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Abstract

Two point processes, the Autoregressive Conditional Duration (ACD) model and the
Bartlett-Lewis Pulse (BLP) model, are further developed and used to model fine scale
time series.

Six different ACD models are specified and fitted to two sets of real stock transaction
data. The Akaike Information Criterion (AIC), Takeuchi Information Criterion (TIC)
and Generalized Information Criterion (GIC) are the information-theoretic criteria
for model evaluation. This is the first time that ACD models have been evaluated
and ranked based on the information-theoretic criteria, and makes the comparison
of ACD models with different autoregressive and error structures straightforward. A
newly proposed ACD model with a mixed lognormal-gamma error term distribution is
identified as the best model with minimum predictive error.

The original BLP model was developed and fitted to 60 years of 5-minute rainfall
series from Kelburn, a place near Wellington, New Zealand, by Cowpertwait et al.
(2007). The BLP model can be used to produce realistic simulation samples of fine
scale rainfall series that are required in many applications, e.g. urban drainage system
design. Following the continuous distributions of storm types approach as first proposed
by Cowpertwait (2010), a more general BLP process characterization framework is
formulated under which the original BLP model can be recovered as a special case.
Statistical properties up to third order are derived for the BLP model characterized by
continuous distributions of storm types. Without an increase in model parameters, a
modified BLP model is specified, in which a conditional mean exponential distribution
is used to represent the pulse depths distribution and a continuum of storm types within
a process is assumed. Simulation studies show that the modified model improves the
fit to the observed proportion of dry periods significantly, whilst retaining a good fit to
moment properties. Also a better fit is obtained to the annual extreme rainfall values
at the 5 minutes and 12 hours aggregation levels whilst retaining a good fit at other
aggregation levels, and significant improvement is achieved in the goodness-of-fit to
extremes for the individual months. The improvements of the original BLP model’s
performance are mainly due to the successful implementation of the within cell pulse

depths dependence structure using a conditional mean exponential distribution.



iv




Acknowledgements

Firstly, I would like to thank my supervisor, Associate Professor Paul Cowpertwait.
I thank him for his careful planning, academically rigorous supervision, patient and
to-the-point guidance in my studies. I thank my second supervisor, Dr Daniel Walsh,
for his responsive professional input and sincerity. I would also like to thank Associate
Professor Xiaoming Li, for being the co-supervisor of my first year study. I am grateful
to Professor Valerie Isham and Dr Christian Onof for their valuable suggestions and
comments on my research results of the empirical study of BLP models. I would like to
express my appreciation to Dr Winston Sweatman for his assistance in vector calculus

and help with some computation issues.

I am very grateful to Freda Mickisch for her effective support, in particular her
kindness, flexibility, patience, and tolerance in coordinating my PhD studies. I would
also like to thank Michelle Campbell, Annette Warbrooke, Colleen Van Es for their
help with office matters. I owe thanks to the IT support team. Particular thanks go to
Rushad Irani, Mike Yap, and Yan Ou, for their prompt and quality support that has
made me ‘worry free’ with my computer. My sincere thanks also go to many of those

people who have helped me in one way or the other but not been named here.

My fellow students Amanda Jane Elvin, Sena Galkadowite, Sharleen Harper, Joanne
Mann, Qing Zhang, Haydn Cooper, Maarten McKubre-Jordens, Sam Dillon, Guy
Kloss, Cho Hong Ling (Joe), Jingning Li, Norazlina Ismail, Adam Smith, Insha Ullah,
Katharina Parry, and Oliver Hannaford have provided a great sense of community. I
would like to give special thanks to Guy, Maarten, and Amanda for their kind help in
using ETRX.

I have really benefited from attending the weekly statistics group meetings and
learning what expertise other statisticians have. It has given me a sense of belonging
to a small but vital statistics family. I appreciate the opportunities I have been given

in participation of the various of statistics teaching activities, e.g. assignment marking,



vi

computer lab tutoring, summer school tutoring, supervision of exams, etc. In partic-
ular; I have had a great experience in tutoring the summer school workshops for the
past three years in cooperation with Marie Fitch.

I am grateful to Massey University for the Doctoral Scholarship funding, and to the
Institute of Information and Mathematical Sciences for hosting me for the last three
plus years by providing quality facilities and services, and support for conferences.

Finally, I would like to thank my family. I dedicate this thesis to my wife, Min
Zhou. I thank my son, David, for being an outstanding school graduate a father can

be proud of.



vii

Contents

Abstract iii
Acknowledgements v
List of Figures xiii
List of Tables xvii
Main abbreviations and symbols xxi
1 Introduction 1
1.1 Motivation and research objectives . . . . . .. . ... ... ... ... 1
1.1.1 Point processes and fine-scale time series . . . . . . .. ... .. 1

1.1.2  ACD model and research objective . . . . ... ... ... ... 3

1.1.3 BLP model and research objective . . . . . . .. ... ... ... 4

1.2 Thesisoutline . . . . . . . .. Lo )

2 Model evaluation using information-theoretic criteria — methodology 9
2.1 Introduction . . . . . . . ... 9
2.2 General setting and notation . . . . . .. ... L 11
2.3 Definition and theoretical justification . . . . . . . .. .. ... ... .. 13
2.3.1 Definition and model evaluation procedure . . . . . . . . .. .. 13

2.3.2 Theoretical basis and properties . . . . . . . . . ... ... ... 15

2.3.3  From AIC to GIC — literature review and more . . . . . .. .. 22

2.4 Application of AIC, TIC, and GIC — simple examples . . . . . . . . .. 26
2.4.1 Basic applications of AIC . . . . . ... ... .. ... ... .. 27

2.4.2 Examples of using TIC . . . . . .. ... ... ... ... ... 33

2.4.3 Example of using GIC . . . . ... ... 35



viil

2.5 Discussion . . . . ... 41
2.5.1  Which one to use, AIC, TIC, or GIC . . . ... ... ... ... 41
2.5.2  Pearson’s Q-statistic and bootstrap quantile-quantile plot . . . . 45

2.6 Concluding remarks . . . . . . . ... 48

Model selection for ACD models — an application 51

3.1 Imtroduction . . . . . . . . ... .. 51

3.2 Data and exploratory analysis . . . . . ... ... ... ... 54
3.2.1 Data description and preparation . . . . ... .. ... ... .. 54
3.2.2 Exploratory data analysis . . . . ... ... ... ... 55

3.3 Fitted ACDmodels . . . . . . ... ... 60
3.3.1 Basic ACDmodels . ... ... ... ... ... .. ...... 61
3.3.2  Two mixed-distribution ACD models . . . . .. ... ... ... 64

3.4 Model estimation . . . . . ... 66
3.4.1 Some technical details . . . . . .. ... ... 66
3.4.2 Model estimation results . . . . . ... 69

3.5 Model evaluation and discussions . . . . . .. .. ... 73
3.5.1 Model comparison among basic ACD models — a successful story 73
3.5.2  The mixed lognormal-gamma ACD model — a better fit model . 75
3.5.3 A two-stage ACD model fitting procedure . . . . .. .. .. .. 75

3.6 Summary and conclusion . . . . .. ... 79

Stochastic rainfall models — a literature review 83

4.1 Introduction . . . . . . . . .. 83

4.2  Overview of stochastic rainfall models . . . . . . . ... ... ... ... 86
4.2.1 Rainfall measurement and characteristics . . . . . . . .. .. .. 86
4.2.2 Empirical statistical models and point process models . . . . . . 88

4.3 Some typical empirical statistical models . . . . . . . ... ... 93

4.4 Evolution of point process models . . . . . . . .. ... L. 96
4.4.1 Instantaneous pulses models . . . . . . . . ... ... ... 96
4.4.2 Poisson rectangular pulse model . . . . . ... ..o 98
4.4.3 Basic NSRP and BLRP models . . . . .. ... ... .. .... 101
4.4.4 Developments from basic NSRP and BLRP models . . . .. .. 103

4.5 Concluding remarks . . . . . . . ... Lo 105



ix

5 Data description and exploratory analysis

5.1 Introduction . . . . . . . . ..

5.2 Data description and preparation . . . . . ... ...

5.3 Exploratory data analysis . . . . . .. .. ... ... ...

5.3.1
5.3.2
2.3.3

Long term trend . . . . . . . . .. ... L
Monthly seasonality and diurnal pattern . . . . . .. .. .. ..

Numerical summary and discussion . . . . . . . ... ... ...

5.4 Seasonality within the pooled calendar month subsamples . . . . . . . .

5.5 Concluding remarks . . . . . . . ...

6 Different BLP model specifications and empirical analysis

6.1 Introduction . . . . . . . . ..

6.2 BLP model specification and properties . . . . . . . . ... ... .. ..

6.3 Fitting procedures . . . . . . ...

6.3.1
6.3.2

The original BLP model fitting procedure . . . . .. .. .. ..

Inclusion of proportion dry property in model fitting . . . . . .

6.4 FEmpirical Analysis . . . . . ...

6.4.1
6.4.2
6.4.3
6.4.4
6.4.5

Data and parameter estimates . . . . . . . ... ... ... ...
Moments . . . . . . . . . .
Extreme values . . . . . . . ... ...
Proportiondry . . . . . . ... ...

Model parametrisation and fitting . . . . . .. .. ... ... ..

6.5 Summary and conclusion . . . . . . ...

7 BLP models with continuous distributions of storm types

7.1 Introduction . . . . . . . . . ..

7.2  Model specification and properties . . . . . . . .. ...

7.2.1
7.2.2
7.2.3

Formulation of a continuous-storm-types BLP model . . . . ..
Moment properties . . . . . . . . ...

Fitted models . . . . . . . . ...

7.3 Model comparisons: single BLP process . . . . . . .. ... ... .. ..

7.3.1
7.3.2

Parameter estimates . . . . . . . .. ...

Derived properties . . . . . . ... ..o o

7.4 Model comparisons: superposition of two independent BLP processes

107
107
107
110
110
113
115
119
122

123
123
125
130
130
131
132
132
135
143
144
157
160

163
163
164
164
165
169
170
170
173
180



7.4.1 Parameter estimates . . . . . . . . ... .. 180

7.4.2 Derived properties . . . . . .. ... 181

7.5 Concluding remarks . . . . . . . ... ... 188

Superposition of continuous-storm-types BLP processes 189

8.1 Superposition of two continuous-storm-types BLP processes . . . . .. 190

8.1.1 Continuous-storm-types BLP models of six parameters . . . . . 190

8.1.2 A superposed continuous-storm-types BLP model . . . . . . .. 193

8.1.3 Model comparison . . . . .. ... 194

8.2 Comparison of three superposed BLP models by simulation . . . . . . . 195

8.2.1 Moments. . . . .. .. 195

8.2.2 Extreme values . . . . .. .. ... 199

8.2.3 Proportiondry . . .. ... ... 207

8.3 Conclusions . . . . . . ... 210

Summary and future work 213

9.1 Summary . . . . ... 213
9.1.1 Information-theoretic criteria and model evaluation for ACD mod-

els . .o 213

9.1.2 Further developments of the original BLP model . . . . . . . .. 216

9.2 Future research topics . . . . . . . ... 219

Background theory and some related topics for information-theoretic

criteria 221
A.1 Some standard results of maximum likelihood estimator . . . . . . . . . 221
A.2 Some standard results of robust statistics . . . . . .. ... L. L. 224
A.3 Definition of the Ljung-Box statistic. . . . . . . . ... ... ... ... 226
A.4 AlCc, the small sample version AIC . . . . .. .. .. ... .. .. ... 226
A5 AIC, BIC, DIC and Bayesian model evaluation . . . . .. .. .. .. .. 229
Background theory and some derived results for BLP models 233
B.1 Poisson process and some important properties. . . . . . . ... .. .. 233

B.1.1 Definition . . . . ... ... ... 233

B.1.2 Some important properties . . . . . . ... ... L. 234

B.2 Markov property and Markov chain . . . . . . .. .. ... 237



x1

B.3 The third moment formula of the original BLP model . . . . . . .. .. 238
B.4 Parameter functions for different BLP models with continuous distribu-

tions of storm types . . . . . ... 239

B.4.1 Model FIT-C1. . . . . . ... ... .. . ... 239

B.42 Model FIT-C1-8z6z . . . . . . . .. ... ... ... .. .. ... 239

B.4.3 Model FIT-C1-£z0z . . . . . . . . . . ... . . ... 240

B.4.4 Model FIT-C1-8z&z . . . . . . . . . . . . . . ... 241

B.4.5 Model FIT-C1-3z&z0z . . . . . . . . ... ... .. ... .... 241

B.5 Verification of the numerical solution for calculating proportion dry . . 242

References 249

Index 258



xii




List of Figures

2.1

2.2
2.3
2.4

3.1
3.2

3.3

3.4

3.5
3.6

4.1
4.2
4.3

4.4

4.5

5.1
5.2

L-B statistics of estimated residual series versus the empirical distribu-

tion of L-B statistics of random samples . . . . . ... ... ... ...
AIC versus TIC: A normal distribution model case . . . . ... .. ..
AIC versus TIC: A mixed-exponential distribution model case . . . . .

A parametric bootstrap version of quantile-quantile plot . . . . . . ..

Transaction duration time-of-day pattern . . . . . .. .. ... .. ..

Time plot of standardized durations (IBM data) and structural break

pattern . . . . ..o

Time plot of standardized durations (Darby data) and structural break

pattern . . . . . ..o

L-B statistics of estimated residual series versus the empirical distribu-

tion of L-B statistics of random samples . . . . . ... ... ... ...
Parametric bootstrap version quantile-quantile plots (IBM data)

Parametric bootstrap version quantile-quantile plots (Darby data)

A Dines tilting siphon rain gauge . . . . . . .. ... ... ...
A schematic of an empirical statistical rainfall model . . . . . .. . ..
A schematic of (a) the Poisson white noise model; (b) the Neyman-Scott
white noise model . . . . . ... Lo

A schematic of the Poisson rectangular pulse model: (a) marked Poisson

arrival process; (b) the total rainfall intensity. . . . .. ... ... ...

A schematic of the basic NSRP model and the basic BLRP model . . .

A schematic of a 5-minute rainfall time series plot . . . . . . . . .. ..

Annual rainfall totals: the Kelburn data (1945-2004) . . . .. ... ..

xiii



Xiv

5.3

5.4

5.5

5.6

5.7

5.8

6.1
6.2
6.3

6.4

6.5

6.6

6.7

6.8

6.9

6.10

Long term patterns of mean duration of dry and wet spells: the Kelburn

data (1945-2004) . . . . o 112
Long term patterns of proportion dry and mean depths: the Kelburn

data (1945-2004) . . . . .. 113
Seasonal rainfall patterns: the Kelburn data (1945-2004) . . . . .. .. 114
Diurnal rainfall pattern: the Kelburn data (1945-2004) . . .. ... .. 115
Monthly rainfall totals of pooled calendar month subsamples: the Kel-

burn data (1945-2004) . . . . . ... 120
Hourly mean rainfall of pooled calendar month subsamples: the Kelburn

data (1945-2004) . . . . . . 121
A schematic of the Bartlett-Lewis pulse (BLP) model . . . ... ... 126
A schematic of the formation of the aggregated rainfall series . . . . . 128

Model comparisons (properties used in model fitting): coefficient of vari-
ation, skewness, and lag 1 autocorrelation at the 5-min aggregation level. 137
Model comparison (properties used in model fitting): mean, coefficient of
variation, skewness, and lag 1 autocorrelation at the 1 hour aggregation
level. . . . 138
Model comparison (properties used in model fitting): coefficient of vari-
ation, skewness, and lag 1 autocorrelation at the 6 hours aggregation
level. . . . . e 139
Model comparison (properties used in model fitting): coefficient of vari-
ation, skewness, and lag 1 autocorrelation at the 24 hours aggregation
level. . . . . 140
Model comparison (properties not used in model fitting): mean, coef-
ficient of variation, skewness, and lag 1 autocorrelation at the 30-min
aggregation level. . . . . . ... 141
Model comparison (properties not used in model fitting): kurtosis at the
5-min, 1, 6, and 24 hours aggregation levels. . . . . . . . . ... .. .. 142
Model comparison: extreme value plots at the 5-min, 1, and 24 hours
aggregation levels. . . . . . .. Lo 145
Model comparison: extreme value plots at the 6 and 12 hours aggrega-

tion levels. . . . .o 146



XV

6.11

6.12

6.13

6.14

6.15

6.16

6.17

6.18

6.19

7.1

7.2

7.3

7.4

7.5

7.6

7.7

Model comparison: ordered December maxima at the 5-min and 1 hour
aggregation levels. . . . . . ... oL
Model comparison: ordered January maxima at the 5-min and 1 hour
aggregation levels. . . . . . ... oL L
Model comparison: ordered June maxima at the 5-min and 1 hour ag-
gregation levels. . . . . . ..o
Model comparison: ordered July maxima at the 5-min and 1 hour ag-
gregation levels. . . . . . . . ..
Model comparison: proportion dry patterns at the 5-min, 1 hour, and
24 hour aggregation levels. . . . . . . . . .. ... ...
Model comparison: proportion dry patterns with different threshold val-
ues at the 5-min aggregation level. . . . . . . .. .. ...
Model comparison: proportion dry patterns with different threshold val-
ues at the 1 hour aggregation level. . . . . . . ... ... ... ... ...
Model comparison: proportion dry patterns with different threshold val-
ues at the 24 hours aggregation level. . . . . . . . ... ... .. ...
Model comparison: proportion dry by threshold values at different ag-

gregation time scale levels. . . . . . .. .. ... L.

Model comparison (single process models): coefficient of variation ag-
gregated at the 5-min level. . . . . . . . . . .. ... L.
Model comparison (single process models): coefficient of variation ag-
gregated at the 5-min, 1, 6, and 24 hours levels. . . . . . ... ... ..
Model comparison (single process models): skewness aggregated at the
5-min, 1, 6, and 24 hours levels. . . . . . . . ... ... ... ... ...
Model comparison (single process models): lag 1 autocorrelation aggre-
gated at the 5-min, 1, 6, and 24 hours levels. . . . . . . . . ... .. ..
Model comparison (two processes superposed models): coefficient of
variation aggregated at the 5-min level. . . . . . .. ... ... L.
Model comparison (two processes superposed models): coefficient of
variation aggregated at the 5-min, 1, 6, and 24 hours levels. . . . . . . .
Model comparison (two processes superposed models): skewness aggre-

gated at the 5-min, 1, 6, and 24 hours levels. . . . . . . . . . .. .. ..

178



xXvi

7.8

8.1

8.2

8.3

8.4

8.5

8.6

8.7

8.8

8.9

8.10

8.11

Al

B.1

B.2

B.3

Model comparison (two processes superposed models): lag 1 autocorre-

lation aggregated at the 5-min, 1, 6, and 24 hours levels. . . . . . . .. 186

Model comparison: coefficient of variation, skewness, and lag 1 autocor-
relation at the 5-min aggregation level. . . . . . . . .. .. ... .. 196
Model comparison: mean, coefficient of variation, skewness, and lag 1
autocorrelation at the 1 hour aggregation level. . . . . . . . .. .. .. 197
Model comparison: coefficient of variation, skewness, and lag 1 autocor-
relation at the 24 hours aggregation level. . . . . . . . . ... ... .. 198
Model comparison: extreme value plots at the 5-min, 1, and 24 hours
aggregation levels. . . . . ... .o oo 200
Model comparison: extreme value plots at the 6 and 12 hours aggrega-
tion levels. . . . . . .. 201
Model comparison: ordered December maxima at the 5-min and 1 hour
aggregation levels. . . . . . . ... Lo 202
Model comparison: ordered January maxima at the 5-min and 1 hour
aggregation levels. . . . . . .. oL 203
Model comparison: ordered June maxima at the 5-min and 1 hour ag-
gregation levels. . . . . . .. 204
Model comparison: ordered July maxima at the 5-min and 1 hour ag-
gregation levels. . . . . ... 205
Model comparison: proportion dry patterns at the 5-min, 1, 6, and 24
hours aggregation levels. . . . . . . . . ... L. 208
Model comparison: proportion dry by threshold values at different ag-

gregation time scale levels. . . . . . . ... oL 209

Penalty term comparison: AIC versus AICc . . . . . . ... ... ... 228

Numerical examination of the integrand function e — f(h, x)—~ foh duf(u,x),
where h=5-min. . . . . . . . . ... 245
Numerical examination of the integrand function e 7*— f(h, x)—~ foh duf(u,x),
where h=24 hours. . . . . . . . .. ... ... 246
Verification of the approximation of PD calculation using the Simpson’s

rule .o 247



List of Tables

2.1

2.2

2.3
2.4
2.5
2.6

2.7

3.1

3.2
3.3
3.4
3.5
3.6

3.7

3.8
3.9
3.10

Basic application of AIC: ARMA models, AIC selected model is the true

model . ..o

Basic application of AIC: ARMA models, AIC selected model is not the

true model . . ... L
Comparison of AIC versus TIC for model selection (1) . . .. .. ...
Comparison of AIC versus TIC for model selection (2) . . . ... ...
Parameter estimates for fitted ACD models (IBM data) . . . . . .. ..
AIC*, AIC, GIC and summary statistics for the fitted ACD models (IBM

Measuring the goodness-of-fit by AIC scores and Pearson’s Q-statistic .

Numerical summary of shifts in mean levels and variances (diurnal sea-

sonal effect adjusted inter-transaction durations) . . . . . . ... .. ..
Summary statistics for the standardized duration data . . . . . . . ..
Parameter estimates for the fitted basic ACD models (IBM data)
Parameter estimates for the fitted basic ACD models (Darby data)
Parameter estimates of the mixed error distribution ACD models

Examination of stationarity condition and estimated unconditional ex-

pected durations . . . . .. ...

Parameter estimates of a two-step model estimation strategy based on

an ACD(2,2) process . . . . . . .o
Model comparison among the fitted basic ACD models (IBM data)
Model comparison among the fitted basic ACD models (Darby data)

Model comparison between the basic ACD(1,1) models and mixed dis-
tribution ACD(1,1) models (IBM data) . . . .. ... ... ... ... ..

xXvil

59
59
70
70
71

71

72
74
74



xviil

3.11

3.12

3.13

5.1
5.2
5.3
5.4
5.5
5.6
5.7

6.1
6.2

6.3
6.4
6.5

7.1

7.2
7.3
74

7.5

7.6

7.7
7.8

Model comparison between the basic ACD(1,1) models and mixed dis-

tribution ACD(1,1) models (Darby data) . . . . ... ... ....... 76
Evaluation of two mixed distribution models — a two-stage model fitting

procedure (IBM data) . . . . ... ... ... L 7
Evaluation of two mixed distribution models — a two-stage model fitting

procedure (Darby data) . . . . . . ... ... 77
A typical section of the 60-year 5-minute Kelburn rainfall data file . . 108
Summary of number of observations in the Kelburn data . . . . . . . . 108
The seasonal patterns of mean depth and proportion dry . . . . . . .. 116
The diurnal patterns of mean depth and proportion dry . . . . .. .. 116

Empirical distribution of rainfall depths and dry or wet spell durations 117
Autocorrelations among dry and wet spell sequences . . . . .. .. .. 117
Sample statistics of skewness and lag 1 autocorrelation for pooled sub-

samples by calendar month . . . . . . . . .. ... ... ... 118

Differences between FIT-0 and FIT-C . . . . . . . . . . . ... ..... 130
Parameter estimates of three BLP model specifications for the Kelburn

rainfall series . . . . . . . .. 133
Basic Principal Components Analysis result: importance of components 158
Linear correlation between model parameters: FIT-C . . . . . . . . . .. 159

Ratio of pulse arrival rates: & / E1 159

Parameter estimates: for each month (m) the estimates are listed in the

order of model FIT-01 and FIT-C1 . . . . ... ... ... ....... 171
Parameter estimates for each month (m): model FIT-C1-6202 . . . . . 172
Parameter estimates for each month (m): model FIT-Cc1-£z07z . . . . . 173

Parameter estimates: for each month (m) the estimates are listed in the

order of model FIT-C1-3z£z and FIT-C1-8z€z07 . . . . . . . . . .. .. 174
Model comparison in terms of minimisation function value and the total

number of parameters: single process models . . . . . . . ... ... .. 176
Parameter estimates for each month (m): model FIT-C-8 . . . . . . .. 181
Parameter estimates for each month (m): model FIT-C-9 . . . . . . .. 182

Parameter estimates for each month (m): model FIT-C-10 . . . . . . . 182



Xix

7.9

8.1

8.2
8.3

Al

Model comparison in terms of minimisation function value and the total

number of parameters: two processes superposed models . . . . . . .. 187

Parameter estimates: for each month (m) the estimates are listed in the
order of model FIT-C1-5z0z(6) and FIT-C1-6z0zE . . . . .. . ... .. 193
Parameter estimates for each month (m): model FIT-C-5z6zE . . . . . 194
Model comparison in terms of minimisation function value and the total

number of parameters . . . . . .. ... ... 195

Difference between AIC and AICc: when sample size is small . . . . . . 229



XX




xx1

Main abbreviations and symbols

exp(+)

log(+)

iid

pdf

pmf

Pr[], or P[]
E[]

Var| |

Cov] |

L(9)

MLE
QMLE, quasi MLE
M-estimator
EDA
qg-plot
G(x), g(x)

G, g

F(x]0) or f(x]0)

T = {"El,ﬂfg, 7xn}

{we} ={y1,v2, - yn}

AR model
MA model
ARMA model
L-B statistic
Q-statistic

exponential function such that exp(l) = e

the natural logarithm function such that log(e) = 1

independent and identically distributed

probability density function

probability mass function

probability

expected value, mean value

variance

covariance

likelihood function for the parameter @

maximum likelihood estimator or maximum likelihood estimate
quasi-maximum likelihood estimator or estimate

maximum likelihood-type estimator

exploratory data analysis

quantile-quantile plot

the distribution and density functions representing the true distri-
bution from which the observed sample data are generated

the empirical distribution and density functions of the true distri-
bution

a fitted distribution or density function, which is specified to ap-
proximate the true distribution

a random sample data set of n observations generated from the
true distribution G(z)

an observed time series which consists of n values sampled at dis-
crete times 1,2,...,n

(standard time series) Autoregressive model

(standard time series) Moving-average model

(standard time series) Autoregressive Moving-average model
Ljung-Box statistic (see Section A.3)

Pearson’s Q-statistic (see Section 2.5.2)



Xxii

K-L information
I(g: f)

AIC

AlCc

BIC

DIC

TIC

GIC

EMD

Wi

ACD model
EACD(1,1), EACD(2,2)

WACD(1,1), WACD(2,2)
mixedE-ACD(1,1)
mixedLG-ACD(1,1)
NSRP model
BLRP model

BLP model

CV

AC

PD

FIT-01

FIT-O

FIT-C1

FIT-C

FIT-C-PD

Kullback-Leibler information

symbol for K-L information (see Section 2.3.2)

Akaike Information Criterion

the small sample bias-corrected AIC

Bayesian Information Criterion

Deviance Information Criterion

Takeuchi Information Criterion

Generalized Information Criterion

effective model dimension

Akaike weights (see Section 2.4.1)

Autoregressive Conditional Duration model (finance model)

the first, second order ACD models that have an exponential dis-
tribution error term structures (see Section 3.3.1)

the first, second order ACD models that have a Weibull distribu-
tion error term structures (see Section 3.3.1)

a first order ACD model that has a mixed exponential distribution
error term (see Section 3.3.2)

a first order ACD model that has a mixed lognormal-gamma dis-
tribution error term (see Section 3.3.2)

Neyman-Scott rectangular pulse model (rainfall model)
Bartlett-Lewis rectangular pulse model (rainfall model)
Bartlett-Lewis pulse model (rainfall model)

coefficient of variation

autocorrelation

proportion dry

the original BLP model specification, single process of storms (six
parameters in total) (see Section 6.3)

the original BLP model specification, superposition of two inde-
pendent FIT-01 processes (11 parameters in total) (see Section 6.3)
based on FIT-01, but with a within cell pulse depths dependence
structure characterization (see Section 6.3)

superposition of two independent FIT-C1 processes (11 parameters
in total) (see Section 6.3)

based on FIT-C, but with the sample PD properties further in-

cluded in the fitting procedure (see Section 6.3)



xx1il

FIT-C1-(20z based on FIT-C1, specification with continuous distributions of
storm types in terms of cell origins generation rate 5(z) = Bo(1 —
z) + B1z and mean pulse depth 0(z) = 6z (see Section 7.2.3)

FIT-C1-£z07 based on FIT-C1, specification with continuous distributions of
storm types in terms of pulse generation rate £(z) = & (1—2)+&12
and mean pulse depth 6(z) = 0z (see Section 7.2.3)

FIT-C1-(z&z based on FIT-C1, specification with continuous distributions of
storm types in terms of cell origins generation rate 5(z) = [p(1 —
z) + P1z and pulse arrival rate £(z) = & (1 — z) + &1z (see Sec-
tion 7.2.3)

FIT-C1-8z£z0z  based on FIT-C1, specification with continuous distributions of
storm types in terms of cell origins generation rate 5(z) = Go(1 —
z) + 1z, pulse arrival rate £(z) = (1 — 2) + &1 2, and mean pulse
depth 6(z) = 0z (see Section 7.2.3)

FIT-C-8 based on FIT-C, but with the assumption of a common mean storm
lifetime, a common rain cell origins generation rate and common
mean cell duration for the two distinct processes of storms (a re-
duced FIT-C, eight parameters in total)

FIT-C-9 based on FIT-C, but with the assumption of a common mean storm
lifetime, a common cell origins generation rate for the two distinct
processes of storms (a reduced FIT-C, nine parameters in total)

FIT-C-10 based on FIT-C, but with the assumption of a common mean storm
lifetime for the two distinct processes of storms (a reduced FIT-C,
10 parameters in total)

FIT-C1-3z07z(6) based on FIT-C1, specification with continuous distributions of
storm types in terms of cell origins generation rate 5(z) = 8(1—2z2)
and mean pulse depth 6(z) = 0z (six parameters in total, see Sec-
tion 8.1.1)

FIT-C1-8z0zE  based on FIT-C1, specification with continuous distributions of
storm types in terms of cell origins generation rate 3(z) = fe™?
and mean pulse depth 6(z) = 60z (six parameters in total, see
Section 8.1.1)

FIT-C-(z0zE superposition of two independent FIT-C1-(3z0zE processes



