS algori thm or the BFCD­

FLS a lgorithm. A p roportion te. t (z-tcst ) \\'as then cond11cted for each statistic 

by sc~on (Table 5.13) comparing t he ISCDF a lgorithm against t he BFLS and the 

BFCDF algori Ihm. The proport ion examinC'ci is the propon ion of infilled st ati ·t ies 

that a re ?,r<'att'r than their respcctiw historical co1mt 0rparts . A t\\'o- tailcd test is 

conducted "·hc•rc1 the 11ull hypoth0sis (/l o) is that thC' t"·o proportions are C'qual. 

Note that in this table (Table 5.13). the follm\'inµ, notation is nsc•d . 

l-1 
p{HF >= II } 
p{f3FC >= I I } 
p{IS >= ll} 
P,1 
p /] 

.\otata io n in Tahk 5. lJ and 5. 1.J 
= Historical 
= proport ion of BFLS statistics >= H sta ti ties 
= proportion of BFC DF sta tistics > = H stat istics 
= propor t ion of ISCDF st at ist ics >= H . tatistics 
= P-Vnl11c: II0 = p{BF >= II}== p{f S >= H} 
= P-Value: JJ0 = p{BFC > = H} = = p{ I S >= H } 

From Table 5. 1:3. it is clear that the proport ion of ISCDF statistics that are 

greatC'r than the corresponding historical est ima tes is gc11Prally larger than the 

BFLS or BFCDF algorithms. The proportions BF LS versus ISCDF or J3FCDF 

,·crsus lSCDF arc a lmost a ll significantly different. otc that a ll the infilling 

a lgorithms un<lerestimate the autumn season (September to December ). 

From the, e results in Table 5.13, the tendency for the ISCDF algorithm 111 

particular is for thc historical est imates to be overestimated. Therefore. while 
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the algori t hm gives a better spatial result , temporally one biased algori thm may 

just have been exchanged for another . Therefore, a Kolmogorov-Smirnov test is 

conducted to determine whether the bias is less for t he ISCDF algorit hm than the 

other two algori thms. 

As the Kolmogorov-Smirnov test requires the two samples being compared to 

be independent, each distribution was separately sampled with repeats. Further­

more, the test was bootstrapped for each month 2000 t imes. The p-value for the 

test given in Table 5. 14 is the median of p-values obtained from the bootstrap. 

Note that the first and t hird columns correspond to t he median p-value for a one­

sided test while t he second and fourt h columns correspond to the median p-value 

for a two-sided test. 

The results in Table 5. 14 show that , in general, the ISCDF algorithm is superior 

to the other two algori thms. Note, the blue results indicate that the ISCDF 

algori thm outperformed the alternative algori thm. a black result indicates neither 

algorithm is superior. whereas a red results implies the ISCDF algorithm was 

outperformed . 

T he only statistic where the ISCDF algori thm is less likely to be clo er to the 

true historical statistics is for the coefficient of variation . For the skewness and 

autocorrelation , t he ISCDF algorithm resul ts are better (or indistinguishable) 111 

all but one case (Skewness fo r June). 

5.5.6 Other infi.lling derivations 

Variations of the infilling algori t luns discussed previously are presented briefly 

within this section. In all cases covered , the results d id not improve on the base 

algorit hm. The notation used within this ection is as follows: 

notation: H is historical records, 

S is the 300-month simulation record, 

t is the historical t ime, 

i is t he simulation t ime, 

j is a site in the region , 

n is the total number of sites in t he region , and 

I j is 1 if the record H t,j is a valid record and O otherwise. 
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SC'ason p{R F> = lf ) p{/ S>=II) P , p{ BFC >= l-f ) p{ I S>= H ) P,, 

Coefficient o f \lariat ion 

Jan 0.08 0.89 0.000 0.20 o. 9 0.000 
Feb 0.05 0.21 0.002 0.07 0.21 0.00 
:\lar 0.06 o. 1 0.000 0.25 o. 1 0 .000 
Apr 0.15 0.99 0.000 0.25 0.99 0.000 
:\ l ay 0.03 0.-lG 0.000 0.10 0.-16 0.000 
.Jun 0.07 0.55 0.000 o. 0 0.55 0.000 
.Jui 0.22 0.55 0.000 0.-16 0.55 0.258 
Aug 0.05 0.52 0.000 0.0 0.52 0.000 
Sept 0.06 0.10 0.-13-1 0.09 0 .10 1.000 
Oct 0.01 0.19 0.000 0.03 0.19 0.001 
;\ O\" 0.02 0.10 0.037 0.00 0.10 0.00-1 
DC'r 0.02 0.00 0.-177 O.OG 0.00 0.038 

Skewness 

.Jan 0.23 0.82 0.000 0 .-1-1 0.82 0.000 
Feb 0.55 0.21 0.000 0 . .J..J 0.2-1 0.005 
:\ Jar 0.26 0.-lO 0.051 0.-10 0 .-10 1.000 
Apr 0.10 O.U7 0.000 o·)I"; _,.,,., 0 .97 0.000 
:\la_,. 0.26 0.27 1.000 0.3 0 .27 0.131 
.Jun 0.13 0.35 0.001 0.82 0.35 0.000 
.Jui 0.33 0.-l l 0.305 0.66 0 .-11 0.001 
Aug 0.21 0.57 0 .000 0.20 0.5 7 0.000 
Sept 0.10 0.07 O.Gl2 0.19 0.07 0.021 
Ort 0.09 0.36 0.000 0.27 0.36 0.223 
;\0\" 0.1 5 0.30 0.01 0.09 0.30 U.000 
Dec 0.10 0.0-1 O. l66 0.29 0.0-1 0.000 

Au tororrela I ion 

Jan 0.55 (l.11 0.000 0.3 ' 0.11 0 .000 
Feb 0.52 0.61 0.25-1 0.51 O.Gl 0.200 
:\lar 0.63 0.69 0.-155 0.-16 0 .69 0.002 
Apr 0.59 O.ll 0.000 0. 52 0.11 0.000 
:\ lay 0.-10 0.-!5 0 .567 0.-12 O . .J5 0.775 
Jun 0.6 0.30 0.000 0.-17 0.30 0.020 
Jui 0.5-1 0. 73 0.008 0.53 0.73 0.005 
Aug 0.70 0.33 0.000 0.-19 0.33 0.031 
Sept 0.70 0.92 0 .000 0. 0 0.92 0.025 
Oct 0.83 0.52 0.000 0.-16 0.52 0.-179 
Nov 0.-15 0.01 0.000 0.3-1 0 .01 0.000 
Dec 0. 7 0.67 0.001 0.26 0.67 0.000 

Table 5.13: ISCDF. BFLS. BFCDF: proportion test on the OYerestimat ion of his­
torical. H. statistics 
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Ho= 

J an 
Feh 
Mar 
Apr 
lVla.v 
Jun 

.Tti l 
Aug 
Sep 
Oct 
Nov 
Dec 

Jan 
J:'«.,h 
;\ 'Jar 

Apr 
~Jay 
Jun 
.J ul 
Ang 
SPp 

Oct 
Nov 
Der 

.Tau 
Feb 
r-.tar 
Apr 
May 
Jun 
Jui 
Aug 
Sep 
Oct 
~O\' 

Dec 

BF vs IS BFC vs IS 
{ IBF - H I < { IBF - H I = { IBFC - H I < { IBFC - H I = 

IIS - H I} IIS - H I} IIS - H I} IIS - H I} 
CoPfficient of Variation 

0.002 
0.018 
0.852 
().000 

0.91-l 
0.990 
0.01 8 
0 .961 
0 .613 
0.852 
0.237 
0.000 

0.000 
0.000 
0.027 
0.000 
O.!JOO 
0 .-1,.15 
O .Olll 
0.002 
0.000 
0.039 
0.018 
0.000 

0 .000 
0 .005 
0.000 
Cl.OOO 
0.298 
0 .018 
0.000 
0.298 
0.000 
0.961 
0.000 
0 .105 

0.00-l 
0.037 
0.037 
0.000 
(J.000 
0 OOO 
0 .037 
0.000 
0.111 
0 .OOO 
0 .037 
0.000 

0.000 
0.000 
0.05-l 
0.000 
0.000 
0.281 
0.001 
0.00-l 
0 .000 
0.05-l 
0.02-l 
0.000 

0.000 
0.016 
0.001 
0.000 
0.367 
0.054 
0.000 
0.246 
0.000 
0.078 
0.000 
0.078 

Skewness 

0.000 
0.298 
0.00 l 
0.000 
0. 77!) 
0.852 
0 .OOK 
0.990 
0.613 
0.77!) 
0.613 
0.000 

0.000 
(l.001 
0.000 
0.000 
0 .(HJO 

0.!)6 1 
0.105 
0.056 
0.00() 
0.039 
0.077 
0.000 

Autocorrelation 
0.000 

0.056 
0.005 
0.000 
0.077 
0.039 
0.005 

0.527 
().()01 
0 .018 
0.000 
0 .298 

0.000 
0.281 
0 .001 
0.000 
0.016 
0.024 
0.016 
0 OOO 
0.054 
0.010 
0.010 
0.000 

0.000 
0.001 
0.016 
0.000 
(J.000 
() ()()() 

0.211 
0.05-l 
0.000 
0.078 
0.05-l 
0.000 

0.000 
0.155 
0.006 
0.000 
0.155 
0 .078 
0 .010 
0.367 
0.002 
0 .037 
0.000 
0.281 

Blue numbers = ISCDF algorithm superior 
Red numbers= BFLS/ BFCDF algorithm superior 

Table 5.14: ISCDF, BFLS, BFCDF: P-Values for KS test 
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The variations a rc disrnssed \\'ithin thrf'I? sections . Thi? firs t section cowrs some 

alt1?rnati\"C'S to the use of least sq11arcs within the fitting summatiou to find the 

ro"·( ·) of be ·t fit. The second section brieHy outlines the res ults of including the 

surrouuding time points within t he fitting <'q11atio11s. The final section outlines the 

results of gi,·ing his torical records differeul \\'eights depending on their proximity 

to t hl' to-bc-infilled s ites . Tht> use of the lin(>IU' cross-corrC'lation is also suggested 

,,·ithin this . ection a. an a ltc•rnatin' ,,·eighting mea. me. 

Alternatives to the least square's summAtio11 

As an alt<'rnat i,·e fitting proced ure to th0 least square. minimisation in Figures 

5.10 to 5.32. the following functions \\'ere at tempted. First . a scaled ,·ers ion of the 

leas t squares fittinp, \\'aS fitted (Equation 5.7) follo\\'Cd by the usc of a minimum 

absolute diffe rence c:aknlation (Equation 5. ). 

SS, = 'i=11* {(1 - si.J+ 1) 2 + (1- rr,.1+ 1)2} 
J-i H,.1 + 1 S,.1 + 1 

(5.7) 

11 

88; = L 11 * IH 1.1 - s,.JI (5 . ) 
j = l 

rither of these a lternatiYe fittin g function. (Equations 5.7 or 5. ) significantly 

improYed the a lgorithm·s performanc<'. 111 addition. a further attempt using a 

formul a s imila r to th(> \ 2 formula (Equa tion 5 .9) also failed to imprO\·e the fit. 

II s )2 
SS = '"""I .* ( I.J - H1 .j 

I L J (H ·. + l ) 
J = I 1.J 

(5.9) 

In <'quations 5. 7 and 5.9 the add it ion of 1 in the denominator is to pr<'W'nt a 

cliYidc-by-zero occurring in the calculation of the fit s . 

Including s urrounding data rnlucs 

Also. for the above algorithms. the inclusion of the pre,·ious (and next ) values were 

included in the fitting procedure. However. the inclusion of these points wi thin 

the fitting proccdurc (,,·hen anlilable) did not improve the effectiv0ness of the fit­

ting s ignificantly. hut only markedly increas<'d t he infilling time for the algorithm. 

Therefore the s ubsequent algorithms did not make use of t hese surrounding values 
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but only concentrated on the current t ime points . The inclusion of surrounding 

values in the fit was expected to be of limited use anyway due to the low first lag 

autocorrelation ( and even lower first lag cross-correlation). 

Alternatives to equal weighting 

The algori thms used give equal weight ing to the valid historical data regardless of 

the dist ance between the observed d ata and the to-be-infilled point. As suggested 

in Raining (2003), the inclusion of spatial characteristics within a spatial process 

is desirable whenever possible. Therefore two attempted weighings of the fits were 

attempted as follows. 

Firstly, a weighting of one over the Euclidean distance (km) between the sites 

was u ed. However , as for the inclusion of the surrounding values , all this accom­

plished was to slow the infilling algori t hms down significant ly wi thout producing 

any observable benefit. Secondly, the cross-correlation was used as weights for the 

site values, however , this also did not procure any benefit. 

A better weighting measure may be obtained from to use an exponential form 

of the inverse distance, to restrict the number of sites used in the selection of best 

points to t he N closest sites, or to use all the sites but account for clustering (see 

R aining, 2003, pages 166-177) . 
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6. CO CL SIONS 

I may not have gone where I intended to go, but I think I have 

ended up where I intended to be. 

- Douglas Noe l Adam s, "Hitchhiker's Guide t o the Galaxy" 

6. 1 Data analysis 

The analysis of the historical records (Chapter 4) successfully identified many 

spurious periods within the historical record. While the erroneous data did not 

have an effect on the temporal statistics . the spatial statist ics ( especially the 24-

hour cross-correla tion) ,,·ere significantly affected. All records identified as spurious 

were removed from the analysis. 

6.2 !vlodel 

The spatial-temporal NSRP model is shown (Section 5.3.1) to fit the characterist ics 

of the historical data for the pooled statistics (CV, skewness , first lag autocorre­

lat ion. and first order cross-correlat ion). The cross-correlat ion , although fit t ing 

reasonably, does not fit well at t he higher distances - at the 24-hour level in par­

t icular , the higher distances are generally overestimated (Section 5.3.1). Overall , 

howev r , th fitted model reproduces the historical statistics used for fitt ing. 



6. 2.1 Issues 

The proportion of dry sites, which is not used in the model fitting, does not match 

at the 24-hour level (Section 5.3 .1). The 1-hour data, however , matches relatively 

closely over the region regardless of season (see Table 5.6). 

The fitted model does not reproduce the correct spatial characteristics of the 

mixture of wet and dry sites at the 24-hour level (Section 5.4.1). Though it is 

not included herein, the 1-hour aggregation level also fails to produce the required 

behaviour. 

The incorrect spat ial characteristics described above are a result of the prob­

lems with the fit t ing as seen in S ction 5.2.2. The overestimation of the cross­

correlation at the 1-hour level at the greater distances is reflected in the over­

estimation of t he proportion of all wet sites. The overestimation of the cross­

correlat ion at the higher distances at the 24-hour level seems more of a reflection 

on the overestimation at the 1-hour aggregation level rather than a result of the 

model fitting at the 24-hour level. According to the fitted eras -correlation, as 

noted previously (Section 5.2.2). the 24-hour cro s-correlat ion should tend to be 

underestimated not overestimated . 

Underlying assumptions 

The reason the model is not fitting the proport ion dry adequately, will be due 

to one or more critical assumptions not being satisfied. Note that the cri t icality 

of the assumption will depend on how the model is to be used. Different model 

requirements may allow some assumptions to be 'invalid ' as a fi tted model, for 

that application, is able to produce sati factory re ults . 

The assumptions (Section 3.1.1) required are listed below for convenience: 

(a) rainfall data are temporally stationary 

(b) rainfall data are spatially stationary 

( c) rain cells have zero-velocity 

(d) cell intensity, durat ion, and radius are mutually independent 
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(e) cell x. y origins are indep ndent within storms 

( f) one cell type 

(g) constant cell intensity over the cell area 

In order to address the i sues found with the model. the violated assumption(s) 

must be correctly identified and accounted for. It has been shown (Section 5.3.2) 

that. once standardised by dividing by the site-mean for each month . the data are 

spatially homogeneous. That is. the assumption of patial tationarity can not be 

rejected . 

The assumption of temporal stationarity has been shown to be satisfied (Sec­

tion 4.4.2). The 34-year period shows no significant evidence of climate change. 

The next four assumptions can not direct ly be confirmed as statist ically vi­

olated. HO\Yever. from the understanding of the physical process. none of these 

as umptions will be met. In addition. the model fitting is not mathematically 

tract able once these later assumptions (c)-(g) are relaxed. Therefore an alter­

native method of fitting like generalised ma,-ximum likelihood would have to be 

applied rather than the method of morn nts used here. 

6.2.2 Simulation movie 

In order to further clarify any problems with the spatial-temporal NSRP model. 

a movie of a sample 1-year simulation was constructed. As the model was u ed 

for infilling at the 24-hour aggregation level. the movie also used this aggregation 

level. Furthermore, the use of 24-hour data ensures the hard-drive usage was 

reasonable (a 1-year movie at a 1-hour aggregation level would use approximately 

1.5Gb uncompressed) and the time for construction was feasible. 

Description 

l\Iodela was u ed to generate synthetic, 24-hour data over an artificial 64 x 64km 

region. Site locations were placed at 4km intervals and a scale parameter for each 

site by season was generated by using a random normal variates from a normal 
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distribut ion with mean, { l lf.s and standard deviation CTH ,s: where µ11 .s is the mean 

historical scale estimate for season S and CTH ,S is t he standard deviat ion of the 

historical scale estimates for season S . 

Each 24-hour total was printed ont on a log-scale to a, 272 x 272 pixel bitmap file 

(16 pixels per site) for a full year (the bit map production code wa.s kindly provided 

by Brnce Mills) . T hese images were then joined into an AVI file (CD:Movie/ 

RainMovie. avi ) at two frames per second so Lhe transitional behavionr between 

24-hour periods can be examined. T he program, 1IakeAV[ (see http: //makeavi. 

sourceforge .net/ ). was used to join the bitmap files so they conld be viewed as 

a movie. 

The rainfall is such that dark pixels correspond to heavy rainfall and light 

pixels correspond to O or little rainfall. A log scale is used so it is easy to distinguish 

between no rainfall and light rainfall (see also CD:Movie/README . txt) . 

Discussion 

From this movie of the sy11t lte tic record . sorne problems with t he 24-hour record 

a.re evident. As expected. the majority of t ime points a.re either all wet or all 

dry (especially the latter). There is a more cri t ical problem from the perspective 

of realistic rainfall simulation. however. A closer examination of t he 24-hour time 

steps reveals that there are few (if any) storms that continue over a 24-hour period. 

Rather , each storm tends to begin and end within a 24-hour block. This is not 

characteristic of ' real ' rainfall - especially over winter months. T he lack of 'long' 

duration storms indicates a further point where the spatial-temporal NSRP model 

is failing to cap ture the behaviour of t he histori cal rainfall data . 

6.3 Infilling 

The infilling algorithms use a 300-ycar simulated record to select snita.ble points 

for replacing missing values. as described in Section 3.3. T he record is generated 

using the model fitted in Section 5.2. As d iscussed above, this model is deficient 

and does not reproduce all the characterist ics of t he historical data (for example, 
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the proportion dry) . Nevertheless, the synthetic record is used as input into the 

infilling algorithms and an algorithm which avoids the model deficiencies while 

infilling sensible resul ts is derived. 

6.3.1 Best fit algorithms 

The resul ts from Sections 5.5.2 and 5.5.3 show that infilling using a best fi t ap­

proach from synthetic data generated by the spatial-temporal NSRP model (Sec­

tion 5.2) is not an appropriate method. Although the algorithm generally pre­

dicted hi torical values tha t were close to the true value , the pooled statistics are 

underestimated (eg: Sect ion 5.5.2). 

There are two possible sources considered for this underestimation . Firstly. it 

is observed tlrnJ the method of least squares fit on the raw historical and synthetic 

data may be bia ing the fit away from the extreme events. Secondly. as the model 

was not producing t he correct ·mixture· of wet and dry sites any aggregation level. 

this is also a likely cause of the underestimat ion. 

In order to address the first issue, the best fit least squares algorithm was 

modified to u e CDFs to transform data prior to applying the summation. A 

CDF for each season and site was calculated frorn the ynthetic data. In the least 

squares fit. the CDF(:c) and C DF(y) were used as input (where .r is the historical 

data some at time t. and y is a candidate record for infilling for the equivalent 

site). Therefore. points are fitt ed based on the distance bebwen the probabili t ies 

of observing the points rather than based on their magnitude. This is advantageous 

a the records. particul arly of the extreme value . are sparse. By transforming the 

data to a [O. l ] scale, the effect of the magnitude of these extreme records on the 

fi t has been significantly reduced. 

The result of this algorithm adjustment was that the infilling algori thm is no 

longer as biased away from 'extreme' fitting. Indeed from some of t he plots (eg: 

Figure 5.28), the algorithm has over compensated and the algorithm overestimated 

the quantiles. In general , howev r , there is still a tendency to under fit the true his­

torical values. Furthermore, the pooled statistics are still underestimated (Section 

5.5.3). 

143 



As the adjustment to use the CDFs does not fix the problem observed, it was 

concluded that if a fitted model does not produce the correct spatial- temporal 

characteristics (particularly relating to the proportion dry) , then a method using 

a best fit algorithm will always be inadequate. Note also that other 'best fit ' fitting 

functions and / or modifications (Section 5.5.6) also do not improve the algorithm. 

6.3.2 Iterative sampling algorithms 

The last algorithm considered , is derived from a sampling based method . Firstly, 

rather than infilling from an exact match , a ·best fitting row ' i selected from the 

best 5% of the candidate rows. Secondly, each missing value i replaced iteratively, 

in a random site order , and the algorithm reapplied. Thu for this algorithm, 

infilled values within a record in the historical data, may be in different source 

rows in the simulated record. This is important as it enables the spatial deficiency 

of the fitted model to be mitigated. 

Section 5.5.4 shows that the iterative sampling approach enables the infilled 

data to capture both the temporal and spatial characteristics reasonably well. 

The algorithm is not as 'accurate' as the best fit infilling algorithms discussed 

previously, however it is less biased (see Section 5.5.5). In general, considerably 

more variation in the predictions is evident in results obtained for the sampling 

algorithm (see for example, Figure 5.34). 

This algorithm is superior to the best fit alternatives both spatially and tempo­

rally. However as the results for the coefficient of variation show (Table 5.14) , the 

algorithm does not always infill results that are closer to the historical estimates 

than the best fit alternatives . For the months were this is the case (principally 

May through August), a hybrid approach could be taken that mixed the BFCDF 

algorithm and the ISCDF algorithm. 
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6.4 Conclusions 

The derived infilling algorithm is likely to be adequate for the purpose for which it 

was designed even though the fitted model was shown to be spatially deficient. The 

iterative sampling infilling algorithm maintains the characteristics of the known 

historical data. The spat ial mixt ure of wet and dry sites is not significantly differ­

ent from the historical records for most cases. Nevertheless. the infilled value are 

close to the true historical values . 

The developed algorithm is superior to the best fi t least squares algorithm that 

is currently being used to select records for infilling. The sampling from more than 

one time point reduces the cro -correlat ion of the records. however the mixture 

of wet and dry sites is more lik ly to be maintained. Furthermore, the use of the 

CDF within the record selection procedure ensures tha t the algorithm is not biased 

away from infilling extreme points. 

An ext reme value frequency analysis also may need to be performed to com­

pare the respectiw performance of the BFLS algorithm and the ISCDF algorithm 

against the historical values . This would be particularly useful if the record is to 

be used as a basis for flood frequency analysis where extreme event predict ion is 

critica l. In any case . it is expected that the ISCDF algorithm will be more effective 

than the BFLS algorithm purely due to the use of the CDFs in the record selec­

t ion process. Similarly further tests. for example routing infilled d ata through a 

rainfall-runoff model. may be necessary before the algorithm is applied in prac tice. 

Although ome improvements could be made with the algorithm (see Section 

6.5.2) . it is likely that a better fi t ted model of the rainfall dat a is nece sary to 

generate accura te infilled records. Nevertheless, as mentioned previou ly in Section 

3.3.1 , the infilling analysis described in this thesis is a harder task than infilling 

the missing data in the historical record. All the information that is removed for 

the test ing of the algori thms, is available for the infilling of ordinary missing data. 

Therefore, it is likely that a better est imate of these missing records would be 

obtained relative to the 'missing values' predicted by the infilling algorithms in 

the testing results. 
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6.5 Future researcl1 

The results of the model fitt ing, heuristic analysis, and infilling algorithms have 

high lighted some areas where further development is necessary. This section is 

divided into two subsections. The first subsection examines further implementation 

specific directives for t he applied algorithms. The second subsection is not related 

to t his implementat ion. but rather discusses areas needing further investigation. 

6.5.1 In ternal algorithms 

Sirnula tion 

The algorit hm for generating the simulated records could be made more efficic11t. 

In order to generate a homogeneous point process. a sufficient ly large region needs 

to be simulated over. In this case. a square region of lrngth equal to the observed 

area plus four times the maximum cell width for each season wa · used. This 

is known to be excessive. but the simulation is designed to be conservati,·e and 

as homogeneity is necessary requirement. the region size should be overestimated 

rather than underestilllated. However. one side effect from generating rainfall over 

such a large region is that the number of rejected cells is over 993/c for either fitted 

model. 

Also. from Section 5.3.2 it is evident that even a 300-year simulation may not 

be co111plt>tely adequate for infilling. Therefore, for the pnrpose of infilling. and 

as a by-product disaggregation, it may be better to simulate records that match 

with the observed mont hly statistics rather than an independent set from t he 

historical record . This approach would tend to oversample the observed monthly 

patterns. aacl thus is expected to be more beneficial for infilling and disaggregation 

algorithms. 

Model fit ting 

The algorithm used to find the opt imal model parameters used a Nelder-Mead 

simplex algorithm. This algorithm is known to be inefficient and may not con­

verge . Although a parallel search seemed to increase the probability of finding the 
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optimal solution, this approach needs further confirmation . Furth rmore, a recent 

modificat ion of t he Telder- Iead algorithm which used bases and frames provides 

a provably convergent algorithm (see Price et al .. 2002). 

Further heuristics 

Two further heurist ics that may speed up the infilling algori thms are the reducing 

fit recalcula tion and the partitioning on total regional rainfall. The first heuristic 

does not require any additional resource allocat ion and . as a result , is the cheap­

est heuri t ic to implement. Both partitioning systems (,Yet / dry days and total 

rainfall) require additional memory to manage the segments. In particular. the 

proposed partitioning based on total rainfall. if used independently of the other 

heuristics. requires a sensible partitioning algorithm to balance the cost of man­

agement memory usage with the potential speed increase. 

R edu cing fit recalculation 

This heurist ic i based on the observed primary segmenta tion into all wet and 

all dry segments. However . unlike the first heuristic. it is heavily dependent on 

the cutoff point for wet / dry sites and may affect the fitting results. 

Firstly it wa observed. that the all wet days can t ill have considerable varia­

tion within what is considered wet (in this project an observation with a value of 

at least 0.1mm was considered wet as this was minimum recorded non-zero value 

in t he 24-hour record), but the majority of the all dry days are O.Om,m for all sites . 

Therefore. the fit could be computed once as a difference from O at all valid sites . 

and this fit assigned to all records within the dry segment without recomputation. 

For the historical record , this measurement will be exact . but . if an iterative 

fitting method is used , then it is possible for a missing datum to be infilled with 

a non-zero rainfall amount that is less t han 0.1mm and therefore con idered dry. 

Provided the number of sites is small , however , t he total amount of error introduced 

into the fitting computation is not significantly high. 
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An equation for the maximum error can be obtained (Equation 6. 1) . 

N 

N x (0.1 )2 + L (0.2 x Xi) (6.1) 
i=l 

where X i is the maximum rainfall value at the ith site and N is number of 

valid sites in the record. 

This is obvious from the least squares equation , (0 - E)2, where the error is 

introduced by assuming that E is 0. Remembering that the fi t is proportional 

to X;. it is clear that the relative error is high only as the historical estimate. 

0 , tends to 0. This argument particularly applies if the raw data are used in 

the least squares fit. However , if the C DF(x) is used in the fit ting equati011, as 

used in Section 5.5.3 and following. then no error is accumulated as CD F(O) and 

C DF(O.l - E) (where 0.1 can be subst ituted by the granularity of the historical 

data) produces t he san1e output. 

A further observation derived from the behaviom of this heuristic is that the 

number of records of 0.0mm at each site in the simulated record could be reduced 

to one record of O's (if. in fact, it was stored at all). Care has to be taken with this 

approach if data at the surrounding times are to be used in the fi tt ing algorithm 

along with the curreut t ime. However , is expected that considerable storage space 

can be saved by making use of the sparseness of the rainfall data matrix even when 

accounting for surrounding records thus allowing for a longer simulation record t·o 

be generated if required. 

Partitioning 011 total regional rainfall 

A further heuristic. which could be considered, is to use the total amount of 

rainfall seen over the region from the current ly valid data . The simulated record 

could be parti tioned based on the total amount of rainfall seen according to a 

sensible partitioning system - so t hat the partit ion. are approximately equal in 

size. A 'c:5 with the wet/dry heuristic, memory overhead is added for each partition. 

and a careful analysis has to be done to fiud an optimal balance b etween memory 

usage and speed increase. 
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If this heuristic is implemented concurrently with the successful partitioning 

of the wet / dry sequences with this fitted model. then it would only make sense 

to parti t ion the all wet partition. This is intrinsically obvious from the split of 

the part it ions of the number of wet / dry days in the region (Table 5.11). Frorn 

Table 5.11. it is evident that the only useful speed increase would be obtained 

from this all wet segm nt as the other records are not of a significant enough size 

and ·parti t ioning' an all zero sequence (the only other segment of a significant size) 

would be nonsensical. 

If a more accurate model is fitt d in which t he mixture of wet and dry days 

are in the majority. then it may be beneficial to group the partitions given by 

the wet / dry heurist ic and then repart ition each group based on the total regional 

rainfall. In this case. it is expected that the speed increase origina lly generated 

by the wet / dry heurist ic. could be maintained even when the matching of wet and 

dry sequences is distributed more evenly. 

Infilling 

It has so far been assumed that an entire synthetic record is generated prior to 

infilling. This assumption allows the model to be simulated once then stored as 

;:i romplete simulation record in a single file . HO\vever . this limits t he number of 

years that can be simulat d due to them mory storage space necessary to hold the 

records . Therefore, in order to get around this issue, the simulat ion and infilling 

algorithms should be integrated. 

\Vhen the simulation and infilling algorithms are integrated. then the simulated 

record can be obtained only for the season currently being infilled. This would 

effectively allow a simulation record of (say) 1000 years to be generated while using 

the same amount of memory that a full 300-year simulation record would use. This 

is obviously advantageous part icularly when CDFs are to be calculated accurately. 
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6.5.2 General improvements 

Data analysis 

The algorithm used to select spatia l plots could be further improved as outli ned 

below. 

Firstly. months where t he problcrns are caused purely because of a short avail­

able record shou ld generally not be plotted (though should be noted for subsequent 

checking especially if the mean and variance is 0). For example, in the spatial anal­

ysis . a series of plots may ind icate a problem with a short record when it would 

have been more useful to have a table of results detailing these issues. 

Secondly, the selection algorithrn should also filter plots selected by site and 

year . For example. 10+ plots similar to Figure A.27. showing that for .January 1990 

site T \ ,V287141 had all values recorded as O and was in conflict wit h other sites. 

is superfluous. A random sample of these plots would be more useful especially 

when a large number sites arc being analysed. 

Thirdly, t he regression aualysis of the mo11thly ma,-ximums should be replaced 

with a more optimal method. The assumptions for the regression model are not 

i:;atisfied and , as such. this is not the best way to determ ine whether months are 

spatially inconsis tent. 

T here arc several a lternatives that avoid the problem wit h the regression anal­

ysis while producing t he same results. 

(a) An analysis of t he distribution of the difference between monthly maxi­

mums. Any outliers wit hin this distribution are points requiring further 

investigation. 

(b) F\irther to (a), a ll site data could be first transformed to a CDF. This would 

prevent differences iu scale from unduly influencing the selection of plots. 

Furthermore, this method is particularly applicable when the regio11 analysed 

is non-homogeneous. 
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(c) \ \'hilf' (a) .(b ) . and the proportio11 dry self'rt ion IIIC't hods examinf' m·0rall 

month ly rf's11lts . a method where a sequential intf'11;ri ty of the spat ial data 

would a lso be useful. For examplf'. a n 'ctor AI1 model co11ld be constrncted 

to model short- ter111 and long-term df'viance behwen l\\·o sites. From this 

n10del. an estimatr of the p robabil ity of ohsrrving a disrrepaucy within a 

month could he obtained. As this modPl is for cross-rnlidation. t he month 

currently bei11g examined would not hr i11ducled in the model com;truction. 

Note that if (r ) were available. then this method would be t hr most useful as 

it gin•s a probability of obsen-ing th<> discrcpanry hetwcm the sitC's. From this 

probability. a statistically justifiable decision ca11 be mad0 to eithC'r include or 

d iscard thC' records. 

~\Judd fitting proccd11rf' 

The model fitti ng <>quations (S<'ct iou ;J.1.5) g;a\·C' equal \Y<'iµ;ht to all 1:1ggrcgation 

leYels. This mis do11t• as the motkl was int0ndcd both for infilling and disaggr<>ga­

tion so a close match is ne0decl at both the 1-hour and 2-1-hour a!!,gregation kw,Js. 

HowC'n' r. a b0t ter model may be obtRinC'<l by weight illg each fit proportional ly to 

the error a. sociatccl with thC' statistic. For C'xm11pl0. the 2-1.-hour autocorrelation 

should not be gi"rn the same wright as thr !-hour autororr0\ation . 

. \!odd impro, ·P111e11ts 

As the proportion of dry sites is not 1uatchcd well by thC' fitted modf' l th is could 

be incl11ded in tlw model fittin~ µrocednrr. T he ovC'n1.ll proµorti011 of dry sites 

ro11lcl be us0<l (t hat is . pooled across the region). hm\·e\·er a more useful meas ure 

is likely to be the propor tion of dry sites con<litioued on the obscrTcd site n1lucs. 

T h0re arc two assumptions that. once r0laxed. may lead to a better fit to 

the his torical record. F irst ly. the inclus ion of multiple rain cell types is likely to 

imp rov0 thC' fitt ing a bili ty of thf' lllOdd. Srcond ly, a model where cell i11tensity. 

d11rnt io11. and radius arc not mutually indepe11clcnt is also expected to be beneficial. 

Note that it lllay be necessary to correct one of the assumptions listed above as the 
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inclusion of multiple cells. especially if duration and intensity were not assumed 

to be indepe11dent . may account for a rela tionship between duration. intensity. 

and cell radius. Alternatively. a dependence b etween cell intensity, duration. and 

radim;. may negate the necessity for including nmltiple cell types . 

l\ fo ltiplc ra i11 cells 

J\lultiplc cell-types may help fix l he noss-corrclation problems seen in Section 

5.2.2 - particularly wi th the apparent mismatch between the 1-hour and 24-hour 

cross-correla tions . It is also possible that fi lling nmltiplc cells may allow one of t!H' 

cell-types to be of longer duration , thus reducing the problem seen in the movie 

(Sert ion 6.2.2). Furthermore. the d iscrPpancy bet\\·een t l1C' mixture of wet/ dry 

days i11 the region would ])(' expected to ])(' at least part ic1 lly alleviated by this 

model specification. If durnt ion and intern;ity are permitted to hr dependent and 

mul tiple cells typ es are modelled. then it is possible that this would arronnt for 

auy rr lat ionship between duratiou. intensity. and cell rad ins. 

DepC'ndent cell intensity. d 11ratio11 , i:llld rndi11s 

The likelihood of cell radius. duration. and intensity being independent is un­

reasouablc µ, iw n the nature of the undcrlyi11g physical process. As a temporal 

model assuming c1 relationship bf't ween duration a nd intensity wa. found to be 

beneficial (Kakou. 1998: Onof et al., 2000), it is expected that a model wherf' cell 

radius. dmRI ion. and intensity arc not assun1ed to be mut ually indcpendeut \\·ould 

also improw the equivalent spat ial-trmporal model. Essent ially. t he model would 

change to modelliug rain fall volume ra ther than just magn it ude. 

The advantage of including nmltiplc cells is that the formulMion of the model 

has already been derived (sec Cowprrtwait. 1995) . T lwrcfore, this would be the 

suggested next model to apply in the shor t term. HO\Ycver. a derivation of a model 

where cell i11tensity, cell duration , and cell rad ius 1u·e not mutually independent is 

high ly Jik0ly to be a n area \\'Or th iuvestigl'lt ing. 

152 



Infilling 

The itcratiYe sampliug algorithm docs not directly include a weighting for distance 

hrtweC'n historical s ites and rainfRll. Although a direct WC'ightiug via linear cross­

correlation an<l \\·eighting Yia distance (km) \\'as not fo11n<l to be useful (see Section 

5.5.6). an algorithm that makes 11s0 of the regional i11formation is likely to be hNtcr 

than an algorithm \\·hich docs not. 

The weighting was an a t telllpt to obtain an enllnation O\"('r the \\'hole region 

\\'here the s ites which \H' r<.' furth0r a\\'a:v lrn<l lC'ss i11finencr that sites that \\'Cre 

clo. er. A better approach nm>· be to dus ter th e results based o n similarity and to 

filter out t lw candidate si111ulation records that do not maintain the sa111t' regiona l 

characteristics prior to the fitting. This \\·otil<l also i11creasr th<" speed of the infilling 

algorithms if t he computa tion cost of filtering is less tha n the cost of fi tting. As 

the 11umher of sites increases. this is likely to he true. A fmt lwr adnmtag0 of 

this approach is th at t h(' effect of d11plicatC'd r0gio11al in format ion is reduc0d ( see 

Haining. 2003). 

A11other ;:ipproach to i11!illi11g \\·hich \\'as 11ot considPrC'<I. is to choosc the in fi lled 

records based on how closely th0 pooled infillrd rnouthl>· stat is ties matchf>s the 

observed µoolrd historical montlily statistic. As the rccak11lation of s ta tis tics is 

Pxpeusi\·e. this is probabl_v best implemented \·ia mult ipk' imputation. 

The algorithm \\'Onld then hr a!-i follows. First. the month is i11fille<l nsing 

itrrati w• sampling (or somC' modilied rnriant ). Second. the pooled statist ics arr 

rnlculatcd both for the historiC'al record and the infilled record. If the difference 

hct\\·cen any t \\"O cquiYalC'nt s tatis tics is too large (for example they are significantly 

different at t he 5CX threshold) then the infilled data arC' to be rejected and the 

algorithm is reapplied. Other\\'isc. if a nother mouth needs to be infillf'd then the 

.1lgorithm operates on tha t mouth. 

T he direct benefit of this approach is that a ny seasonal fh1ctuat ion (for example 

dry / wet scaHons) is correctly accou11tcd for. If the original methods for in fi lling 

were applied. then this ,m11ld not neC'essarily be thf' C'ase as there is no split of thf' 

candidate records into wet / dry seasons. 
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A. DATA I TEGRITY A ALYSIS: PLOTS A D TABLES 

A .1 Temporal plots 
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C. !IODEL VALIDATION: PLOTS 

24-hour mean versus site for January 
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24- hour mean versus site for March 
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Figure C.2: Monthly Means by site - March and April 
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24-hour mean versus site for May 
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Figure C. 3: Monthly Means by site - May and June 
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24-hour mean versus site for July 
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Figure C.4: Monthly Means by site - July and August 
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24-hour mean versus site for September 
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Figure C.5: i\Ionthly i\ Ieans by site - September and October 
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24- hour mean versus site for November 
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Figure C. 6: Monthly Means by site - November and December 
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24-hour Coeffic ient of Variation versus site for July 
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24-hour Coefficient of Variation versus site for September 
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24-hour Skewnes, versus site for January 
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24-hour Skewness versus site for March 
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24-hour Skewness versus si te for May 
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24- hour Skewness versus site for July 
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24-hour Skewness versus si te for September 
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24- hour Autocorretalion versus site for May 
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24-hour Autocorrelation versus site for September 
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Best Fi t Least Squares : March. Error (mm) v er s us H ist o ri cal Valu e (mm) 
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Figure D.2: BFLS Inten ity plots: March and April 
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Best Fit Least Squares : May . Error (mm) versus Historical Value (mm) 
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Figure D. 3: BFLS Intensity plots: May and June 
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Best Fit Least Squares : July . Error (mm) versus Historical Value (mm) 
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Figure D .4: BFLS Intensity plots: July and August 
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Best Fit Least Squares : September . Error (mm) versus Histo ri cal Value (mm) 
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Figure D.5: BFLS Intensity plots: September and October 
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Best Fit Least Squares : November . Error (mm) versus Historical Value (mm) 
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Figure D. 6: BFLS Intensity plots: November and December 
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BFLS January : aa plot lnfilled versus Historical 
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Figure D. 7: BFLS Regional QQ plots: J anuary and February 
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BFLS March : aa plot lnfilled versus Historical 
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Figure D. 8: BFLS Regional QQ plots: March and April 
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BFLS May : aa plot lnfilled versus Historical 
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Fig ure D. 9: BFLS Regional QQ plots: t-. Ia,y and June 

264 



BFLS July : aa plot lnfilled versus Historical 
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Figure D.10: BFLS Regional QQ plots: July and August 
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BFLS S e p tembe r : aa plot lnfille d v e rsus Hist orica l 
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Figure D .11: I3FLS Regional QQ plots: September and October 
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BFLS November aa plot lnfilled versus Historical 
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BFLS December : aa plot lnfilled versus Historical 
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Figure D.12: BFLS Regional QQ plots: November and December 
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Figure D.13: BFLS cross-correlation QQ plots: January and February 
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Figure D.14: BFLS cros -correlation QQ plots: March and April 
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Figure D.16: BFLS cross-correlation QQ plots: July and August 
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BFLS September QQ-Plot: Cross- Correlation Historical versus lnfilled 
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BFLS October QQ- Plot : Cross- Correlation Historical versus lnfilled 

u, 
m 
6 

0 

C en 
.Q ci 
iii 
~ .,., 
5 co 

0 0 
I 

1/) 
1/) 

e a 
0 co 

" 
0 

~ s u, ,..., 
0 

0 
r--
6 O 0 

0.70 0.75 0.80 0.85 0.90 0.95 

Historical Cross- Correlation 

Figure D. 17: BFLS cross-correlation QQ plots: September and October 
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Figure D.18: BFLS cross-correlation QQ plots: ovember and December 
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Figure D.19: I3FCDF cross-correlation QQ plots: .January and February 
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Figure D.20: BFCDF cross-correlation QQ plots: March and April 
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Fig ure D.21: BFCDF cross-correlation QQ plots: May and June 
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BFCDF July QQ-Plot : Cross- Correlation Historical versus lnfilled 
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Figure D.22: BFCDF cross-correlat ion QQ plots: July and August 
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Figure D.23: BFCDF cross-correlation QQ plots: September and October 
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BFCDF November QQ-Plot: Cross-Correlation Historical versus lnfilled 
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Figure D.24: BFCDF cross-correlation QQ plots: ovember and December 
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Fig ure D.25: ISCDF Intensity plots : .J anuary and February 
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Figure D.26: ISCDF Intensity plots: March and April 
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ISCDF Least Squares : May. Error (mm) versus Historical V alue (mm) 
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Figure D.27: ISCDF Intensity plots: May and June 
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ISCDF Least Squares : July , Error (mm) versus His t o rical Value (mm) 
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Figure D.28: ISCDF Intensity plots: J uly and August 
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Fig ure D.29: ISCDF Iutensity plots: September and October 
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Fig ure D.30: ISCDF Intensity plot::;: November and December 
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ISCDF January : aa plot lnfilled versus Historical 
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ISCDF February : aa plot lnfilled versus Historical 
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Fig11re D.31: ISCDF Tiegional QQ plots: January and February 
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ISCDF March : aa plot lnfilled versus Historical 
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Figure D.32: [SCDF Regional QQ plots: I\ larch and April 
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Figure D.33: ISCDF Regional QQ plots: May and June 
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ISCDF .July : aa plot lnfilled versus Historical 
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ISCDF August : aa plot lnfilled versus Historical 
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Figure D.34: ISCDF Regional QQ plots: July and August 
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ISCDF September : aa plot lnfilled versus Historical 
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ISCDF October : aa plot lnfilled v ersus Historical 
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Fig ure D.35: ISCDF Regional QQ plots: September and October 
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ISCDF November : aa plot lnfilled versus Historical 
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ISCDF December : aa plot lnfilled versus Historical 
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Figure D.36: ISCDF Regional QQ plots: ovember and December 
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Figure D.37: ISCDF cross-correlation QQ plots: January and February 
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Figure D. 38: ISCDF cross-correlation QQ plots: March and April 
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Figure D.39: ISCDF cross-corre lation QQ plots: l\lay and Jnne 
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ISCDF July 00-Plot: Cross-Correlation Historical versus lnfilled 
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ISCDF August QQ- Plot: Cross- Correlation Historical versus lnfilled 
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Figure D.-10: ISCDF cross-correlat ion QQ plots: July and Augu. l 
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Figure D.41: ISCDF cros~-correlation QQ plots: September and October 
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F ig ure D .42: ISCDF cros.-correlation QQ plots: ovember and December 
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