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ABSTRACT

The planning, design and construction of engineering infrastructure projects often requires

consideration of the potential for flood risk. In Australia, a probabilistic rainfall-based

approach recommended by Australian Rainfall and Runoff (ARR, l98l) is commonly used

for design flood estimation. This approach involves the conversion of a rainfall event with a

given Average Recurrence Interval (ARÐ to a flood that is assumed to have the same ARL

However, flood discharges are jointly affected by rainfall and antecedent moisture conditions

and large variations in flow can result from the same rainfall event, depending of the initial

catchment conditions. The ARR (1987) method essentially incorporates antecedent moisture

conditions by assuming a value of initial loss, but little practical guidance is offered on how

this value should be selected. In addition, there is no attempt to assign a probability to this

parameter, nor provide guidance on how to ensure that the assumption of ARI equality

between a rainfall event and its resulting flood remains valid. Recent research has questioned

this assumption, emphasising the joint probability relationship that exists between rainfall and

antecedent moisture conditions (discussed in terms of initial loss), which affects the

magnitude of any resulting flood.

This thesis describes the development of an alternative approach to design flood estimation

that aims to address the uncefiainties surroundìng the selection of initial rainfall loss. The

methodology is based on the ARR (1987) design flood estimation method in order to retain a

common design approach, and to allow the work of this thesis to be easily integrated into

current engineering practice. The key outcome is the use of rainfall excess frequency duration

(REFD) proportions, which represent the ratio of the curves from an intensity-frequency-

duration (IFD) analysis of rainfall excess and rainfall, to directly convert a design rainfall

hyetograph into a rainfall excess hyetograph. The rainfall excess hyetograph is then used as

input into a flood estimation model to derive a flood frequency distribution. Because a value

of initial loss is not required, one of the factors that creates uncertainty with the assumption

that the ARI of the design rainfall will apply to the resulting flood is removed.

The REFD proportions are determined fi'om a continuous simulation of synthetic rainfall at a

six-minute time scale, which is transformed to synthetic rainfall excess using a catchment

water balance model. Because the effect of initial loss on this transformation is explicitìy



accounted for within the structure of the water balance model, the REFD proportions also take

the effect of initial loss into account.

A suitable rainfall simulation model was not identified during a review of current literature.

As a result, this thesis also develops a stochastic point rainfall model that is capable of
adequately generating a synthetic rainfall record at a six-minute time-scale. The model uses

an alternating renewal process to produce a series of rectangular pulses that define the gross

characteristics of each rainfall event. A conditional random walk on a dimensionless mass

curve is then used to model the temporal distribution of intra-event rainfall and to
disaggregate these pulses into a six-minute hyetograph. The model is able to replicate various

statistical properties of observed data over a range of time scales, including the IFD and

aggregated statistics. These properties were not used to calibrate the model, but are used to

successfully validate the model for a number of Australian locations within different climatic

regions.

An important factor affecting catchment moisture conditions is the level of evaporation that

occurs between rainfall events. A stochastic lag-one Markov model, based on the work of
Srikanthan and McMahon (1985), is used to generate daily evaporation. Conditional

relationships between the amount of daìly evaporation and the evaporation of the previous

day, the simulated rainfall state on the current and previous days and the time of year, are

incorporated based on previous research and an analysis of historical data. The model can be

calibrated using both pan evaporation data and potential evaporation data generated using the

Priestley-Taylor (Priestley and Taylor, 1972) model. A method developed by Fleming

(1972), which uses two daily profile types (clear or cloudy) to define the distribution of
evaporation over a day, is used to model the temporal distribution of the daily evaporation.

As with the rainfall model, the evaporation model is able to generate synthetic daily

evaporation that replicates the observed aggregated statistics at a variety of time scales.

A modified Australian 'Water Balance Model (Boughton, 1993) ìs used to transform the

synthetic rainfall and evaporation input to synthetic rainfall excess at a six-minute time scale.

During calibration, an improved representation of observed streamflow data at a daily time

scale is obtained by introducing an alternative surface routing component. The ability to use

daily evaporation data is also incorporated to provide a more accurate description of the effect

of evaporation. The model shows good results for a number of Australian sites.
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An IFD analysis is carried out on the synthetic rainfall and rainfall excess by fitting

generalised extreme value (GEV) distributions to the annual maxima data for a range of

rainfall burst durations to produce IFD and REFD curves respectively. The ratio of the IFD

and REFD culves (the REFD proportions) is determined and used to represent the proportion

of rainfall that will become rainfall excess during a rainfall burst of a given duration and ARL

An analysis of the REFD proportions for four Australian sites in different regions shows

similar trends with increasing ARIs that are generally independent of duration. For two sites,

the REFD proportions are relatively constant with duration and ARI over an ARI range of 5 to

100 years. For the other two sites the curves gradually increase with ARI, but remain

constant with duration over the same range of ARIs. This makes it possible to select a value

for the REFD proportion for a rainfall burst of a given ARI that is independent of the duration

of the event.

The use of the REFD proportions is validated by deriving flood frequency distributions using

the KinDog runoff-routing model, based on the work of Field and Wìlliams (1983, 1987).

The model is concurrently calibrated using a number of events for each site to determine

parameters that are more representative of each catchment, rather than individual events.

These parameters provide an adequate representation of each individual event used during

calibration. The REFD proportions are then used to convsrt the ARR (1987) design rainfall

intensities to rainfall excess, which is then routed to the catchment outlet and the flood

frequency distribution determined. The ARR (1987) temporal patterns were also used. A

comparison with a flood frequency analysis of observed floods shows that the approach (the

use of REFD proportions) is able to satisfactorily derive flood frequency distributions at all

four sites, thus demonstrating the ability to eliminate the need to determine initial loss in the

design process.

The alternative design flood estimation methodology developed in this thesis shows

considerable promise in terms of providing a more reliable design flood estimation technique.

Establishing a relationship between catchment characteristics and the REFD proportions

would enable the definition of REFD proportions for generic catchment types, increasing the

potential for translation to catchments with limited data but similar hydrologic properties,

thereby further improving the design process. The availability of these curves for key

catchment areas in Australia will greatly improve the accuracy of the current design

methodology.

ut





STATBMENT OF ORIGINALITY

This work contains no material that has been accepted for the award of any other degree or

diploma in any university or other tertiary institution and, to the best of my knowledge and

belief, contains no material previously published or written by another person, except where

due reference has been made in the text.

I give consent to this copy of my thesis, when deposited in the University Library, being

available for loan and photocopying.

Signed: . Date: . t.ll.slez.
Theresa Michelle Heneker

v





ACKNO\ryLEDGMENTS

This research was funded by an Australian Postgraduate Award (APA) and a small Australian

Research Council (ARC) grant.

I thank the following people and organisations whose assistance was invaluable in completing

the work presented in this thesis:

. Dr. Martin Lambert from the Department of Civil and Environmental Engineering at

Adelaide University for his supervision of this project and for providing inspiration, ideas

and guidance.

. Associate Professor George Kuczera from the Deparlment of Civil, Surveying and

Environmental Engineering at the University of Newcastle for many useful and essential

ideas and discussions.

. The Department of Water, Land and Biodiversity Conservation, South Australia, for

granting study leave to allow me to complete this thesis and for providing access to

streamflow data.

. The Department of Natural Resources, Queensland for providing streamflow data.

. Dr. Bryson Bates from CSIRO for providing information and guidance on evaporation

modelling in Australia.

. Dr. Brian Williams from the Department of Civil, Surveying and Environmental

Engineering at the University of Newcastle for providing essential information and

support for the use of the KinDog model.

. My family, in particular my mum and dad, for their support and for the hours spent proof

reading this thesis.

Finally, I thank and dedicate this thesis to my husband Derek for his love, understanding,

suppolt and encouragement throughout this research. Our discussions, particularly in the final

stages of completion, were crucial and without whom the end may not have been reached.

vu





LIST OF PUBLICATIONS

Several papers have been published during this study. They reflect formative ideas for work

presented in this thesis. These papers are listed in chronological order:

(1) Heneker, T. M., Lambert, M. F. and Kuczera, G. (1999), DRIP: A disaggregated

rectangular intensity pulse model of point rainfall. Water '99 Joint Congress, 25'h

Hydrology and Water Resources Symposium and 2"d lnternational Conference on 'Water

Resources and Environment Research, Volume I, 539-544. Brisbane, Queensland, 6-8

July.

(2) Heneker, T. M., Lambert, M. F. and Kuczera, G. (2001), A point rainfall model for risk-

based design. Journal of Hydrology, 247, 54-ll.

(3) Heneker, T. M., Lambert, M. F. and Kuczera, G. (2002), Overcomìng the Joint Probability

Problem Associated with Initial Loss Estimation in Design Flood Estimation. 27'h

Hydrology and Water Resources Symposium, Melbourne, Victoria, 2O-23lli4ay.

tx





TABLE OF CONTBNTS

Abstract

Statement of Originality

Acknowledgments

List of Publications

Table of Contents

List of Figures

List of Tables

1. INTRODUCTION AND CURRENT DESIGN FLOOD ESTIMATION

METHODS

1.1 IirrnorucrroN
1.1.1 Flooding in Australia

I.1.2 Development, Legislation and Flood Risk

1.1.3 Overall Research Objectives

1.2 CURRB¡II DnsIcn Froon EsrruarroN IN AUSTRALIA

1.2.1 Rainfall-Based Design Event Flood Estimation

1.2.2 Streamflow-BasedFloodEstimation

1.2.3 Selection of Design Method

1.3 Ar,rpnrlluvn METHoDS FoR DnsrcN Fr,ooo EsrIu¡uox
1.3.1 Rainfall-BasedEmpirical Methods

1.3.2 Joint Probability Approach

1.3.3 ContinuousSimulation

1.3.4 Summary of Alternative Design Flood Estimation Methods

1.4 Rarxr,tlr Loss Moonls FoR DESIGN FLooD EsrrvllrroN
1.4.1 Point Infiltration Loss Models

1.4.2 Conceptual Loss Models

1.4.3 Probability Distribution of Initial Loss

1.4.4 Discussion

1.5 PRoposnr DnsrcN Frooo EsrrNl.qrroN APPRoACH

1.5.1 Methodology

1.5.2 Routine Design Flood Estimatton

v

vtr

ix

xi

xvut

xxvn

1

I
1

I

2

3

J

7

I
8

9

15

t6

t7
18

2I

26

26

27

27

29

xt



2.1

2.2

2.3

2.3.1

2.3.2

2.3.3

2.3.4

2.4

2.4.1

2.4.2

2.5

2.5.1

2.5.2

2.5.3

2.6

2.6.1

2.6.2

2.6.3

2.6.4

2.6.5

1.5.3 Study Outline

2. REVIEW OF RAINFALL GENERATION MODELS

RnqurnnuENTS oF RarNrllr, SrtruuuoN Monus noR DnsrcN

SrNcr,n PorNr PRocBss Moonr,s or RtrNmr,r,

Clusrnnno PorNr Pnocnss Monpls or R.lrNrtrr,
The Neyman-Scott Point Process

The Bartlett-Lewis Point Process

Neyman-Scott and Bartlett-Lewis Rectangular Pulses Models

Combination Models

MInxov TIun-SnnIES RAINFAT,I Mopnr,s

Discrete Markov Chain Models

Markov Process Models

Evnnr-Brsnr Motnrs
Independent Occurrence Models

Alternating Renewal Models

Combination Models

EvaluauoN oF Monnr,s

Examination of Validated Results

Difficulties with Missing Rainfall Segments

Parameter Estimation and Calibration Techniques

Calibrating Continuous Models Using Discrete Rainfall Data

Model Choice

3.1

3.2

3.3

3.3.1

3.3.2

J.J.J

Moonr Ouu,rNn AND ESSENTTAL ELEMENTS

Av,rrrnnlE DATA

I¡,¡tnpnntnNcn oF EvnNrs
Previous Research

Determining a Minimum Inter-event Time for Australian Data

Correlation Criteda to Validate /^,n Selection

31

33

33

35

38

39

40

41

45

46

46

50

51

5l
52

54

55

s6

58

59

6t

6t

63

63

05

69

69

1I

74

3. DEVELOPMENT OF A NEW STOCHASTIC RAINFALL MODEL

.rtl



3.4 Dpvnr,opivtnNT oF INrnn-EvnNt Trvrn,tr',ln Evnnr DunqrroN Molnr,s

3.4.1 Previous Research

3.4.2 Selection of Distribution

3.4.3 ModelCalibrationTechniques

3.4.4 Development of the Likelihood Function

3.4.5 Selection of Kernel Function

3.4.6 Seasonality

3.4.1 Spectral Analysis

3.4.8 Description of Parameter Estimation Search Methods

3.4.9 Statistical Evaluation of Incorporated Seasonal Variations

3.4.10 Validation by Simulation

3.5 DnvBloptuENT oF AN AvERAGE EVENT INrnNsrrv Monnl
3.5.1 Previous Research

3.5.2 Conditional Relationship with Event Duration

3.5.3 Conditional Probability Model of Average Rainfall Intensity

3.5.4 Conditional Function for Model Parameters

3.5.5 Seasonality

3.5.6 Spectral Analysis

3.5.1 Incorporation of Seasonal Variation

3.5.8 Validation by Simulation

3.6 CoITICI,UOTNG REMARKS

4. DEVELOPMENT OF A RAINFALL PULSE DISAGGREGATION MODEL

77

t8
19

80

82

85

88

95

99

100

105

108

108

109

111

111

115

116

r1l
119

120

tzt

122

t22

124

129

130

130

t33

138

l4t

4.1

4.Ll
4.1.2

4.1.3

4.2

4.2.1

4.2.2

4.2.3

4.2.4

PRnvrous Rnsn,lRcH

Non-Probabilistic Di saggre gation

Probabilistic Disaggregation

Evaluation of Models

Dnvnr,opIuENT OF THE RAINFALL PULSE DTSNCCNNGATION MOUBT,

Non-Dimensional Mass Curve

Intra-Event Rainfall Distribution Determination

Intra-Event Dry Period Distribution Determination

Self-Similarity of Parameters

xlr,



4.3

4.3.1

4.4

5.1

5.2

5.2.1

5.2.2

5.2.3

5.3

5.4

5.5

5. VALIDATION OF THE STOCHASTIC RAINFALL MODEL

PRonasrury DrsrRlsurroNs or CnanacrERrsrlc EvnNr VtRrasrns
InrnNslty-FnnqunNcy-DururrroN Stlusrrcs z\N,uysrs

Annual Maximum Probability Distributions

Short-Duration IFD Analysis

Long-Duration IFD Analysis

AccRncnrnD Srarrsrlcs
Pnonanrr,rry DIsrnrsurloN or ANNUIL ToTALS

CoNcr,uuNG REMARKS

6. GENERATION OF STOCHASTIC EVAPORATION DATA

DrsnccnrcATroN oF SrMULAtro Rarnmr,r, Pursns

Non-Dimensional Mass Curve Comparison

Co¡lcluprNc REMARKS

EvapoRauon PRocpss

Evaporation from a Soil Surface

Transpiration

FncroRs ApnncrrNc Evlpouuo¡l
Solar Radiation

Air Temperature

Air Humidity

Wind Speed

CalcuurrNc EvlpoRATroN

Penman-Monteith Combination Method

Morton Complementary Method

Priestley-Taylor Method

Method Selection

Appr,rcarroN oF rHn PnrnsrI,ny-TAyr,oR Mnrnoo
Generation of Solar Radiation Data ( R,, )

Soil Heat Flux (G )
Vapour Pressure Curve ( A )
Latent Heat of Vaporisation ( ¿ )

Psychrometric Constanr ( y )

144

t46

147

149

150

160

160

r62

168

177

182

186

189

189

190

t9l
t9l
191

192

r92

192

193

194

195

t97

198

198

198

203

203

204

204

6.1

6.1.1

6.1.2

6.2

6.2.1

6.2.2

6.2.3

6.2.4

6.3

6.3.1

6.3.2

6.3.3

6.3.4

6.4

6.4.1

6.4.2

6.4.3

6.4.4

6.4.5

xtv



6.5

6.5.1

6.5.2

6.6

6.6.r

6.6.2

6.6.3

6.7

6.t.1

6.7.2

6.7.3

6.8

ANar,vsls or PotnNuAL AND PaN EvapoRATIoN

Generation of Radiation by Sunshine Hours

Comparison of Potential and Pan Evaporation

Srocn¡suc MoDEL oF EvAPoRATIoN

Review of Daily Models for Evaporation

Description of Model used for this Study

Continuous Simulation of Rainfall and Evaporation

Drs.lccnncATloN oF DAILY Evlpon¡,uox
Clear Day Evaporation

Cloudy Day Evaporation

Sunshine Calculations

CoNcT,unTNG REMARKS

205

205

206

210

2r0
2tt
2t4

216

2r6

211

2t8
220

7. MODEL OF THE CATCHMENT \ryATER BALANCE

7.1 RBvrpw oF CATCHMENT W¡rnn Balaucn Pnocnssns AND Moonls

7 .1.1 Components of the Catchment 'Water Balance

I .1.2 Types of Modelling Approaches

LI.3 Model Choice

7.2 DpvnlopivtnNT AND Cnr,rsRArIoN oF A CATCHMENT WATER

B¡,r,¡Ncn Monnr,

7.2.1 The Modified AWBM

7.2.2 Description of Study Catchments

1.2.3 Available Data

L2.4 Estimation of Missing Data

1.2.5 Data Consistency

1.2.6 Calibration Method and Enor Model

1"2.1 Calibration Results

7.3 C,lrcnunNT WATER Bar,¿,NcB SruulnrroN AT SMALL TIME ScALES

7.4 ConcT,UpINGREMARKS

223

223

223

226

232

233

233

236

238

240

247

249

251

269

274

xv



8. DESIGN FLOOD ESTIMATION USING RAINFALL EXCESS FREQUENCY
DURATION PROPORTIONS

8.1

8.1.1

8.1.2

8.r.3

8.2

8.2.1

8.2.2

8.2.3

8.2.4

8.3

8.3.1

8.3.2

8.3.3

8.4

DnvnropuENT oF REFD PnoponrroNs FRoM CoNrrNuous Sruur,nuou
Available Pluviograph Data

Generation and Analysis of Rainfall Excess

Analysis of Rainfall IFD and REFD Distributions

Snr,ncuox aND CALTBRATToN oF A FLooD EsrrMATroN MoDEL

Unit-Hydrograph Methods

Runoff-Routin g Methods

Model Choice

Runoff-Routing Model Calibration

VnlrrluoN oF THE PnoponuoNAl Loss-FnnquENcy Cunvns

Design Input Parameters

Selection of Proportional Loss

Comparison of Observed and Derived Flood Frequency Distributions

CoNclunrNc REMARKS

9. CONCLUSIONS AND RECOMMENDATIONS

275

276

216

211

211

289

289

290

29s

295

302

303

310

311

31s

317

317

318

318

318

322

322

322

323

323

324

326

326

321

9.1

9.2

9.2.1

9.2.2

9.3

9.3.1

9.3.2

9.4

9.4.1

9.4.2

9.5

9.5.1

9.5.2

Ovnnvrnw

Srocnasuc RATNFALL SIMULATToN MoDEL

Summaly

Conclusions & Recommendations

Srocn¡,srrc EvApoRATroN STMULATToN Monu
Summary

Conclusions & Recommendations

CnrcnuBNT WATER Balnlrcn Mopu
Summary

Conclusions & Recommendations

ALTNRNNUVE DESIGN FI.OOI ESTTN,TNTION METHODOLOGY

Summary

Conclusions & Recommendations

10. REFERENCES

xvt

331



A

B

C

D

E

F

G

H

APPENDICES

Rainfall Pluvio graph Information

Inter-Event Time Model Development and Calibration

Derivation of Likelihood Functions for Inter-event Time and Event Duration

Distributions

Event Duration Model Development and Calibration

Average Event Intensity Model Development and Calibration

Disaggregation Model Development

Simulated Inter-Event Time Distributions

Simulated Event Duration Distributions

Simulated Marginal Average Event Intensity Distributions

Rainfall Model Validation

Generation of Stochastic Evaporation

Modified AWBM Calculations

Modified AWBM Calibration Results

Analysis of Generated Rainfall and Rainfall Excess Data from Continuous Simulation

KinDog Model Calibration Results

Initial Temporal Pattern Analysis

I
J

K
L
M
N

o
P

xvll



LIST OF FIGURES

Figure 1.1 Australian Rainfall and Runoff Design Flood Estimation Method 5

Figure 1.2 The effect of catchment wetness ll
Figure 1.3 Infiltration curve model 18

Figure 1.4 Constant Loss Model 2I
Figure 1.5 Initial Loss-Continuing Loss Model 22

Figure 1.6 Initial Loss-Proportional Loss Model 23

Figure L7 SCS curve number method 25

Figure 1.8 Methodology for developing an improved design flood estimation approach 28

Figure 1.9 Proposed routine design methodology 30

Figure 2.1 Single Poisson Anival Model / Poisson White Noise Model 36

Figure 2.2 Independent Poisson Marks (PM) Model 37

Figure 2.3 Poisson Rectangular Pulses Model 31

Figure 2.4 Neyman-Scott White Noise (N-SWN) Model 39

Figure 2.5 The Neyman-Scott Rectangular Pulses (N-SRP) Model 4l
Figure 2.6 The Bartlett-Lewis Rectangular Pulses (B-LRP) Model 41

Figure 2.7 Alternating Renewal Model 52

Figure 3.1 Model of precipitation event series 64

Figure 3.2 Location of pluviograph sites within climatic zones 66

Figure 3.3 Typical rainfall variability for a location with dominant Summer rainfall 68

Figure 3.4 Typical rainfall variability for a location with dominant Winter rainfall 68

Figure 3.5 Typical raìnfall variability for a location with uniform ¡ainfall 68

Figure 3.6 Distribution shape comparison of inter-event times obtained using various

values of f.,n for Melbourne 72

Figure 3.7 Distribution shape comparison of inter-event times with a seven hour /-,n for

Melbourne in months January to June 73

Figure 3.8 Distribution shape comparison of inter-event times with a seven hour /nnn for

Melbourne in months July to December 73

Figure 3.9 Distribution of event duration for Adelaide, Blisbane and Melbourne 19

Figure 3.10 Difference between an actual and a recorded inter-event time (r,, >6 minutes) 83

Figure 3.11 Difference between an actual and a recorded rainfall event (td >6 minutes) 83

xvut



Figure 3.12

Figure 3.13

Figure 3.14

Figure 3.15

Figure 3.16

Figure 3.17

Figure 3.18

Figure 3.19

Difference between an actual and a recorded rainfall event

Fitted kernels to inter-event time data from Melbourne in March

Fitted kernels to event duration data from Melbourne in March

Moving average of Darwin inter-event time data

Moving average of Sydney inter-event time data

Moving average of Perth event duration data

Moving average of Brisbane event duration data

GP-Power Law kernel (with and without harmonic variation) htted to the

inter-event time data for Melbourne in March

GP-Power Law kernel (with and without harmonic variation) fitted to the

event duration data for Melbourne in March

GP-Power Law kernel fitted to monthly inter-event time data for

Melbourne in March

GP-Power Law kernel fitted to monthly event duration data for Melbourne

in March

Spectral analysis of Melbourne inter-event time data

Spectral analysis ofPerth event duration data

Seasonal variation of parameter 0, of the event duration model

Observed and simulated inter-event times using a monthly parameter-

based model for Melbourne in March

Observed and simulated inter-event times using an harmonic parameter-

based model (0010) for Melbourne in March

Observed and simulated event durations using a monthly parameter-based

model for Melbourne in March

Observed and simulated event durations using an harmonic parameter-

based model (0010) for Melbourne in March

Distribution of average event intensity for Brisbane, Darwin and

Melbourne

Relationship between average event intensity and event duration for

Melbourne.

Logarithmic relationship between average event intensity and event

duration for Melbourne.

Moving average of average event intensity with event duration for

Melbourne

84

8l
87

89

89

90

90

Figure 3.20

Figure 3.21

Figure 3.22

Frgare 3.23

Figwe 3.24

Figure 3.25

Figure 3.26

Figure 3.27

Figure 3.28

Figure 3.29

Figure 3.30

Figure 3.31

Figure 3.32

Figure 3.33

93

93

94

94

91

9l
99

106

106

lol

t07

109

110

110

112

xtx



Figure 3.34 Moving average of average event intensity with event duration for
Brisbane

Figure 3.35 Variation of the mean average rainfall intensity with event duration for

Melbourne

Figure 3.36 Variation of the standard deviation of the average rainfall intensity with
event duration for Melbourne

Figure 3.37 Moving avcragc of Mclbournc avcragc cvcnt intensity data

Figure 3.38 Moving average of Cairns average event intensity data

Figure 3.39 Spectral analysis of Melbourne average event intensity data

Figure 3.40 Spectral analysis of Darwin average event intensity data

Figure 3.41 Extremes of seasonal differences in the variation of the mean average

rainfall intensity with event duration for Melbourne

Figure 3.42 Extremes of seasonal differences in the variation of the standard deviation

of the average rainfall intensity with event duration for Melbourne

Figure 3.43 Observed and simulated marginal distributions of average event intensity

using a monthly parameter-based event duration model for Melbourne in

March

Figure 3.44 Observed and simulated marginal distributions of average event intensity

using an harmonic parameter-based event duration model (0010) for
Melbourne in March

Figure 4.1 Variability in the temporal distribution of rainfall in non-dimensional events

Figure 4.2 Comparison of averaged observed event profiles for varying event durations

for Melbourne

Figure 4.3 Comparison of averaged observed event profiles for varying event durations

for Perth

Figure 4.4 Distribution of jumps for Melbourne

Figure 4.5 Variation of the mean jump from á for Melbourne

Figure 4.6 Variation of the standard deviation of the jump from á for Melbourne

Figure 4.7 Comparison of the variation in the mean jump from á for Adelaide,

Hobarl, Melbourne, Perth and Sydney

Figure 4.8 Comparison of the variation in the standard deviation of the jump from á
for Adelaide, Hobafi, Melbourne, Perth and Sydney

Figule 4.9 Comparison of the variation in the mean jump from â for Alice Springs,

Brisbane, Cairns, Darwin and Townsville

t12

It4

l14
115

115

116

116

118

118

119

119

130

t32

t32

t33

135

135

136

131

rl-

t31



Figure 4.10

Figure 4.11

Figure 4.72

Figure 4.13

Figure 4.14

Comparison of the variation in the standard deviation of the jump from á

for Alice Springs, Brisbane, Cairns, Darwin and Townsville

Distribution of intra-event dry fractions for Melbourne

Comparison of the Beta distribution probability density function for

Adelaide, Alice Springs, Brisbane, Melbourne and Sydney

Comparison of the Beta distribution probability density function for

Cairns, Darwin, Hobart, Perth and Townsville

Variation of the mean jump from ä during events of varying duration for

Melbourne

138

138

t40

140

r42

Figure 4.15 Variation of the standard deviation of the jump from á during events of

varying duration for Melbourne 142

Figure 4.16 Comparison of the Beta distribution probability density function for events

with varying duration for Melbourne 143

Figure 4.I7 A non-dimensional description of the rainfall temporal pattern 145

Irigure 4.18 Comparison of simulated and observed event profiles for varying event

durations for Melbourne 146

Figure 4.19 Comparison of simulated and observed event profiles for varying event

durations for Perth 147

Figure 5.1 Observed and simulated inter-event time distributions for Sydney in April 152

Figure 5.2 Observed and simulated inter-event time distributions for Sydney in June 153

Figure 5.3 Observed and simulated inter-event time distributions for Alice Springs in

August 154

Figure 5.4 Observed and simulated inter-event time distributions for Cairns in May 155

Figure 5.5 Observed and simulated event duration distributions for Perth in July 156

Figure 5.6 Observed and simulated event duration distributions for Alice Springs in May 157

Figure 5.7 Observed and simulated marginal average event intensity distributions for

Melbourne in December 158

Figure 5.8 Observed and simulated marginal average event intensity distributions for

Melbourne in October 159

Figure 5.9 Simulated and observed IFD probability distributions for Melbourne l6l
Figure 5.10 Simulated and observed IFD probability distributions for Alice Springs l6l
Figure 5.1 1 Simulated and observed IFD probability distributions for Cairns 162

Figure 5.12 I hour Melbourne IFD analysis 164

Figure 5.13 3 hour Melbourne IFD analysis 165

xxt



Figure 5.14 Simulated and observed I hour IFD curves for Alice Springs

Figure 5.15 Simulated and observed I hour IFD curves for Sydney

Figure 5.16 Simulated and observed I hour IFD curves for Cairns

Figure 5.17 Simulated and observed 3 hour IFD curues for Alice Springs

Figure 5.18 Simulated and observed 3 hour IFD curves for Sydney

Figure 5.19 Simulated and observed 3 hour IFD curves for Cairns

Figure 5.20 12 hour Melboulne IFD analysis

Figure 5.21 24hour Melbourne IFD analysis

Figure 5.22 J2how Melbourne IFD analysis

Figure 5.23 Simulated and observed 12 hour IFD curves for Alice Springs

Frgure 5.24 Simulated and observed 12 hour IFD curves for Cairns

Figure 5.25 Simulated and observed 12 hour IFD curves for Sydney

Figure 5.26 Simulated and observed24 hour IFD curves for Alice Springs

Figure 5.27 Simulated and observed24 hour IFD curves for Cairns

Figure 5.28 Simulated and observed24 hour IFD curves for Sydney

Figure 5.29 Simulated and observed 24 hour IFD curves for Darwin

Figure 5.30 Simulated and observedT2 hour IFD curves for Alice Springs

Figure 5.31 Simulated and observed12 hour IFD curves for Caims

Figure 5.32 Simulated and observedl2 hour IFD curves for Sydney

Figure 5.33 Simulated and observedT2hour IFD curves for Townsville

Figure 5.34 Mean and standard deviation of 6 hour depth for Melboume

Figure 5.35 Mean and standard deviation of 72 hour depth for Melbourne

Figure 5.36 Mean and standard deviation of 24 hour depth for Melbourne

Figure 5.37 Mean and standard deviation of monthly depth for Melbourne

Figure 5.38 6 hour dry probability and lag one auto-comelation for Melbourne

Figure 5.39 12 hour dry probability and lag one auto-correlation for Melbourne

Figure 5.40 24hour dry probability and lag one auto-correlation for Melbourne

Figure 5.41 Probability distribution of annual rainfall for Alice Springs

Figure 5.42 Probability distribution of annual rainfall for Brisbane

Figure 5.43 Probability distribution of annual rainfall for Melbourne

Figure 5.44 Probability distribution of annual rainfall for Perth

Figure 5.45 Observed annual rainfall totals for Brisbane

Figure 5.46 Observed annual rainfall totals for Alice Springs

Figure 6.1 Observed and calculated solar radiation data (Alice Springs, Perth)

r66

r66

t66
r6l
161

167

t70
t7l
172

n3
173

113

r14

114

114

n5
115

n5
tt6
t76
178

179

t79

180

180

l8l
181

182

183

183

184

184

185

205

X.TII



Figure 6.2 Observed and calculated solar radiation data (Sydney, Townsville)

Figure 6.3 Regression between maximum daily temperatures for Perth Regional Office

and Perth Airyort

Figure 6.4 Regression between minimum daily temperatures for Perth Regional Office

and Perth Airport

Figure 6.5 Regression between sunshine and cloud cover for Perth Regional Office

Figure 6.6 Comparison between generated potential and pan evaporation for Perth

Figure 6.7 Comparison between generated potential and reduced pan evaporation for

Perth

Figure 6.8 Evaporation on current and previous day for Alice Springs

Figure 6.9 Evaporation on current and previous day in January and June for Alice

Springs

Figure 6.10 Diurnal distribution of evaporation over a clear day in January and June

for Alice Springs

Figure 6.1 1 Diurnal distribution of evaporation over a cloudy day in January and June

for Alice Springs

Figure 7.1 The hydrological cycle

Figure 7.2 Streamflow-Infiltration-Baseflow (SFB) Model

Figure 7.3 Modified Streamflow-Infiltration-Baseflow (SFB) Model

Figlure 7 .4 The Australian 'Water Balance Model

Figure 7.5 The modified AWBM

Figure 7.6 Location of study catchments

Figure 7 .7 Avon River catchment: linear relationship between rainfall data from

Tottington and Supple

Figure 7.8 Boggy Creek catchment: linear relationship between rainfall data from

sites Myrrhee and V/hitfield

Figure 7.9 Alligator Creek catchment: linear relationship between rainfall data from

sites Ayr Research Station and Giru Post Office

Figure 7.10 Avon River catchment: linear relationship between pan evaporation data

from sites Longerenong and Tottington

Figure 7.1 1 Boggy Creek catchment: linear relationship between pan evaporation data

from sites Hume Reservoir and Rutherglen

Figure 7 .12 Scott Creek catchment: linear relationship between pan evaporation data

from sites Lenswood Research Centre and Mount Bold Reservoir

206

207

201

208

209

209

212

212

211

218

224

229

230

231

233

236

244

244

245

245

246

246

xxlu



Figure 7.13

Figure 7 .14

Figure 7.15

Figule 7.16

FigureT.I7

Figure 7.18

Figure 7.19

Figurc7.2O

Figure 7 .21

Figure 7 .22

Figure 7 .23

Figure 7 .24

Figure 7 .25

Figure 7 .26

Figure 7 .27

Figure 7.28

Figure 7 .29

Figure 7.30

Figure 7.31

Figure 7 .32

Figure 7.33

Figure 7 .34

Figure 7.35

Figure 7.36

Figure 7 .37

Figure 7.38

Figule 7.39

Figure 7.40

Alligator Creek catchment: double mass curve analysis between rainfall

data for sites Giru Post Office and Townsville Airport 241

Scott Creek catchment: double mass curve analysis between rainfall data

from sites Cherry Gardens and Longwood 248

Alligator Creek catchment: double mass curve analysis between pan

evaporation data from sites Ayr Research Station and Townsville Airport 248

Scott Creek caLchnrcnt: tloublc llass cu-rve between pan evaporation data

from sites Lenswood Research Centre and Mount Bold Reservoir 249

Alligator Creek: Obserr¡ed and predicted runoff - 30/11/1916 to 18/6/1911 253

Alligator Creek: Observed and predicted runoff - 22llÙlI995 to 2O/311996 253

Allyn River: Observed and predicted runoff - 16112ll9ll to 4/7/1918 254

Allyn River: Observed and predicted runoff - 20/l/1919 to 8/8/1979 254

Avon River: Observed and predicted runoff - 4/l/1975 to20/I/1916 255

Avon River: Observed and predicted runoff - 3/4ll98l fo 20/10/1981 255

Boggy Creek: Observed and predicted runoff - 29/411918 ro 4/1/1979 256

Boggy Creek: Observed and predicted runoff - 12111/1988 to 17l12/1989 256

Davey River: Observed and predicted runoff - 2312/1981to 3ll10/1981 257

Davey River: Observed and predicted runoff - 24111/1986 to l/8/1987 257

Scott Creek: Observed and predicted runoff - 26/3/1971 to 12/10/1971 258

Scott Creek: Observed and predicted runoff - 16/4/1986 to 22/12/1986 258

Comparison of observed and predicted data for Alligator Creek 259

Comparison of observed and predicted data for Allyn River 260

Comparison of observed and predicted data for Avon River 260

Comparison of observed and predicted data for Boggy Creek 261

Comparison of observed and predicted data for Davey River' 261

Comparison of observed and predicted data for Scott Creek 262

Alligator Creek: Predicted daily runoff versus residual 264

Boggy Creek: Predicted daily runoff versus residual 264

Scott Creek: Predicted daily runoff versus residual 265

Allyn River: Predicted maximum daily runoff in each month versus

residual 265

Davey River: Predicted maximum daily runoff in each month verslìs

residual 266

Scott Creek: Predicted maximum daily runoff in each month versus residual 266

.xxtv



Figure 7.41 Alligator Creek: Auto-correlation of daily runoff residuals

Fig:ure 7 .42 Allyn River: Auto-correlation of daily runoff residuals

Figure 7 .43 Avon River: Auto-correlation of daily runoff residuals

Figtre 7 .44 Scott Creek: Auto-coruelation of daily runoff residuals

Figure 7.45 Boggy Creek: Observed and predicted runoff: 29/411978 to 4/l/I979
(six-minute rainfall)

Figure 7 .46 Boggy Creek: Observed and predicted runoff: t2/Illl988 to ll lI2/I989
(six-minute rainfall)

Figure7.47 Comparison of observed and predicted data for Boggy Creek

Figure 7.48 Boggy Creek: Predicted daily runoff versus residual (six-minute rainfall)

Figure 7 .49 Boggy Creek: Predicted maximum daily runoff in each month versus

residual (six-minute rainfall)

Figure 7.50 Boggy Creek: Auto-correlation of daily runoff residuals

(six-minute rainfall)

Figure 8.1 Alligator Creek: Fitted GEV distribution to 3 hour simulated REFD data

Figure 8.2 Alligator Creek: Fitted GEV distribution fo J2hour simulated REFD data

Figure 8.3 Boggy Creek: Fitted GEV distribution to 3 hour simulated REFD data

Figure 8.4 Boggy Creek: Fitted GEV distribution to 24 hour simulated REFD data

Figure 8.5 Scott Creek: Fitted GEV distribution to t hour simulated REFD data

Figure 8.6 Scott Creekr Fitted GEV distribution fo24hour simulated REFD data

Figure 8.7 Avon River: Fitted GEV distribution to t hour simulated REFD data

Figure 8.8 Avon River: Fitted GEV distribution to .12 bour simulated REFD data

Figure 8.9 Rainfall IFD and REFD distributions for Boggy Creek catchment

Figure 8.10 Rainfall IFD and REFD distributions for Scott Creek catchment

Figure 8.1 I Rainfall IFD and REFD distributions for Alligator Creek catchment

Figure 8.12 Rainfall IFD and REFD distributions for Avon River catchment

Figure 8.13 Proportional loss-frequency curve for Boggy Creek catchment

Figure 8.14 Proportional loss-frequency curve for Scott Creek catchment

Figure 8.15 Proportional loss-frequency curve for Alligator Creek catchment

Figure 8.16 Proportional loss-frequency curve for Avon River catchment

Figure 8.l7 Layout of sub-catchments in the Scott Creek catchment

Figure 8.18 Boggy Creek: Calibration of event from2619/1978 to 30/9/1918

Figure 8.19 Boggy Creek: Calibration of event from2l/7/1980 to 29/7/1980

Figure 8.20 Scott Creek: Calibration of event from29/8/1992to3O/9/1992

261

268

268

269

270

271

271

212

213

273

218

218

279

279

280

280

281

281

282

283

284

285

287

281

288

288

295

298

298

299

xxv



Figure 8.21

Figure 8.22

Figure 8.23

Figure 8.24

Figure 8.25

Figure 8.26

Figure 8.27

Figure 8.28

Figure 8.29

Figure 8.30

Figure 8.31

Figure 8.32

Figure 8.33

Figure 8.34

Scott Creek: Calibration of event from2l/711995 to 23ll/1995 299

Avon River: Calibration of event from 3l/811973 to 2/9/1913 300

Avon River: Calibration of event from23/70/1915 to 26/10/1915 300

Alligator Creek: Calibration of event from 30/1/1911 to 2/2/1977 301

Alligator Creek: Calibration of event from3O/111978 to 3I/l/I918 301

Comparison of I hour at-site and ARR (1987) temporal patterns for all sites 307

Comparisonof 2 hour at-site and ARR (1987) temporal patterns for

Whitfield 308

Comparison of 12 hour at-site and ARR (1987) temporal patterns for

Whitfield 309

Comparison of l8 hour at-site and ARR (1987) temporal patterns for

Whitfield 309

Comparison of '72 hour at-site and ARR (1987) temporal patterns for

Whitfield 310

Boggy Creek: Comparison of derived flood frequency curve using REFD

method with results from at-site flood frequency analysis and derived flood

frequency values using IL-CL method 313

Scott Crcck: Comparison of dcrivcd flood frcqucncy curvc using REFD

method with results from at-site flood fi'equency analysis and derived

flood frequency values using IL-CL method 313

Avon River: Comparison of derived flood frequency curve using REFD

method with results from at-site flood frequency analysis and derived

flood frequency values using IL-CL method 314

Alligator Creek: Comparison of derived flood frequency curve using

REFD method with results from at-site flood frequency analysis and

derived flood frequency values using IL-CL method 314

x.xvt



LIST OF TABLES

Table 3.1

Table 3.2

Table 3.3

Table 3.4

Table 3.5

Table 3.6

Table 4.1

Table 4.2

Table 4.3

Table 4.4

Table 5.1

Table 6.1

Pluviograph site climatic zones and rainfall characteristics

Auto-correl ation and Spearman-Rank correlation coeffi cients for varyin g

inter-event times for Melbourne

Lag 10 (one hour) and ìag 20 (two hours) values for six-minute data

Chi-square variates (a = 0.95)

Significance of Bayesian Information Criterion values

Likelihood test results for Melbourne

Jump distribution parameters

Intra-event dry fraction distribution parameters

Jump distribution parameters for varying duration events for Melbourne

Intra-event dry fraction distribution parameters for varying duration events

for Melbourne

Comparison of observed and simulated annual mean and standard deviation

statistics

Calibrated parameters (daily evaporation statistics) for the Lag One Markov

model of evaporation for Alice Springs in January and June

Annual statistics for observed and simulated evaporation

Daily observed and simulated evaporation statistics for Townsville

Monthly observed and simulated evaporation statistics for Townsville

Description of modified AWBM parameters

Available data for each of the study catchments

Contribution of rainfall stations to catchment average rainfall for each

catchment

Calibrated parameter values and initial conditions for study catchments

Error model parameters

Boggy Creek: Comparison between calibrated parameter values and initial

conditions using daily and six-minute rainfall

Common model parameter values obtained from concurrent calibration of

events

61

Table 6.2

Table 6.3

Table 6.4

Table 7.1

Table I .2

Table I .3

l6
16

t02

103

t04

136

139

r4l

141

117

2t3
215

215

215

234

239

239

252

262

210

296

Tablel.4
Table 7.5

Tablel.6

Table 8.1

Table 8.2 Event dependent parameters and adjustment factors obtained from concurrent

calibration of events 297

xxvu



Table 8.3 Regional design temporal patterns

Table 8.4 Proportional-loss values used for this study

Table 8.5 Available data for observed flood frequency distribution

Table 8.6 Initial Loss-Continuing Loss model parameters

307

310

311

312

xxvru



1. INTRODUCTION AND CURRENT DESIGN FLOOD

BSTIMATION MBTHODS

1.1 InTnoDUCTION

1.1.1 Flooding in Australia

The consequences of a flood can be devastating, threatening life, property and the economic

well being of communities. Historically, development has occurred near rivers and their

floodplains, which are often locations that have usable water sources, timber resources, fertile

soils and suitable grazing areas for stock. In the past these areas have also offered

transportation potential to other communities and markets. As such, many urbanised and

industrialised areas in Australia have been developed on or near significant waterways.

Unfortunately, these areas can also present a high flood risk. The result has been enormous

costs due to flood damage. Estimates of costs include $90-$100 million for the 1998 flood in

Katherine (N.T.), $50 million for the 1990 flood in Nyngan (N.S.W.), $500 million damage

during the Hunter Valley (N.S.W.) floods in 1955 and $700 million for the disastrous 1974

flood in Brisbane (Qld.). Aside from loss of life and irreplaceable possessions, it is estimated

that the average annual flood damage cost in Australia is between $300-$400 million (Bureau

of Transport Economics, 2001). However, damage estimates rarely take into account the

costs to improve roads and other infrastructure (in both the public and private sectors), when

they are reconstructed post-flood, to establish protection from future floods, that make the

actual costs related to flood damage and prevention much greater.

1.1.2 Development, Legislation and Flood Risk

Hundreds of millions of dollars are spent per annum on infrastructure and land developments

that require accurate estimates of flood characteristics. However, the rapid and ongoing

population growth in many areas of Australia, leading to a huge demand for land, has often

resulted in developments occurring in inappropriate areas. History has shown the outcomes

from such inappropriate developments through repeated inundation and major flood damage

in, for example, Katherine (N.T.) (1951,1998) and Brisbane (Qld.) (1893, 1931,1914, 1986).

Appropriate planning and building control measures must be established and maintained in
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flood prone areas so that the risk to people and the potential damage to property can be

limited to a tolerable level. The converse situation is that development may be unnecessarily

prevented in areas where flood levels are conservatively over-predicted. In order to limit the

flood risk to new developments and therefore the overall cost of damage due to flood,

legislation has been introduced in Australia to limit and/or prohibit construction on or near

floodplains. Most local governments have floodplain management strategies to prevent

construction on flood pronc land.

'Iherefore, the planning, design and construction of many engineering projects generally

requires consideration of the flood risk. This is usually a probabilistic or statistical estimate

and represents the level of risk that has been accepted into the design. The level of risk varies

between projects and is often a compromise between the cost of infrastructure and the

potential cost of system failure as a result of a flood. One method of quantifying this risk is
through the use of an average recuffence interval (ARI) (also leferred to as an annual

exceedance probability (AEP)) to determine an acceptable flood risk (known as the design

floorÐ. Hence, accurate estimates of design floods over a range of ARIs are required.

1.1.3 Overall Research Objectives

Flood discharges and flood levels are affected by rainfall and the antecedent moisturc

conditions of the catchment at the start of a rainfall event. Large variations in flood discharge

are possible from the same rainfall event given different initial moisture conditions on a
catchment. Cunent methods outlined in Australian Rainfall and Runoff (ARR, 1987), which

are employed in general engineering practice, generally require a value of rainfall loss to be

assumed and incorporated into the determination of the design flood to account for the most

likely antecedent conditions. However, little practical guidance is offered on how to estimate

the value of initial loss, or determine the influence that the joint probability relationship

between a rainfall event and the antecedent conditions (affecting initial loss) has on the

assumed relationship between the ARI of a rainfall event and the ARI of the design flood.

Walsh et al. (1991) attempted to clarify this issue by suggesting values for average initial loss,

but these values are quoted with an order of accuracy of between +50%o to +7OOVo. This was

because the derived values of initial loss were found to be sensitive to errors in the design

flood input parameters used to obtain them. The combined effect of relatively small errors

can lead to a dramatic overestimation orunderestimation of the initial loss values. The values

in Walsh et aI. (1991) were often 20-30Vo higher than the values suggested in ARR (1987).
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The objective of the research presented here is to address the considerable uncertainty that

currently exists about how to properly address the joint probability effects of different

catchment initial conditions on flood frequency distributions, and therefore the level of risk

incorporated into development. This issue is not satisfactorily addressed using the currently

accepted methods such as those in ARR (1987). The following sections examine in detail the

current methods for design flood estimation, the problems in calculating rainfall loss, in

particular initial loss, and the rainfall loss models currently in use. Following this, a new

approach is outlined that removes the need to evaluate initial loss, provides a logical,

consistent approach to the estimation of design floods that enables the risks of failure during

the design of new infrastructure or the assessment of environmental systems to be assessed,

and that takes into account the stochastic nature of catchment conditions. This will allow a

reduction in the likelihood of errors in the determination of design flood events, which in turn

will result in economic savings to the community.

1.2 CunnENT DBsIGN FLooD ESTIMATIoN IN AUSTRALIA

Current design flood estimation techniques in Australia generally involve one of two

alternative approaches. The first is a rainfall-based approach involving an analysis of rainfall

data, combined with a rainfall-runoff model and an appropriate /oss model. The second

approach involves the frequency analysis of streamflow records observed at a particular

catchment of interest. There are advantages and disadvantages to each approach with the

choice of method for a particular application constituting one of the most important aspects of

the design process (ARR, 1987).

1.2.1 Rainfall-Based Design Event Flood Estimation

The rainfall-based approach to flood estimation recommended for engineering practice in

Australia is a probabilistic design event method that is described in ARR (1987). The aim is

the conversion of a rainfall event with a given ARI to a flood of the same ARI. Estimation of

a design flood by this method involves design event rainfall generation, runoff production and

hydrograph formation as shown in Figure 1.1, using the following steps:

(a) choose the required ARI, depending on the project in question. An ARI of I in 100

years is usually selected for flood plain applicatìons;
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(b) generate the design rainfall by selecting a number of design event durations

(Dr, Dz, ... , Dn). Design point rainfall intensities (I¡,12, ... ,In) are then estimated for
each of these, from the information contained in ARR (1987). Areal reduction factors

(Al,Az,...,4n) are chosen for each event, which are dependent on the depth,

catchment area and duration, and are used to convert point rainfall intensities to

average catchment intensities. A design temporal pattern (Tt,T2,... , Tn) is then chosen

for each event from which design rainfall hyetographs (Rr, Rz, ... , Rn) are calculated;

(c) choose a design loss model and associated parameters to transform the design rainfall

hyetographs into rainfall excess hyetographs (RE1, REz, ... , REn);

(d) calculate the resulting flow hydrograph using a routing model for which design

parameters for catchment response must be selected. This enables the transformation

of the rainfall excess hyetographs into surface runoff hydrographs (Hl, Hz, ... , Hn) at

the catchment outlet. Design baseflow (Bl,Bz,...,Bn) is then selected and added to

each of the surface runoff hydrographs to produce streamflow hydrographs

(Fr, Fz, .. . , Fn); and

(e) the rainfall duration producing the hydrograph with the maximum peak discharge is

then chosen as the critical duration and the corresponding peak becomes the design

flood event for the particular catchment. This design flood is then assumed to have the

ARI as the ARI initially selected.

Cordery (1971) was one of the first researchers to consider whether the peak design

hydrograph discharges for a given ARI corresponded with the peaks estimated from a flood

frequency analysis, following an analysis of observed floods in N.S.W. Since then, the

assumption that a design rainfall event of a given ARI can be converted to a design flood of
the same ARI in this manner has received much discussion and criticism by researchers,

including Beran (1913), Linsley and Crawford (1974), Lumb and James (1976), Ahern and

Weinmann (1982), Walsh et al. (1991), Consuegla et aI. (1993) and Rahman et al. (1998,

2001). The process assumes that each of the representative design values for the input

parameters used at successive stages can be chosen such that they do not influence the ARI of
the process. The validity of this approach is crucially dependent on how well this assumption

is satisfied. However, there are no definite guidelines on how to select appropriate values of
input parameters to ensure that the assumption is satisfied.
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Design ARI (1 in Y years)

Select design event durations (Dt, Dz, ... , Dn)

Determine design rainfall intensities (\,b, ... , In)
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Calculate design rainfall hyetographs
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Figure 1.1 Australian Rainfall and Runoff (ARR, 1987) Design Flood Estimation Method
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The current ARR (1987) design approach only considers the probabilistic nature of rainfall

intensity and ignores the probabilistic behaviour of other inputs such as rainfall duration,

temporal pattern, losses and baseflow. Design flood estimation is sensitive to variations in

these input parameters and the criteria surrounding the choice of these values is subjective and

often arbitrary, which is likely to lead to inconsistencies, uncertainty and bias in flood

estimates for a given ARI. Most importantly, the ARI neutrality of design inputs can not be

confirmed and the "real" return periods of the chosen parameters are never truly known

(Ahern and Weinmann, 1982; Consuegra et al., 1993). This places doubt on the assumption

of equality between the rainfall input and flood peak exceedance probabilities.

V/hile there are many methods available to determine a value for each input parameter, a

common method that is location independent is advantageous for design. Median values,

based on observed data, are often used and recommended for a particular location. However,

the probability of an occurrence of a value that is higher than the median is the same as the

probability of a lower value. In addition, the commonly recommended range of values from

which to choose the median may be large, particularly for the initial loss parameter. In ARR

(1987) the recommended median values either have large variation (for example, a median

initial loss value of 15 to 35 mm is suggested as part of a recommended range of 0 to 140 mm

for Eastern Queensland) or no direction is provided as is the case for Tasmania. The

transformation process between rainfall input and flood output is non-linear, which makes it
difficult to know how a representative or median value for initial loss and other inputs to the

process should be chosen to preserve the ARI. The supposition that using median values for

all variables preserves the ARI of the process has not been widely tested. Some researchers,

such as Consuegra et al. (1993), have argued against the use of median values and further

suggest that the selection of a median initial moisture content has no sound scientific basis.

A design flood is calculated from a combination of various design rainfall and catchment

inputs. Because of the uncertainty surrounding the selection of values for these inputs, the

use of median or representative values cannot be assumed to ensure that the rainfall input of a

given probability is linked to a flood estimate of the same probability (Ahern and Weinmann,

1982). Haan and Schulze (1987) concluded that the use of average values for input

parameters is not sufficient to predict events, particularly less frequent ones, and that mole

input parameters should be treated as random variables. Each part of the design process

introduces joint probability such that the true probability of the design flood may be obscured.
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Walsh (1991) showed that inappropriate combinations of event factors, losses and catchment

characteristics can result in unrealistic outputs, such as an excessively long critical event

duration for a small catchment, and consequently non-preservation of the ARI.

Although ARR (1987) has adopted the design event approach as a standard in Australia, it

recognises these limitations, the importance of considering the probabilistic nature of flood

producin g vari ables and recommends further investi gation.

1.2.2 Streamflow-Based Flood Estimation

Flood frequency analysis based on the statistical analysis of observed streamflow data at the

design location provides an alternative to rainfall-based design methods for estimating the

peak discharge for a given ARL ARR (1987) describes a methodology for undertaking a

valid flood frequency analysis using both graphical and analytical methods.

There are a number of advantages of this method of flood frequency analysis; the most

important is that it provides a direct estimate of the discharge for a given ARI without the

need to consider the conditional probabilities of other input parameters, as is needed for

rainfall-based methods. The factors affecting flood magnitudes are incorporated directly into

the observed flood data. Straightforward application of the method makes it a favourable

option and computed confidence limits can provide an indication of the accuracy of the

results. However, the application of this method for design is limited to situations where a

sufficiently long and reliable streamflow record is available. Walsh (1991) showed that

streamflow data is often unreliable, particularly for larger events that have required large

extrapolations of the associated streamflow gauge rating curve. In addition, it is difficult to

use or adjust data if the catchment or recording conditions change during the period of record.

Uncertainty can also exist as to the actual or true forrn of the probability distribution that is

applicable to the observed flood events. ARR (1987) recommend the use of the Log Pearson

III distribution, although other distributions such as the Generalised Extreme Value (GEV)

distribution have also been suggested (NERC,79l5).

1.2.3 Selection of Design Method

The length of rainfall records are typically greater than streamflow records and are more

widely available. Therefore, the use of rainfall records in conjunction with a rainfall-runoff

model generally allows more accurate flood estimates than those obtained from streamflow
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records alone, particularly at sites where data is limited. Streamflow records of a moderate

length (10 to 15 years) are desirable if reasonable design flood estimates are to be obtained

using flood frequency analysis. However, some streamflow data of a shorter length is suitable

for calibrating rainfall-runoff models. Another limitation with the use of streamflow data is

that catchment conditions may vary over time due to land clearance, land use change, fire or

stream regulation through the establishment of dams. It is difficult, sometimes impossible, to

adjust streamflow data to compensate for these or similar changes (ARR, 1987), making the

use of a flood frequency approach untenable. As climatic conditions generally remain stable

over time, long records of rainfall data are considered more reliable. Therefore, rainfall-based

flood estimation techniques are generally recommended and adopted.

L.3 ArrnRNATrvE Mpurons FoR Dnsrcx Fr,oon Esrruluo¡¡

Exploring possible improvements to the current ARR (1987) design approach is an obvious

and logical step in developing a better design flood estimation technique because the design

framework is already established and widely used. Previous improvements have generally

aimed to address the uncertainty in estimating the various input parameters by providing

better estimation methods. Irrespective of such research, improving parameter estimation

does not overcome the basic limitation of the approach, that is, the assumption of equality

between the probabilities of the rainfall input and flood output. While such developments are

an easier first step for improvement, rather than the development of an alternative approach,

continual research into a method with fundamental weaknesses that appear difficult to
overcome, may not produce significantly improved results or a more robust approach.

Therefore, alternative approaches have become more popular with research being undertaken

into empirical, joint probability and continuous simulation approaches, which are discussed in

the following.

1.3.1 Rainfall-Based Empirical Methods

Empirical models for design flood estimation use observed flows to derive coefficients that

can then be incorporated into an equation to transform rainfall to runoff (James and Robinson,

1986). Using this approach, the effect of all physical variables on the ARI are incorporated

into the coefficients as the flood of a given probability is directly linked with the rainfall of
the same probability through a fi'equency analysis of both observed floods and rainfall
(Walsh, 1991).
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An example of this type of model is the Probabilistic Rational Method (ARR, 1981) where the

runoff coefficient for a given ARI is calculated as follows:

CY
Q, (1.1)

0.218AI ltY

where:

CY

A

I

- peak flow rate 1m3/s¡ at an ARI of I years;

: catchment area (km2); and

: âVerâge rainfall intensity (mm/hr) for a design duration of /. and ARI of Y years

This runoff coefficient is then used in a relationship, along with design rainfall of the same

ARI, to estimate a peak discharge. The Probabilistic Rational Method is also an example of a

regionalised method, which requires a network of streamflow gauges and a framework for

transferring results to ungauged catchments. As the coefficients for the Probabilistic Rational

Method in ARR (1987) have been determined for a limited range of catchment sizes and

characteristics, extrapolation must be done with caution (ARR, 1987). Sufficient observed

streamflow data is the biggest limiting factor in the use of such methods.

Empirical methods overcome the basic limitations of the design event approach through the

automatic and lumped consideration of all flood affecting processes. However, since many

physical processes are incorporated into a single coefficient (or a small number of

coefficients) the design applications must be restricted to areas that fall within the range of

conditions that were used to derive and calibrate the coefficient(s).

1.3.2 Joint Probability Approach

The joint probability approach to design flood estimation attempts to overcome limitations in

the current ARR (1987) design method through a reduction in the unceftainty and bias

surrounding the estimation of input parameters and the consequences of their interaction in

calculating design floods. It has been acknowledged that the same peak flood could result

from a moderate storm on a saturated catchment or from a large stotm on a dry catchment

(Vy'einmann et al., 1998). Because this approach defines the input parameters as random

variables, it allows for the consideration of all possible combinations of these parameter

values, thereby eliminating the subjectivity in selecting input values and overcoming the need

to assume that the correct design flood will be chosen from a single combination of

parameters. Consequently, the resulting flood output is defined as a probability distribution

9
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rather than a single value. The theoretical superiority of this approach, which once developed

may lead to better and more consistent estimates of design flows, has been recognised by both

ARR (1987) and other researchers.

The application of this approach requires the determination of probability distributions for the

flood producing input parameters and then combines them with an appropriate rainfall-runoff
model to produce the probability distribution of the flood output. The method of combining

the input parameters to form the output is generally referred to as a derived distribution

approach, which is a combination of deterministic and stochastic hydrologic modelling

(Laurenson,l974). The adopted distributions and any assumed correlation structure for the

input parameters define the stochastic elements of the method, while the transformation of
these inputs into outputs using a rainfall-runoff model forms the deterministic aspect. A
derived probability distribution can be obtained using either analytical or approximate

(discrete or simulation) methods as outlined below.

Analytícal Methods

Analytical methods involve applying principles of probability to derive a probability

distribution of the peak streamflow. The cumulative density function of the peak streamflow

is determined by enumeration if the probability distributions of the input parameters are

discrete, or by integration if they are continuous (Rahman et a1.,1998). The main advantage

of this approach is that the effects of the various flood producing input parameters on the

resulting ARI can be clearly distinguished in the final set of equations.

Eagleson (1972) produced one of the first analytical methods for obtaining a derived

probability distribution of peak streamflow from probability distributions of catchment and

climate characteristics, by way of a kinematic runoff model in an idealised V-shaped flow
plane. Limited applicability, due to simplified assumptions, has led to modifications and

extensions by researchers including Wood (1916) who incorporated random variability in the

antecedent catchment moisture conditions, showing the importance of this parameter and the

effects of its variability. Hebson and Wood (1982) indicated that the extension of this model

to larger catchments may not be possible due to complex flow equations. Poor results were

shown in studies conducted by Moughamian et al. (1981) and Cadavid et al. (1991).

Another analytical method involves the use of a Geomorphologic Unit Hydrograph (GUH),

which is an Instantaneous Unit Hydrograph (IUH) and a probabilistic model describing the
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movement of a randomly placed water droplet through a catchment (Hebson and Wood,

1982). The model is parameterised in terms of Horton's order laws and Strahler's stream-

ordering system, which together provide a systematic description of the topological order

exhibited by most natural catchments (Hebson and Wood, 1982). The concept and

methodology behind a GUH, relating catchment response to basin geomorphology, has been

employed by a number of researchers (Rodriguez-Iturbe and Valdes, 1979; Gupta et al., 1980;

Rodriguez-Iturbe et al., 1982a; I982b) as it is believed to have more promise for modelling

large and complex catchments. Hebson and Wood (1982) investigated the possibilities of

using a GUH with the effective precipitation model of Eagleson (1972) to study the effect of

catchment scale and shape on flood frequency characteristics, achieving reasonable success

with the method for two catchments. Diaz-Grandados et al. (1984) also utilised the GUH but

with the Philip (1951) representation of the infiltration process, again applying the method to

two catchments with reasonable results. Extensions to this work have been undertaken by a

number of researchers including:

. 'Wood and Hebson (1986) with a study of flood frequency similarity between

catchments;

. Sivapalan et al. (1990) in a study on the interrelationships between the processes that

underlie the event response in catchments of different scales and physical

characteristics as reflected in flood frequency distributions; and

. T¡och et al. (1994) in an investigation into which processes dominate runoff in a small

catchment and the sensitivity of flood frequencies to various model parameters.

While most research has presented the use of the GUH positively, Moughamian et al. (1987)

found that small errors in the rainfall input parameters and the rainfall-runoff models

produced significant errors in the derived flood frequency curves and suggested that the

method required fundamental improvements before it can be used in practice with confidence.

Raines and Valdes (1993) were able to improve on the GUH research by using the U.S. Soil

Conservation Service (SCS) curve number for the infiltration model but also suggested that

improvements were required. The SCS method was also used by Haan and Edwards (1988),

who extended wolk by Haan and Schulze (1987), to provide a methodology for combining

rainfall probabilities and the probabilities of various antecedent conditions for estimating the

return periods of flows. The SCS method was used to estimate the runoff and maximum

rainfall loss with flood frequency curves determined from the joint probability density
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function of these variables.

The feasibility of any of the analytical approaches depends on the rainfall-runoff model used

and the availability of simple stochastic models for the input parameters so that the

derivations are analytically tractable (Rahman et al., 1998). However, this may not be

possible when analytical methods are applied to complex catchments.

Approximate Methods

Approximate methods are generally used when an analytical approach becomes too

mathematically complex. Approximation is carried out using either:

. discrete methods, where the continuous distributions of input parameters are

approximated by discrete distributions and the Theorem of Total Probability is used to

obtain a derived frequency distribution; or

. simulation techniques, where random samples are drawn from continuous distributions

of input parameters and the resulting outputs are used to determine a derived

frequency distribution.

Discrete methods have been used by a number of researchers including Laurenson (1974),

Russell et al. (1979), Ahern and Weinman (1982) and Fontaine and Potter (1993). Beran

(1913) used a combination of the discrete and simulation methods. Simulation techniques

have also been utilised by Muzik (1993), Durrans (1995) and Rahman et al. (2001).

Laurenson (1974) suggested using a transformation matrix to represent the deterministic

components of a system, which would allow the conversion of an input probability

distribution to an output probability distribution. This method was applied to calculate

frequency distributions of peak outflows from a combination of the frequency distribution of
peak inflows and storage contents. A similar application was carried out by Ahern and

Weinmann ( 1982) who used the method to combine the frequency distributions of rainfall and

rainfall loss to obtain a frequency distribution of peak flows. This method was found to be

more robust than the selection of single representative values for input parameters.

Russell et al. (1979) considered the stochastic nature of event rainfall and of the parameters

characterising catchment response to produce a methodology for calculating design flows.

The Clark runoff model was used to transform rainfall into rainfall excess, and three model

parameters, namely, the time of concentration (T), a storage constant for a linear reservoir (R)
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and an infiltration function (I), were all assumed to be independent random variables. The

continuous distributions for these variables were obtained from observed data and discretised.

Seven values of T, nine of R and three of I were used to obtain 120 reasonable parameter

combinations. The infiltration rate was assumed to be constant for any particular event. The

probabilistic nature of rainfall properties (duration, depth and temporal pattern) were

described using the observed variability of the 60 largest complete events contained in 15

years of historic data. Streamflow hydrographs were then generated from all the possible

combinations of rainfall and catchment conditions with the peak flows used to determine the

conditional probabilities of 50 specified flows.

Fontaine and Potter (1993) defined a method for calculating the exceedance probability of a

given flood using joint probability relationships between extreme rainfall and antecedent

moisture conditions. Discrete probability distributions of the antecedent moisture conditions

were represented by three curve numbers of the SCS method, a simplified assumption for the

use of this method. The joint probability relationship with extreme rainfall was then

calculated by using a rainfall-runoff model (HEC-I) that simulated floods resulting from all

significant combinations of the two variables.

Beran (1913) used a discrete method combined with a simulation component to derive a flood

frequency distribution. Continuous distributions of rainfall duration, temporal pattern and

catchment wetness index (CWD were discretised to allow each variable to assume one of a

finite number of possible values, each with a probability weight attached. A unit hydrograph

method for catchment response was used in conjunction with 12 values of duration, 36

temporal patterns and 72 values of CWI. The simulation technique sampled all possible ways

in which an event with an ARI of Y years may cause a flood and derived its probability

distribution. The procedure followed a lainfall-based design process but instead of an

arbitrary choice at each step, the choice was made from a selection of values, each with a

frequency proportional to its probability of occurrence (probability weight). It was observed

that small changes to the CWI produced large variations in the resulting floods and a CWI

chosen close to the median of the distribution yielded peak discharges five percent greater

than expected. Overall, the derived curves were much flatter than the observed, indicating

that the observed flood frequency distribution was severely underestimated. There is also a

question as to the validity of this approach as it determines a probability distribution of event

duration from complete events, but then uses published Intensity-Frequency-Duration (IFD)
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curves, which are determined from rainfall bursts, to determine rainfall depth

Muzik (1993) used a modified SCS curve number method to determine rainfall loss and hence

runoff. For each simulation the total rainfall amount (P) was chosen randomly from a

Gumbel distribution. A Log Pearson III distribution was used to represent the initial rainfall

loss (Iu) and the five day antecedent rainfall (P5), with the maximum potential loss (S)

determined from a conditional relationship between S and P5. These parameters were used to

transform P into the rainfall excess depth (P"), which was then transformed deterministically

into streamflow using a dimensionless unit hydrograph. A Monte Carlo simulation was then

used to derive a synthetic flood frequency curve, which was capable of reasonably predicting

runoff. It was concluded that even if the true distribution of the input variables such as P5, S

and Iu are not exactly known, the effects of their variation within physically realistic limits can

be assessed and considered using a Monte Carlo simulation. The use of a Monte Carlo

silrulatìott Lo study flood prubabilities was emphasised by Muzik (1993) as a superior

approach for statistically fitting probability distributions to observed flows.

Durrans (1995) presented a simulation procedure for determining a flood frequency curve for

regulated catchments. The procedure used Monte Carlo techniques to sample the unregulated

annual flood peak and volume, the dimensionless initial reservoir depth and the dimensionless

gate opening area from defined distributions. The hydrograph was then routed through the

reservoir and the process repeated thousands of times to obtain outflow hydrograph peaks,

which were used to empirically define the regulated flood frequency distribution. This

process was also suggested as a method that could be used to empirically quantify the joint

distribution of both regulated flood peaks and volumes.

Rahman et al. (2001) developed a Monte Carlo simulation technique for deriving flood

frequency curves and applied it to three Victorian catchments. It was based on a joint
probability approach and considered the probability-distributed nature of various input

parameters and their inter-dependencies to determine design flood probability distributions.

The modelling framework used existing loss models and runoff-routing models as

deterministic elements to simulate a derived flood frequency curue. Rainfall duration,

intensity, temporal pattern and initial loss were treated as random variables of probability

distributions. However, in order to use the existing Intensity-Frequency-Duration (IFD)

information of intense rainfall bursts, the analysis was undertaken in terms of storm-cores,

which are defined as "the most intense rainfall burst within a complete storm". A storm-core
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duration was assumed to follow an exponential distribution and IFD curves were developed

based on a partial series of storm-core events. A storm-core temporal pattern was randomly

selected from an observed set of storm-core patterns, with the storm-core initial loss assumed

to follow a beta distribution. A simple runoff-routing model, consisting of a single non-linear

storage located at the catchment outlet, was calibrated and used in conjunction with an

average value for baseflow to generate a streamflow hydrograph. The peaks of all simulated

hydrographs were then used to determine a derived flood frequency curve. This curve was

shown to be sensitive to the choice of rainfall intensity distribution, temporal pattern

representation and initial loss distribution. V/hile the method was reported to give reasonable

estimates for flood frequencies up to an ARI of I in 100 years, it was stated that further work

was needed before the procedure could be adopted by industry for practical use for design.

Rahman et aL. (1998) carried out a detailed review of joint probability approaches for design

flood estimation. This review recognised that a large amount of research has been undertaken

into the derivation of flood frequency distributions from the joint consideration of flood

producing input parameters. However, most of these applications have not been considered

for their practical application to routine design, particularly in light of the model complexities,

difficulties in parameter estimation and limited flexibility in the approach.

1.3.3 Continuous Simulation

Continuous simulation provides a promising alternative to the methods so far discussed and

has the potential to address the limitations of the current ARR (1987) design approach, which

are discussed in Section 1.2. The aim of continuous simulation is to effectively describe the

major processes responsible for convefting catchment rainfall inputs into flood outputs.

Using inputs from rainfall, potential evaporation and other climatological data, the rainfall to

runoff process is then simulated for long periods from which outflow hydrographs are

generated. One of the important components of the method is a continuous water budget

model that eliminates any subjectivity in the selection of initial loss as the conditions

antecedent to each storm event are known and the effects of these are included in the

continuous time series of flows. Other positive aspects of the method are that it overcomes

the problem of critical event duration as the resultant outflows are simulated for all events

(Lumb and James, 1916). Frequency analysis of the flow can also be undertaken by

statistically analysing the time series of the model, as opposed to assuming an equal

probability of floods based on the causative rainfall (Huber et al., 1986).
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The application of a continuous simulation method requires adequate modelling of soil

moisture balance, long records of rainfall and evaporation as well as a representation of any

correlation between input parameters (Lumb and James, 1916; Ahern and Weinmann, 1982;

James and Robinson, 1986). The method uses input variables that have a lesser potential to

introduce bias and uncertainty but involves a more complex modelling process (Linsley and

Crawford, 1974; Rahman et a1.,1998). As such, less research has been done in this area.

A recent development by Boughton (2000a) and Boughton et al. (1999, 2000) involved the

use of a continuous simulation approach of design flood estimation for several Victorian

catchments. Newton and Walton (2000) also applied this approach to a Western Australian

catchment. The approach involved a transition probability matrix model for the generation of
daily rainfall sequences that were disaggregated into hourly values. The Australian Water

Balance Model (AWBM) was then used to convert this rainfall into rainfall excess, explicitly
accounl.ing for losses. A single, non-linear concentrated storage model was developed to

route this rainfall excess to the catchment outlet and determine the resulting outflow

hydrograph. A comparison of the average flood frequency distribution from ten simulations

with the observed flood frequency distribution demonstrated the potential of this approach to

overcome some of the estimation limitations of existing design flood methodology.

1.3.4 Summary of Alternative Design Flood Estimation Methods

The alternatives for estimating design floods and flood frequency curves that have been

discussed genelally involve rainfall generation, runoff determination and hydrograph

formation. Differences exist in how each phase is implemented and how the flood producing

input parameters are treated. The rainfall generation phase uses the input parameters of event

duration, event intensity/depth, temporal distribution and areal distribution. In most studies,

including the current ARR (1987) design event approach, event intensity or depth is

considered as a random variable. The stochastic nature of other input variables has been

considered in more recent research. All these variables are inputs to the runoff phase, where

the transformation of rainfall to rainfall excess is determined. This is a deterministic process.

The rainfall excess is the main input into a routing model to obtain a streamflow hydrograph,

with some routing models also requiring the addition of baseflow in the routing process. The

major factor affecting hydrograph production is the adequacy of the routing model to

represent the physical processes that describe catchment response.
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L.4 R¡.nFALL Loss Monnr.s FoR DESIGN FLooD ESTIMATIoN

It has been established that the value of rainfall loss assumed during the conversion of rainfall

to rainfall excess strongly influences the magnitude and shape of the flood hydrograph (Keifer

and Chu, 1957; Cordery, l970a Beran, l9l3; 'Walsh, l99l:. Nandakumar et aI., 1994;

Rahman et al., 1998). To achieve significant improvement for design flood estimation, a

method for appropriately selecting or calculating rainfall loss needs to be developed.

The /ass during an event refers to the rainfall that does not appear as direct runoff. This

includes all processes associated with interception by vegetation (interception loss),

percolation into soil (infiltration), surface storage retention (depression storage), loss through

the streambed and banks (transmission losses) and evaporation. This rainfall loss exhibits

both temporal and spatial variability. 'When modelling or describing losses they are usually

categorised as occurring either before or after surface runoff commences. Losses may occur

after rainfall has ceased but this is extremely difficult to quantify.
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Figure 1.2 The effect of catchment wetness.

Catchment antecedent moisture conditions, and hence the assumed value of initial /oss (the

loss that occurs before the commencement of runoff) produces a stronger influence on runoff

than the loss that occurs after runoff commences- Figure 1.2 shows how a given rainfall on a

dry catchment can produce significantly less runoff than the same rainfall on a wet catchment.

r Wet Catchment
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Aside from rainfall intensity, the appropriate choice of loss and in parlicular initial loss is

considered the most important design flood input parameter (Beran, 1913; Rahman et al.,

1998). Some of the different approaches that have been used to model rainfall loss and hence

initial loss are presented in the following.

1.4.1 Point Infiltration Loss Models

As discussed above, many processes and mechanisms contribute to rainfall loss. Because of
the difficulty in defining equations and obtaining meaningful parameter estimates from

limited data, most models do not consider each mechanism separately, but consider the total

loss as infiltration into the soil. A number of the previously discussed derived distribution

studies have utilised this type of loss representation, the most basic of which assumes a

constant infiltration rate for all events. This was used by Eagleson (1912), Russell ¿r al.

(1919) and Hebson and Wood (1982). 'Wood (1916) also used a constant infiltration rate for

any particular event but allowed it to vary between events.

Other infiltration models attempt to incorporate a reduction of the infiltration rate/capacity

with time using empirical equations (Horton, 1933), or analytical solutions to complex

equations for the water movement in the soil (Green and Ampt, 1911;Philip, l95l). Figure

1.3 represents this type of model.

Rainfall
lntensity

(i)

Time (t)

Figure l 3 Infiltration curve model

The Hortr¡n (1933) model for infiltration, as defined by Chow er a/. (1988) is

f (t)= f,+(fo-f,)t-'

l8
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where:

f (t)

fo

f,
t

k

where:

f (t)

K,

M

V

F (t)

= infiltration rate at time r (mm/hr);

= initial infiltration capacity (mm/hr);

= final infiltration capacity (mm/hr);

: time (hr); and

: exponential decay constant (h.-t).

'Ihis describes the rate of decrease in infiltration capacity to a constant value over time, and is

only applicable under shallow ponded conditions. It has been extended to improve the

representation of the infiltration process for conditions where the infiltration rate is less than

the maximum at the commencement of an event (Bauer, I9l4', Akan, 1992; Nandakumar ¿r

aI., 1994). However, it has still been used in its original form by researchers including

Ormsbee (1989) to investigate the effects of rainfall disaggregation procedures on design

flood estimation, and by Walsh and Pilgrim (1993) to obtain design flood estimates with

reasonable success. In addition, the Horton model is used for the infiltration component of

the ILSAX model (O'Loughlin, 1986), which is commonly used in Australia for urban

stormwater design.

The Green and Ampt ( 191 1) infiltration model, as defined by Nandakumar et al. (1994) is:

(1.3)

= infiltration rate at time r (mm/hr);

= saturated hydraulic conductivity (mm/hr);

= initial soil moisture deficit (vol/vol);

= capillary suction at the wetting front (mm of water); and

: cumulative infiltrated volume from staft of event to time / (mm)

This was developed through the application of Darcy's Law under ponded conditions,

constant matric potential and uniform moisture content and conductivity.

Mein and Larson (1913) showed that this could be adapted to predict the volume of

infiltration prior to the occurrence of ponded conditions, where the rainfall intensity may be

less than the infiltration capacity of the soil, and also to model infiltration under steady
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rainfall. Chu (1978) and Mein (1980) both showed the model can be applied with variable

intensity rainfall with Chu (1978) obtaining good agreement between predicted rainfall excess

and observed runoff for a number of events. James et al. (1992) applied the Green-Ampt

model and the SCS curve method to 23 events over seven catchments and concluded that the

Green-Ampt model is preferable for high rainfall depths. Hill (1998) applied the model to
nine catchments and reported that while the results were adequate they were not on average

superior to those obtained using simplified conceptual loss models, which are discussed in
Section 1.4.2.

The Philip (1957) infiltration model is a series solution to the physically based mathematical

model of flow in porous media of Richards (1931), and is defined by Chow et al. (1988) as:

1t
f (r)=!St'+K (1.4)

where:

f (t)
s

K

t

: infiltration rate at time r (mm/hr);

= sorptivity (mm/hr);

= hydraulic conductivity (mm/hr); and

: time (hr).

The model applies to an homogeneous soil of uniform initial moisture content with ponded

conditions at the surface (Nandakumar et aL, 1994), and has been combined with various

catchment runoff-routing models to derive flood frequency distributions by Diaz-Granados ¿t

al. (1984), Sivapalan et al. (1990) and Cadavidet al. (1991).

In many cases it is possible to define the processes that contribute to rainfall loss at a point on

the catchment but becomes more difficult when trying to estimate a representative value of
loss for an entire catchment. The point infiltration models described above may fail to
adequately simulate actual catchment losses because of the spatial variability of the physical

runoff generation mechanisms (Nandakumar et a|.,7994). Even for small catchments there is

often large variations in catchment characteristics associated with topography, vegetation and

soils, as well as the distribution of rainfall during any particular event. This makes it difficult
to determine the appropriate parameters to use in a point model and hence determine the link
between physical catchment characteristics and rainfall loss.
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1.4.2 Conceptual Loss Models

To overcome the limitations of point infiltration models, losses can be defined as part of a

conceptual loss model. There are two main types of conceptual loss models, lumped and

distributed, both of which are applied at a catchment scale.

Lumped Loss Models

Lumped models are based on a spatial averaging over the catchment or sub-catchment and

consequently are functions of time only. Model parameters are estimated using the total

catchment runoff, which does not consider the separate variations of processes within the

catchment on an individual basis. While defined as functions of time, the actual temporal

patterns of the losses are not considered and catchments are assumed to have uniform loss and

evaporation characteristics. There are a number of lumped loss models used to form the basis

of current runoff process models used for flood estimation. The use of these conceptual loss

models is often preferred over mathematical equations for infiltration, particularly for design

applications, because of their ability to approximate whole of catchment runoff behaviour

(Nandakumar et al., 1994).

The constant loss model assumes that the rainfall excess is the residual after a constant rate of

loss is reached (Figure 1.4).

Constant Loss

Rainfall lntensity (i) /
Streamflow (q)

Streamflow
Hydrograph

Time (t)

Figure 1.4 Constant Loss Model
(adapted from Hill et aI.,l996a).

This model has not been widely used in design applications because it is not considered

sufficiently complex to fully describe the actual loss processes (Nandakumar et al., 1994).

However, it has been applied in areas having high runoff and low losses, such as the Kimberly
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region of Western Australia (Flavell and Belstead, 1986)

The initial loss-continuing loss model is one of the most commonly used loss models in

Australia (ARR, 1987; Hill et a1.,1996a;1996b; Hill, 1998) and has been used in design flood

estimation studies by Flavell and Belstead (1986), Walsh (1991), Hill et al. (1996a, 1996b)

and Rahman et aI. (2001). Shown in Figure 1.5, the initial loss is the loss that occurs prior to

the commencement of surface runoff and is assumed to be composed of the interception loss,

depression storage and infiltration that occurs before the soil surface becomes saturated. The

model assumes that no runoff occurs until a given loss volume has been reached, regardless of
the rainfall intensity. The continuing loss is assumed to be a constant average rate of loss

throughout the remainder of the event.

lnitial Loss Continuing Loss

Rainfall lntensity (i) /
Streamflow (q) Streamflow

Hydrograph

Time (t)

Figure 1,5 Initial Loss-Continuing Loss Model
(adapted from Hill et aL,l996a).

The model is consistent with the concept of runoff being produced by infiltration excess, that

is, runoff occurs when the rainfall intensity exceeds the infiltration capacity of the soil.

Although the model is physically acceptable, the selection of an appropriate initial loss

component is often arbitrary and the constant continuing loss rate is a simplification of the

physical infiltration decay process. Loss values have been determined for both initial loss and

continuing loss from a limited number of studies and are contained in ARR (1987). ARR
(1987) states that the large range of values may only be applicable for about 4OVo of Australia.

For locations where design loss rates have not been obtained, ARR (1987) recommends the

use of loss values for regions that have similar characteristics. However, ARR (1987) also

cautions on the use of these values for areas where they were not calibrated because of
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complex interactions between climate, vegetation and geology. Nandakumar et al. (1994)

supports this by suggesting that research has demonstrated difficulties in obtaining

relationships between catchment characteristics and the median continuing loss rate, which

indicates that the transposition of loss values between "similar" catchments may not be

appropriate.

The initial loss-proportional loss model has been developed in recent years (Harvey, 1982;

Flavell and Belstead, 1986; Dyer et a1.,1994; Nandakumar eî aL,1994), based in part on its

consistency to the theory of the saturated overland flow runoff generating mechanism. This

model assumes that runoff is generated from the saturated portions of the catchment, with the

saturated area dependent on the duration and severity of the event. The initial loss is again the

loss that occurs prior to the commencement of surface runoff and the proportional loss is

assumed to be a constant fraction of the rainlãll after surfãce runotT has commenced (Figure

1.6). For simplicity, the proportional loss value is usually taken as a constant for a catchment,

rather than for an event (}ìill et al.,l996a).

lnitial Loss Proportional Loss

Rainfall lntensity (i) /
Streamflow (q)

Streamflow
Hydrograph

Time (t)

Figure 1.6 Initial Loss-Propor-tional Loss Model
(adapted from Hill et a|.,1996a).

Hill et al. (1996a) suggested that while this loss model was theoretically superior for

catchments where runoff is predominantly generated by saturated overland flow, the lack of

guidance in ARR (1987) for the selection of suitable values for proportional loss reduces its

potential for use in design without further investigation. Hill et at. (1996a) found the initial

loss-proportional loss model to be inferior for estimating design events. However, Harvey

(1952) found that this model performed well in south Westetn Australia while Flavell and
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Belstead (1986) used it to derive design losses. Dyer et al- (1994) found the model performed

better than the initial loss-continuing loss model when fitting the RORB model to observed

streamflow hydrographs for 24 catchments.

A limitation of the model is that the loss proportion is assumed to remain constant for the

entire length of the event and that this proportion is often used for all events. This has led to

the development of a variable proportional loss model (Siriwardena and Mein, 1995;

Siriwardena et al., I99l;H111,1998) to describe the change in runoff producing areas during

events, by using pre-event baseflow to indicate the antecedent wetness of a catchment. The

separation of initial loss is not required and as rainfall occurs the size of the saturation area of
the catchment increases, resulting in an increased proportion of rainfall contributing to runoff.

A disadvantage of the method is that the use of baseflow to determine antecedent wetness is

only valid when baseflow occurs in measurable quantities, as is the case for the

predominantly Victorian catchments that have been tested. Its use for many Australian

catchments that are ephemeral is qtrestionable. It is also questionable for use on catchments

with high levels of sustained baseflow as the pre-storm baseflow will not necessarily be a

good indicator of catchment wetness (Hill, 1998). The method was unable to account for the

changes in catchment wetness during dry periods, often leading to overestimation of runoff
coefficients towards the end of protracted events (Hill, 1998). Finally, as the model was

based on the analysis of complete events rather than intense bursts it is therefore currently

incompatible with the properties used in the current ARR (1987) design method.

The SCS curve number method rainfall-runoff relationship was developed by the US Soil

Conservation Service (1972, 1985). It is an empirical procedure that aims to provide a set of
curves (Figure 1.7) for estimating the amount of runoff from rainfall based on the soil type,

antecedent moisture condition, land use treatment and hydrological condition of the

catchment (Nandakumar et al., 1994).

Achieving appropriate flood estimations using these curves is sensitive to the choice of
rainfall curve number, the selection of the appropriate antecedent moisture conditions and the

method for estimating the time of concentration ('Walsh,l99l; Nandakumar et al., 1994).

Haan and Schulze (1987), Haan and Edwards (1988), Raines and Valdes (1992) and Fontaine

and Potter (1993) used the method for deriving flood frequency distributions, but ARR (1987)

and Nandakumar et al. (1994) have reported poor results when applied to Australian

catchments.
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Cumulative
Runoff Depth

Curves for
different

catchment
conditions

Cumulative
Rainfall Depth

Figure 1.7 SCS curve number method
(adapted from Nandakumar et aL,1994)

'Iitmarsh et al. (1989) carried out extensive testing of a similar method on 140 catchments in

Eastern Australia using alternative curves. The alternative probabilistic curve numbers were

derived to ensure that peak discharges estimated from design rainfall were equal to peak

discharges determined from a frequency analysis of obser.¿ed floods. Curve numbers derived

in this manner were shown to produce reasonable design flood estimation and improved on

the estimation made using the standard SCS methods.

The antecedent precipitation index (API), also called the catchment wetness index (CWI) is a

measure of the antecedent conditions of a catchment that govefiì infiltration loss and

baseflow. li4ein et al. (1995) defines this index as:

APIo=Po+P,K+P2K2+"'+P"K" K<1 (1.5)

where:

K = recession factor; and

Pn : daily rainfall, n days antecedent to the rainfall event'

Fontaine and Potter (1993) and Beran (1973) have used this index as an input for design.

Beran (1973) developed a probability distribution for the API, which was calculated from the

soil moisture deficit and a five-day antecedent precipitation index determined from observed

daily rainfalls. Cordery (l97}b, 1911) developed a relationshìp between initial loss and API

for New South Wales catchments, which, when combined with daily rainfall, was used to

determine the potential initial loss for every day of the rainfall record. These daily values

were then used to calculate the median potential initial loss for the catchments.
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Distríbuted Loss Models

None of the conceptual lumped models can handle the dynamic and spatial nature of rainfall

excess of a catchment during a rainfall event or throughout the year, as the effect of catchment

variability on runoff generation is not explicitly taken into account. This has led to the

development of distributed models. Distributed models are functions of both space and time

that consider the location at which loss is occurring. However, for these types of models to be

utilised an enormous amount of catchment information data is required. This effectively
precludes their application to flood estimation in Australia due to the limited data available.

1.4.3 Probability Distribution of Initial Loss

Some effort has been directed towards determining probability distributions for initial loss.

Most probability distributions that have been developed have been based on an analysis of
complete events rather than bursts. Haan and Schulze (1987) dcrivcd a probability

distribution for maximum potential initial loss using observed rainfall data, runoff data and

SCS curve number. Fontaine and Potter (1993) derived a probability distribution of
antecedent soil moisture from observed daily rainfall data. Rahman et al. (2OOl) used a beta

distribution to represent the initial loss from storm cores.

1.4.4 Discussion

Many of the loss models discussed above have difficulties or limitations when applied to

design flood estimation. The main difficulty is the need to estimate the level of initial loss.

Most estimates have been derived from a study of complete events. However, design rainfall

intensities and temporal patterns have been derived from intense rainfall bursts, which leads

to incompatibilities between input parameters within the process. This was highlighted by

Rigby and Bannigan (1996) and Hill and Mein (1996c). ARR (1987) also suggests that since

antecedent rainfall will pre-wet the catchment, losses derived for complete events will tend to

be too high for application to bursts. Rahman et al. (2001) has been one of the first to
consider the relationship between initial loss based on a burst and initial loss based on an

event.

Hill and Mein (1996c) stated that "it is unlikely that separate analyses of the component

factors which are used to calculate design floods will produce estimates which match

observations." For this reason, a new approach has been investigated to eliminate the need to
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examine or calculate the initial loss component for engineering design flood estimation.

L.5 PnopospD Dnsrcu Froon EsrrvllrloN APPRoACH

There have been two main approaches to design flood estimation developed for Australian

catchments in recent years, the joint probability approach of Rahman et al. (2001) and the

continuous simulation approach of Boughton (2000a). V/hile both models show potential to

overcome existing design flood estimation difficulties, neither retains the simple procedure of

the current design techniques. This study seeks to develop an approach that improves the

existing design flood estimation techniques, but at the same time retains the basic design

methodology to enable the method to be readily used for routine design applications.

1.5.1 Methodology

The main area that is targeted for improvement is rainfall loss estimation, by eliminating the

need to estimate a value or distribution for the initial loss. Figure 1.8 outlines the

methodology used to achieve this aim and involves:

(a) use of a continuous simulation model of rainfall to generate synthetic rainfall data at

the finest resolution possìble. The critical requirements of the rainfall model is to be

able to represent:

. the inter-event time (the interval between one event ending and another beginning

is the time during which evapotranspiration can occur);

. the event duration (this partially determines the beginning and end of the

infiltration process) ;

. the event intensity (this ultimately limits the maximum level of runoff that may be

generated and the water available for infiltration and groundwater recharge); and

. the internal event characteristics (temporal distribution).;

(b) use of a continuous simulation model of evaporation, conditioned on daily rainfall,

which generates synthetic evaporation data. A stochastic evaporation model is used

because evaporation is an important controller of the antecedent soil moisture

conditions that in turn affects the rainfall excess produced during an event;
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Rainfall Generation

Evaporation Generation

I

I
Catchment'Water Balance Model

Generate Rainfall Excess

IFD Analysis of Rainfall IFD Analysis of Rainfall Excess

Determine Rainfall Excess Frequency Duration Proportions
(REFD)

Use REFD proportions to replace initial loss
estimates in the ARR design process

Use a flood estimation model (with a baseflow
component to repìace baseflow estimation in ARR

design process) to generate flood hydrographs

Flood frequency determination
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(c) use of a conceptual catchment water balance model with the rainfall and evaporation

models as inputs to continuously simulate rainfall loss and rainfall excess;

(d) an IFD analysis of the rainfall input to produce a series of curves that describe the

probabilistic nature of rainfall intensity, dependent upon duration;

(e) an IFD analysis of the rainfall excess output to produce a series of curves describing the

probabilistic nature of rainfall excess dependent upon duration;

(Ð a probabilistic description of rainfall excess that is dependent upon rainfall intensity

and duration obtained by developing a relationship between the rainfall IFD curves and

the rainfall excess IFD curves. The factors used to describe these relationships are

called the Rainfall-Excess-Frequency-Duration (REFD) proportions and indicate the

proportion of rainfall that will become rainfall excess for an event with a particular

ARI; and

(g) validation of the approach. It is envisaged that these REFD proportions can be used

directly with the current design flood estimation methodology. The REFD proportions

are combined with design rainfall and temporal pattems and used as input to a flood

estimation model to determine a flood frequency distribution. To remove the

requirement of selecting values of design baseflow, a flood estimation model with a

baseflow component was used to route the rainfall excess to the catchment outlet. The

calibration of the flood estimation model to observed events determines the parameters

governing baseflow and as such there is no need to estimate baseflow values for the

design ARI.

1.5.2 Routine Design Flood Estimation

V/hile this study uses continuous simulation techniques to develop REFD propottions,

eliminating the need to select values of initial loss, continuous simulation is not practical for

routine design flood estimation. Figure 1.1 shows the current ARR (1987) design flood

estimation method, which requires the estimation of initial loss. Figure 1.9 shows how this

procedure can be modified with the incorporation of the REFD proportions.
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For routine design flood estimation the generation of design rainfall occurs as outlined in

Section 1.2.I. Then, instead of selecting a design initial loss value, the REFD proportions are

used to convert the design rainfall directly to design rainfall excess. The remainder of the

design rainfall is assumed to infiltrate into the soil. With the use of the REFD proportions,

the proposed design methodology can follow one of two paths. The left hand path shows the

standard process as used in ARR (1987) where the rainfall excess is routed to the catchment

outlet and design baseflow is added to the surface runoff hydrograph to determine the

streamflow hydrograph. The right hand path shows the methodology that was used in this

study, which used a flood estimation model with an infiltration and sub-surface flow

component to eliminate the need to select a design value of baseflow. This allowed the

surface runoff hydrographs to be transformed directly into streamflow hydrographs. A flood

frequency distribution can then be determined.

1.5.3 Study Outline

In the following chapter, a number of stochastic rainfall models are investigated to determine

the best possible options for use in this study. This review highlighted the difficulties in

obtaining a reliable rainfall model that could adequately reproduce the observed statistical

properties of rainfall at a variety of time scales. As such, an alternative stochastic rainfall

model was developed and validated, which has the potential to be used for a wide variety of

purposes in addition to the current study. This is discussed in Chapters 3 to 5. Following

this, methods for generating potential evaporation for use in the calibration of a catchment

water balance model and a model to stochastically generate evaporation were examined, as

discussed in Chapter 6. The developed model is then linked with the stochastic rainfall

model.

A number of catchment water balance models were reviewed to select an appropriate model.

Of these, one was chosen. Chapter 7 describes the chosen model and the modifications made

to better reproduce observed runoff records. The model was then calibrated to a number of

study sites. Chapter 8 outlines the use of the stochastic rainfall and evaporation models as

input into a continuous catchment simulation. The synthetic rainfall and rainfall excess was

then analysed and REFD proportions determined. These were then used in conjunction with

the current design flood estimation approach to derive a flood frequency distribution.

Comparisons with obser't¿ed flood records were used to validate the approach. Conclusions

from this study and recommendations for future research are provided in Chapter 9.
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2. REVIE\ry OF RAINFALL GENERATION MODBLS

Rainfall is the major factor that affects the volume of runoff from a catchment. During design

flood estimation, the rainfall intensity directly controls the maximum peak flow that can

occur. Rainfall is therefore an important quantity and needs to be accurately represented.

This chapter considers the requirements of a rainfall simulation model for engineering design

flood estimation and then reviews a number of existing models for this purpose. The review

of these is then used to support the development of a new stochastic model suitable for the

continuous simulation used in this study.

2.1 RneunnMENTS oF RAINFALL SIMULATIoN Monnrs FoR DBSIcN

The generation of rainfall is characterised by three basic phases, namely the creation of

saturation conditions in the atmosphere, a cooling phase (change of water vapour to liquid)

and the growth of small water droplets to precipitable size (Eagleson, 1970). The dynamic,

thermodynamic and cloud microphysical processes all operate and interact on a variety of

scales (microscale, mesoscale and synoptic) resulting in a highly non-stationary and time-

space variable process that could be considered chaotic. The numerous and complex

atmospheric processes that lead to rainfall make it one of the most difficult meteorological

phenomenon to model or predict.

Deterministic models assume that from the present state of a system the future characteristics

of the system, in this case rainfall, can be predicted with cerlainty. Due to numerous

deficiencies in the current knowledge of atmospheric physics attempts to deterministically

model rainfall have met with limited success. Therefore, for engineering design purposes

deterministic models are of limited practical use, which has led to the development of

stochastic rainfall models. Stochastic models assume that fi'om the present state of a system,

the probability of a future state of this system can be determined. Cho ( 1985) argued that the

assumption that rainfall can be described as a stochastic process is justified and is of more

practical use than deterministic models,

A stochastic approach to rainfall generation is considered the most effective method for

providing an engineering description of rainfall. The following presents a discussion of
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stochastic models used to model rainfall. It is important that the model can replicate a variety

of observed statistical characteristics, including extreme events, as these determine the design

rainfall levels and the aggregated statistics as these control the water balance.

The majority of stochastic rainfall models developed to date have been point models,

representing the essential observed features of the rainfall time series at a single location. The

general theory of point processes is outlined by Cox and Isham (1980), with a detailed

summary of the mathematical structure of these processes and their use in rainfall models

provided by Waymire and Gupta (1981a, 1981b, 1981c). Several approaches have dominated

the development of point rainfall models, with each approach based on alternative

assumptions for modelling the rainfall process, these being:

(a) the use of a point process or a marked point process where intensity and/or duration is

assigned to each event. The rainfall process is described as a continuous point process

with an assumed underlying rainfall pattern consisting of sub-events, which when

super-imposed attempt to model the aggregated historical rainfall record. Parameter

estimates are usually obtained using aggregated historical rainfall records and inferring

the ploperties of the underlying sub-events from observed discrete data. Some event-

based calibration has also been undertaken. Single point process models based on the

Poisson process and its subsequent generalisation to produce clustered point process

models are the most commonly used;

(b) the use of Markov time-series methods with a discrete time scale. The assumption is

made that successive intervals are not independent and the model predicts the "state"

(wet or dry) of an interval based on the previous interval(s). The use of transitional

probability matrices or fitted Markov chains are employed to predict the wet and dry

states, with a separate distribution used to determine rainfall depth duling the wet

intervals. Procedures using Markov processes and transitional probability matrices

have also been developed for continuous time scales; and

(c) The assumption of an event-based nature of rainfall that consists of alternating dry and

wet periods. Independent events are identified in the historical data as sequences of
rainfall separated by more than a specified minimum inter-event dry period.

Probability distributions are used to describe the rainfall occuffence for the length of
the dry (inter-event) periods, the wet (event duration) periods and the depth/intensity
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of each event. Once the total event rainfall has been modelled it is redistributed over

the duration of the event, defining internal temporal characteristics.

These three approaches were considered to be the most suitable type of model needed for this

study and are discussed in more detail in the following section. Particular attention is paid to

each model's potential to reproduce extreme statistics such as Intensity-Frequency-Duration

(FD) statistics, a feature that is essential for flood estimation applications and design. Also,

as these statistics are not generally used during calibration they provide a valuable check on

the credibility of a model. Attention is also given to the ability to represent the aggregated

statistics at a variety of time scales. It is important that a model has the ability to reproduce

the statistics of the temporal structure of rainfall at other levels of aggregation in addition to

that at which it was calibrated.

2.2 Srilcr,n PorNr Pnocnss Mounr-s oF RAINFALL

Point rainfall can be considered as "a random time series of discrete storm events which under

certain restrictions may be assumed to be mutually independent and in which the average time

between events is large with respect to the average duration of the events themselves"

(Eagleson, 1978b). By examining the restrictions for mutual independency, synthetic rainfall

sequences can be simulated by modelling the data as a series of individual events. Stochastic

models using the Poisson process in conjunction with varying representations for event depth

have been developed to do this.

The Poisson process (Ang and Tang, 1975) assumes that an event can occur randomly at any

point within a continuous time scale and that the occurrence(s) of an event in a given time

interval ( ät ) is statistically independent of an event in any other non-overlapping interval.

The probability of an occurrence in ál is proportional to the size of õt and can be given by

v 6t , where y is the mean rate of occurrence of the event (assumed to be constant). A series

of single Poisson arrivals has been widely used to describe a process for the temporal

evolution of independent rainfall events. These are generally marked models and have been

developed with models of intensity with varying complexity.

The least complex of these models is shown in Figure 2.1. Event duration and depth are

described by an instantaneous burst of intensity ( U¡ ) and hence the inter-event time ( r,, ) is the
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time between these bursts. A two-parameter gamma distrjbution (Todorovic and Yevjevich,

1961) and an exponential distribution with annually periodic mean depth (Todorovic, 1968;

Todorovic and Yevjevich, 1969) have been used to model U . Through calibration to
observed independent events at hourly and daily time scales it was shown that there is a loss

of statistical information about the rainfall events with these relatively large scales. Use of a
smaller time unit is important, particularly when considering floods from small catchments.

Depth

u5

u4

Time
(r)

Figure 2.1 Single Poisson Arrival Model / Poisson White Noise Model
(adapted from Rodriguez-Iturbe et a\.,1984).

In contrast to Todorovic and Yevjevich (1969), Rodriguez-Iturbe et al. (1984) derived

equations for the second-order moments for aggregated rainfall and used these to estimate v

and the parameters for U. The model, named the Poisson White Noise (PWN) model, was

fitted to hourly and daily data for each month. Analysis of model performance showed that

the PWN model was inadequate for representing the rainfall process at either time scale and

that the estimated model parameters were dependent on the scale at which the rainfall process

was described and can not be transformed to other scales.

Eagleson (1978b) suggested that the rainfall occurrence pattern could be modelled as a
sequence of non-overlapping rectangular pulses. Grayman and Eagleson (1969) and Eagleson

(1912) combined a marked point process of Poisson arrivals with independent and identically

distributed (exponentially) random variables for the event duration (t,,) and average intensity

(t) of each event. This model, referred to as the Independent Poisson Marks (PM) model,

was calibrated using independent events. Eagleson (1978b) produced a similarmodel (Figure

2.2) but explicitly defined the inter-event time (¡,,) by an exponential distribution and

assumed a two-parameter gamma distribution for the event depth (Todorovic and Yevjevich,

1967; Ison et al., 1911). This was calibrated using independent events from ten-minute data

u2(u)

u1

u3

36



Review of Rainfall Generation Models

and used successfully to generate frequency curves for annual rainfall.

lntensity
(t)

I

Time

t"
(r)

Figure2.2 Independent Poisson Marks (FM) Model
(adapted from Eagleson, 1978b).

The IPM model has been used to derive flood frequency distributions (Carlson and Fox, 1976;

Hebson and'Wood, 1982;Diaz-Granados et al., 1984, Beven, 1987). Using the exponential,

gamma and bivariate exponential distributions for t,,and i, Bacchi et al. (1989) and Burlando

and Rosso (1993) analysed the performance of this model type in simulating Intensity-

Frequency-Duration (FD) statistics. Only the bivariate exponential model showed

satisfactory results. However, Burlando and Rosso (1993) suggested that a more complex

formulation for a model of the rainfall process is required.

The Poisson Rectangular Pulses (PRP) model (Figure 2.3), similar to the models of Eagleson

(1912) and Eagleson (1978b), was studied in detail by Rodriguez-Iturbe et al. (1984, l98Ja,

1987b).
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Figure 2.3 Poisson Rectangular Pulses Model
(adapted from Rodriguez-Iturbe et a\.,1984).
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Poisson arrivals denote the occurrence of rainfall events (Z¿), each with duration (D¡) and

intensity ( 1, ). The model allows these events to overlap producing a superimposed event

with varying intensity. This allows calibration to be performed using aggregated records

without the need to determine independent events. Statistical comparisons indicated

reasonable results, but the overall model performance needed improvement. As for the PWN

model, it appeared that the structure of statistical dependence was closely linked to the time

scale ofthe aggregated record.

Burlando and Rosso (1993) showed theoretically that there was no improvement in the

estimation of extreme events by using the PRP model in preference to the IPM model. It was

also suggested that as the above Poisson models do not provide an adequate description of the

natural rainfall process through a continuum of scales, nor provide a real description of the

internal structure (variation of intensity) of an event, that "their use should be confined to

applications where a simple mathematical structure is requested in order to derive analytically

the properties of the processes which are mainly driven by rainfall, than to simulation

problems". To better define the internal structure of events clustered point process models for
rainfall have been developed that by their nature, effectively produce a disaggregated event.

2.3 ClusrnRBD PorNT PRocnss Monnrs oF RATNFALL

Clustered point process models are an extension of the Poisson arrival process. The general

structure begins with a point process mechanism generating a series of cluster centres or

storm origins, which define the location of rainfall events within a continuous time interval.

For each storm origin a series of points or rain cells are formed by a subsidiary process and

distributed at or following the storm origin in a specified way. The process then consists of
the superposition of these separate clusters of rain cells to define the overall event. Assigning

a rainfall cell to the storm origin varies between models.

Models of rainfall based on clustered point process models have been developed in part for
the purpose of aggregating and disaggregating temporal rainfall records through a continuum

of scales (Burlando and Rosso, 1993). Le Cam (1961) first produced a stochastic description

of rainfall using the cluster process approach. Since then, a great deal of research has been

undertaken utilising this methodology, parlicularly using the Neyman-Scott (N-S) and

Bartlett-Lewis (B-L) processes.
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2.3.1 The Neyman-Scott Point Process

The Neyman-Scott (N-S) point process was developed to model the spatial variation of

galaxies by Neyman and Scott (1958) and has been used to model earthquake phenomena

(Vere-Jones, 1970). Kavvas and Delleur (1975) first applied this process to rainfall by

investigating a Neyman-Scott White Noise (N-SWN) model (Figure 2.4). This model

assumes that each storm origin ( | ) anives according to a Poisson process and has an

associated number (C,, C,>1) of rain cells from an assumed distribution. The distance of

each rain cell from Ti is an independent and identically distributed random variable

(X, = |X,,,,X,,r,..-,X,.r,) ). No rain cell is located at T, and each cell has depth defined by a

random variable (U , : lU ,.r,U ,.r,"' ,U ,,r,) ), representing an instantaneous burst.

Depth
(u)

X,,. xr,s

Xr,z X,,, <+Xs,z
<--> Xs,rX,r xr..,

ur..,

ur,"
Us,"

xro

Ur,.
Ut,t u r,.

Uz,¿
u.,,

T1 T2 T3 Time
(t)

Figure 2.4 Neyman-Scott White Noise (N-SWN) Model
(adapted from Rodriguez-Iturbe et a|.,1984).

Kavvas and Delleur (1975, 1981), using a geometric distribution for C and a negative

exponential distribution for X,, showed that the exceedance probabilities of a N-S process

fitted equally well or better than those of the Poisson models. However, while the N-SV/N

may have the potential to preserve the explicit dependence structure and marginal

probabilities of the rainfall process, it was explained that because it was developed without

any seasonal component, it is only of practical use for stationary rainfall occurrences.

Extending the work of Kavvas and Delleur (1981), Rodriguez-Iturbe et al. (1984) derived the

second-order moments for the aggregated rainfall data. Describing X, as an exponential

Uzz
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distribution and calibrating to hourly and daily data, the model was shown to provide a more

appropriate representation of the rainfall process than the PWN and PRP models.

Foufoula-Georgiou and Guttorp (1986, 1987) analysed event-based data and concluded that

the application of the N-SWN model should be restricted to the time scale of the available

aggregated rainfall record. The previous research suggested that this scale dependency

applies to any rainfall model with instantaneous bursts described by a N-S process,

irrespective of the distribution or dependence structure of the bursts. The simplistic view of
instantaneous rainfall bursts did not provide an adequate fit to some observed rainfall series

and a more complex formulation is required. The above researchers stated that physically

interpretlng components of the rainfall model by describing a primary process (a frontal

system) with a secondary process (rainbands), while appealing is untenable as these physical

processes do not change with the discretisation scale. A sensitivity analysis of the choice of
cluster size distribution by Foufoula-Georgiou and Guttorp (1986, 1987) showed the

representation of this variable greatly influenced the characteristics of the generated rainfall

sequences. A negative binomial distribution was shown to be more appropriate than either the

geometric or Poisson distribution. While good agreement with observed rainfall was

reported, the conclusion was made that as the N-S model does not provide an adequate

description of the underlying rainfall generating mechanism and that the selection of one

cluster size distribution over another based on physical considerations is not possible. This

does not allow physical meanings to be associated to the model parameters.

2.3.2 The Bartlett-Lewis Point Process

The Bartlett-Lewis (B-L) point process was developed for traffic studies (Bartlett, 1963) and

to predict computer failure times (Lewis, 1964). This process has been used by Rodriguez-

Iturbe et al. (1987a) for modelling rainfall in a rectangular pulses model form (Section2.3.3).

The B- L process involves storm origins ( 4 ) arriving according to a Poisson process as with

theN-Spointprocess. However,foreachstormoriginanumberofraincells(Ci,Ci>l)also

arive according to a separate Poisson process. Each event begins with the arrival of a rain

cell at Ti The intervals between successive rain cells ( X,:|X,.,,X,.r,...,X,.r,)) are

independent and identically distributed by an exponential distribution. The process of rain

cell generation continues for each storm origin until a storm duration (S4), generally

described by an exponential distribution, is reached.
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2.3.3 Neyman-Scott and Bartlett-Lewis Rectangular Pulses Models

As mentioned above Rodriguez-Iturbe et al. (1987a) extended the N-S and B-L processes by

attaching a rectangular pulse of duration (D,={D,.r,D,,,"',D,,c,}) and intensity

(I , = {I ,,r,1 ,,r,.' . ,I ¡,c, } ) to each rain cell, producing the Neyman-Scott Rectangular Pulse

(N-SRP) and Bartlett-Lewis Rectangular Pulse (B-LRP) models (Figure 2.5 and Figure 2.6).
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Figure 2.5 The Neyman-Scott Rectangular Pulses (N-SRP) Model.
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Figure 2.6 The Bartlett-Lewis Rectangular Pulses (B-LRP) Model

4l



Review of Rainfall Generation Models

These models provide a more realistic description of rainfall intensity and duration. D, and

I , are generally described using exponential distributions which are independently associated

with each rain cell and are independent of all other rain cells and storm origins. Both of these

models are fitted to aggregated rainfall data, and the parameters for the distribution functions

of D,, I, and C, are the same for all events such that the stochastic description of the

rectangular pulses is invariant.

Rodriguez-Iturbe et al. (1987a, 1987b) determined the second-order moments of the rainfall

process for aggregated data for both the N-SRP and B-LRP models, and an expression for the

probability of an arbitrary interval being dry for the B-LRP model. The distribution of C ìn
the B-LRP model was assumed to be geometric, while Poisson and geometric distributions

were suggested as alternatives in the N-SRP model. Rodriguez-Iturbe et al. (1987b) evaluated

these alternatives and observed no significant difference between the models when applied to

hourly data, from which it was concluded that a geometric or Poisson description had no

general bias on the statistics. General overestimation of the proportion of dry intervals at

aggregation levels gleater than one hour was apparent, although both models adequately

preserved other statistics at all aggregation levels (1 to 24 hours). Extreme values were

reproduced satisfactorily for return periods ofup to 20 years.

Burlando and Rosso (1993) compared the N-SRP and B-LRP models with the previously

discussed Poisson models (Section 2.2) and concluded that the N-SRP and B-LRP models

perform better at reproducing the continuous rainfall process. A fine temporal resolution of
homogenous and stationary data is necessary for calibration, with the B-LRP model being

very sensitive to data quality. An analysis of IFD statistics showed discrepancies at higher

return periods. The N-SRP model overestimated for short durations and underestimated for

longer ones, with the reverse for the B-LRP model. Similar results were found for the N-SRP

model by Cowpertwait (1991a,b), who reported an overall underestimation of extreme events,

particularly for return periods greater than ten years. Cowpertwait (1991a,b) derived an

expression for the probability that an arbitrary interval is dry; results from the calibration to

hourly data for each month suggested that improvement is required to satisfactorily reproduce

summer dry spell sequences. Both Cowpertwait (1991b) and Burlando and Rosso (1993)

concluded that the N-SRP model could not reproduce the probabilities and characteristics of
small rainfall events. The latter suggested that this was one of a number of major limitations

with the N-SRP modelling approach.
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Analysis of rainfall data and characteristics by many researchers has shown a strong influence

from climatic variations on the parameters of these models. Variations have been

incorporated into the model structures of the N-SRP and B-LRP models to improve the

approach and overcome model limitations. Rodriguez-Iturbe et al. (1988) modified the

B-LRP model (MB-LRP) to incorporate variation into the structural characteristics of events.

A gamma distribution was used to randomly vary the mean rain cell duration parameter

between events. Application to hourly data showed improvements in reproducing the dry

interval probabilities. However, historical extremes were shown to be severely

underestimated for return periods greater than five years. The MB-LRP model appears to

produce less satisfactory extremes than the B-LRP model of Rodriguez-Iturbe et aI. (I987b).

Islam et al. (1990) also calibrated the MB-LRP model to hourly data and the results suggested

that the model-estimated statistics at various aggregation levels need improvement for both

the dry interval probabilities and extreme value statistics.

Burlando and Rosso (1991) questioned the improvements to the B-LRP model (Rodriguez-

Iturbe et al., 1988; Islam et al., 1990). Using hourly data it was shown that the MB-LRP

model did not overcome the inadequacies of the B-LRP model. Comparisons with the N-SRP

model showed a better performance than both the B-LRP and MB-LRP models. While the

B-LRP model may allow for an easier mathematical framework and a larger availability of

theoretical relationships for parameter estimation, the N-SRP has been shown to produce

more satisfactory results if the parameters can be estimated accurately (Burlando and Rosso,

1991).

Entekhabi et al. (1989) also used a gamma distribution to randomly vary the mean rain cell

duration parameter between events in the N-SRP model (MN-SRP). Using hourly data, the

proportion of dry days compared favourably with historical records but improvements were

needed in the simulation of extreme aggregated rainfall totals. Troch et al. (1991) applied the

MN-SRP model to study rainfall characteristics of five-minute data, observing that the model

performed poorly in preserving the historical dry ìnterval probabilities.

In response to the varied results obtained using the MB-LRP model, Velghe et al. (1994)

evaluated this model, together with the MN-SRP, N-SRP and MB-LRP models. Using hourly

data, it was concluded that the modified models show improvement in the representation of

the dry interval probabilities and historical extremes. However, due to higher complexities in

parameter estimation, they do not preserue the second-order properties of the rainfall process
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as well as the unmodified models. The importance of the distribution choice for C in both

the N-SRP and MN-SRP models confirmed the work of Foufoula-Georgiou and Guttorp

(1986, 1987). V/hile the modified models show a general improvement in the representation

of the rainfall series, they do not adequately reproduce the historical data, especially at higher

return periods (greater than l5 years). It was emphasised that the improved results reporled

were based on one data set and that using other historical series, such as Islam et al. (1990) or

Burlando and Rosso (1991), may produce different conclusions as to the suitability of cluster

models for rainfall modelling. The B-L process and particularly the MB-LRP model was

found to be very sensitive to the different sets of moment equations used for calibration,

which is considered a drawback for applying this model in hydrologic simulation studies.

Changing equations to improve the performance of one aspect of the model tends to be to the

detriment of the performance in other areas.

In the application of the N-SRP rnodel to sewer rehabilitation studies, Cowpertwait et al.

(1996a, 1996b) used wet transition probabilities to produce considerable improvement to the

reproduction of historical dry spell sequences and dry day proportions. However, in extreme

value analysis poor results were shown, particularly for return periods greater than five years.

An over-simpìification in the parameterisation of the model was suggested as the possible

cause. Cowpefiwait (1998) addressed this issue by deriving a third-moment function and

using a gamma distribution to define /, . Using hourly data, improvements to the reproduction

of extreme values and other statistics were shown.

In generalising the N-SRP model, Cowpertwair (1994) allowed multiple rain cell types ro

occur wìthin the same event (GN-SRP(n), which indicates a generalised N-SRP model with n
cell types). A GN-SRP(2) was investigated with the two cell types described as heavy short-

duration cells and light long-duration cells. Using a geometric distribution with parameters

varying over the year for C,, the second-order aggregated properties were derived including a

one hour wet transition probability. Overestimation of this probability was reported and it
was emphasised that the practical implication of a consistent error such as thìs must be

assessed before the model can be applied to actual hydrological problems. Extreme value

analysis showed a satisfactory reproduction of the one hour extremes, but overestimation at

tbe 24 hour level, particularly for return periods greater than five years. Comparisons with the

N-SRP model show the GN-SRP(2) to be superior, but still requiring some improvement.
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Onof and'Wheater (1993,1995) used a gamma distribution to randomise rain cell duration in

the B-LRP model. Analytical results showed this random-parameter B-LRP (RPB-LRP)

overestimated the auto-correlation statistics and mean inter-event times but improved the

proportion of dry intervals. The simulation of hourly data confirmed these results. Major

discrepancies with the average event duration and number of events per month were evident,

as well as the overestimation of extreme values for return periods greater than two years. For

some parameters, seasonal variation was applied using polynomials (up to degree 12). A two-

stage optimisation was then applied to overcome major problems in parameter identification

and this produced improvements to the average event duration. Onof and Wheater (1994b)

incorporated monthly seasonality into this model and while it reproduced the observed rainfall

depth statistics at all time scales, it showed poor temporal representation of events and

overestimated the proportion of dry intervals.

Onof and Wheater (1994a) then applied a superposition of a jitter process on each rectangular

pulse of the RPB-LRP model as a more realistic representation of the rainfall process to

improve the overestimation of the auto-correlations (Onof and Wheater, 1993). A gamma

distribution was used to represent D and improvements in the reproduction of extreme events

and auto-correlations were achieved for hourly/daily data. Difficulties were encountered in

estimating parameters and the development of methods to reduce the number of parameters

was suggested.

Verhoest et al. (1997) examined the applicability of the B-LRP, MB-LRP and RPB-LRP

models for design rainfaìl estimation. A severe underestimation of extreme rainfall events,

particularly for shorter durations was reported in addition to an underestimation of event

durations.

2.3.4 Combination Models

A number of researchers have combined the cluster models with other models. Morrissey and

Krajewski (1993), using hourly data, showed that the N-SRP and the MN-SRP models were

generally unsuited for modelling tropical rainfall. A new model, combining the properties of

the N-SRP model with a PWN model, was developed. This was found to give more realistic

representations oftropical rainfall and better reproduction ofoccurrence statistics.

Gyasi-Agyei and Willgoose (1991) combined the B-LRP model with an auto-regressive jitter
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process, using 15 minute data, showing improved results for some aggregated statistics that

were not used in calibration. However, aggregation levels greater than 24 hours were not

examined and no IFD or extreme value analysis was reported. Gyasi-Agyei and Willgoose
(1999) generalised this hybrid model by replacing the B-LRP model with a binary chain

model (both B-L and Markov chains considered), reproducing various aggregated statistics

over a range of time scales.

Istok and Boersma (1989) developed a Poisson cluster model with a negative exponential

distribution for both T, and C,. An event is located at the start of each cluster. A non-

stationary auto-regressive process described the hourly rainfall depths within events. The

duration of events and time between events within clusters are described with identical

logarithmic negative mixture distributions. Using hourly data it was shown that the model

reproduces the seasonal pattern of the number of event occumences, the auto-correlation

functions and the marginal and conditional distributions for the event characteristics.

However, the intensity was consistently overestimated and maximum event intensities require

improvement.

2.4 Mrnrov Tnln-Snnrns RATNFALL MoDELS

2.4.1 Discrete Markov Chain Models

The assumption of independence between successive rainfall events is used in many rainfall
models. The difficulty associated with determining independent events from historic records

for model calibration increases with successively finer resolutions of data. The dependence

between successive intervals increases with finer resolutions, such that at aggregation levels

of 24 hours or less successive depths may not be independent. Because of the dependence

between the states of successive intervals (dry or wet) and the assumption that the rainfall
process can be described as a binary series (zero lepresenting a dry interval, one representing

a wet interval), one of the simplest probabilistic models capable of representing the process

and any dependence structure is a Markov chain model.

A first-order Markov chain model, known as a simple Markov chain, is a discrete time-series

approach where rainfall occuffence is described by a two state (wet or dry) series. It is used

where the probability of the state at one time interval is clearly influenced more by the

previous state than by the entire history of states, where the dependence is limited to the effect
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of one time interval on the next (Wiser, 1965). The probabilistic structure is completely

determined by its initial probability distribution and transition matrix. This transition matrix

is defined by:

qo Pop-

where:

po = the probability that the ith interval is wet given the (i-l)th interval is dry

= prfX, =t I x,_, = o];

pt = the probability that the ith interval is wet given the (i-l)th interval is wet

: prlX,= 1l X,_, = 1];

Qo : l- Po,

% = l- pt,and
; - 1)

The present state of the interval i is dependent only on the state of i-l. The need to identify

independent events is eliminated and the model is applicable at any time scale. The transition

probabilities can be estimated using the equivalent proportions taken from the historical data.

Gabriel and Neumann (1962) were the first to develop and calibrate a t\¡/o-state, first-order

Markov chain model using daily rainfall sequences, extending earlier work by Gabriel and

Neumann (1957). Many of the Markov chain models used have been first-order models and

have been applied to determine the probabilities for wet and dry sequences (Weiss, 1964;

Caskey, 1963; Hopkins and Robillard,1964; Feyerherm and Bark, 1967; Smith and Schreiber,

1973; Haan et al., 1976; Buishand, 1978; Stern and Coe, 1984). This has direct application

for determining the probabilities of rainfall or drought regimes. Most of this research has

been applied using daily data, although some hourly records have been used. Seasonality has

generally been incorporated into the matrix probabilities for these and almost all other

Markov chain models. Results have shown an inadequacy of the first-order Markov chain

model to represent prolonged wet or dry sequences and even shorter sequence lengths of

around seven days. They were also unable to adequately describe the number of wet days per

month, with a tendency to underestimate wet day frequency in relatively dry months, and as a

result, overestimate the proportion of dry days.

(2.r)
PtQt
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While many f,rst-order Markov chains have not incorporated a model for depth, some have

defined more than two states, one dry and the remainder wet with each wet state differentiated

by increasing depths of rainfall. Alternatively, a separate model has been used to represent the

depth of a wet state. The model of Haan et al. (1976) incorporated seven states, the sizes of
which were found by geometric progression. Actual depths within the six wet states were

determined using a uniform (states one to five) and shifted exponential distributions (state

six). While the model satisfactorily reproduced the statistics of wet and dry sequences it
overestimated rainfall amounts within each state.

In a second-order Markov chain, the state of i is dependent on the two previous states, l-1 and

i-2 and so on for higher-order Markov chains. Higher-order Markov chain models have been

used by Feyerherm and Bark (1967), Eidsvik (1980) and Stern and Coe (1934) to achieve

improved results. Improvements have also been achieved by making extensions of the first-

order Markov chain models. Wiser (1965) applied three modifications using Polya models to

describe various levels of persistence through sequences of wet and dry days. Although

higher-order chains may have produced similar outcomes, these modified models effectively

specify relations between the parameters of the higher-order chains, thus reducing the total

number of parameters that need to be estimated. Improvements were shown by fitting to
sequences that were unable to be successfully fitted using a simple Markov chain.

Pattison (1965) suggested that the failure of a first-order Markov chain to describe the

transition between sequences of wet and dry hours is because the occurence of a dry hour at

the end of a wet hour sequence is assumed to be the start of a sequence of dry hours. This

may be unrealistic as there may be short periods of dry hours occurring within sequences of
wet hours. A combination of a sixth-order and first-order Markov chain model was

developed. If the state of the present hour r was wet, then the model used a first-order

dependence to determine the state of hour / + 1 . However, if the state of the present hour r
was dry, then the model used a sixth-order dependence to determine the state of hour r + I . A
20-state chain, with uniform depth distribution for each state was used. The analysis of
rainfall cycles (cycles start after a six-hour dry period, continuing until the end of another six-

hour dry period following rain) showed an overestimation of the inter-event times.

During comparisons with other models, Smith and Schreiber (1973) showed the Markov

chain produced superior results than an independent Bernoulli model (Section 2.5.1) for
modelling daily thunderstorm rainfall. It was concluded that while daily thunderstorm rainfall
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may not occur as a simple Markov chain, some of the stochastic properties of this rainfall

process can be adequately described. However, as with most applications of this model,

problems with the representation of extended wet and dry sequences were apparent. Buishand

(197S) compared the Markov chain model with an alternating renewal model (Section 2.5.2),

reporting that the alternating renewal model gave better estimations of the proporlion of short

length dry sequences. However, in a similar comparison Woolhiser and Roldan (1982,1986)

found the first-order Markov chain model with a mixed exponential distribution for depth

preferable for simulating daily rainfall.

Models incorporating more than two states are referred to as transition probability matrices as

they do more than just determine whether the next interval is wet or dry. However, they are

based on the same Markov matrix technique. Srikanthan and McMahon (1985) developed

transition probability matrix (TPM) models for the generation of daily, hourly and six-minute

data, applying these extensively to locations around Australia. The daily model consisted of a

TPM with a maximum of seven states (one dry, up to six wet) for each month, the number of

states determined using maximum likelihood techniques. Depths wìthin each state were

generated using a Box-Cox transformation with a normally distributed random variable for

the largest wet state and a linear distribution for the other states. Comparisons of various

statistics showed reasonable reproduction although improvement is required to adequately

reproduce the monthly and annual means and standard deviations at many sites.

The hourly model used daily and hourly TPMs combined with a time dependent two-state

second-order Markov chain. Using the daily TPM, the state (wet or dry) of the current day is

determined and if wet, the type of wet day. Two types of wet days were defined based on a

rainfall threshold and the time dependent Markov chain was used to model the rainfall

occurrence probability over a day. Each wet day type had a set of hourly TPMs from which

the hourly data was generated. Calibrating the model to each month required in excess of

1 000 parameters to be estimated. While reasonable reproduction of examined statistics was

obtained, the results appeared less successful than the daily model.

The six-minute rainfall model consisted of a daily TPM with hourly second-order Markov

chain, and both hourly and six-minute TPMs. Developed in a similar way to the hourly model

but with various types of wet hours it produced reasonable results but underestimated the wet

sequence statistics. The need to use even more parameters than for the hourly model limits

the practical application of this model.
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Boughton and Hill (1997) applied a variant of the Srikanthan and McMahon (1985) TPM

method, using a log-Boughton distribution (Boughton, 1980) for the rainfall in the largest

state, to provide daily rainfall inputs to a design flood estimation method based on continuous

simulation. The model performed satisfactorily in relation to flood estimates but was unable

to reproduce sustained dry periods, and thus did not preserve annual totals. Boughton (2000a)

extended this approach by proposing that an empirical adjustment factor, based on the

observed mean annual rainfall and the generated annual rainfall for a particular year, be

applied to the daily totals produced by the TPM model of Srikanthan and McMahon (1985).

The adjustment factor was found by trial and error and used to improve the underestimation of
the observed standard deviations of annual totals produced by the model.

2.4.2 Markov Process Models

Green (1964) described the characteristics of a discrete daily rainfall sequence based on a
continuous two-state Markov process. In the Markov process model the duration of
successive dry and wet intervals are independent and exponentially distributed. Recursive

formulas for the full set of first and higher order Markov chain transition probabilities for the

daily process were derived. The model improved the first-order Malkov chain model

representation of observed daily rainfall.

From the work of Green (1964), Hutchinson (1990) developed a three-state Markov process

with state 0 defined as a dry spell that is always succeeded by state 1, state 1 defined as a

transition dry spell that is succeeded by either state 0 or state 2 and state 2 defined as a wet

spell that is always succeeded by state 1. Three parameters describe the mean duration of
each of the three states and the fourth the state transition matrix, which contains the

probabilities that state 0 or state 2 wtll follow state l. Due to the shorter mean durations of
states I and 2 relative to state 0, the model produces rainfall events as a cluster of showers,

similar to the clustered point process models. However, duration is incorporated directly into

the model structure, which produces sequentially occurring showers without overlap. A
mixed geometric distribution was used to describe the duration of dry periods. As in Green

(1964), recurrence formulae for the probabilities of the length of wet sequences was derived

and verified using hourly data. A two-parameter auto-correlated exponential intensity process

was associated with the wet periods within each event. Although the distributions of wet

periods were not as well matched as the dry periods, the model was shown to perform better

than the B-LRP model.
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Rajagopalan et al. (1996) presented a two state, first-order Markov model for daily rainfall

occutrences, assuming a non-stationary transitional probability matrix with transition

probabilities fitted using non-parametric techniques that varied over the year to account for

seasonality. The model performance was verified using an analysis of the frequency structure

of the events, with many statistics comparing well. A limitation of the non-parametric density

estimation approach is the inability to extrapolate daily precipitation values beyond the largest

recorded value.

2.5 EvnNI-BASED Moonm

2.5.1 Independent Occurrence Models

The Bernoulli model is one of the simplest event-based stochastic models. The potential

occurrence or recuffence of a rainfall event is evaluated through a sequence of repeated trials

where there are only two possible outcomes to each trial (wet or dry). The trials are assumed

to be statistically independent where the probability of one event in a time interval õt is p

(constant probability of occunence) and that the arrival of another event in this interval is

negligible. The derivation of the basic sequence of Bernoulli trials leads to the use of a

binomial distribution (Ang and Tang, l9l5) to define the probability of having X = x events

in a total time I = nx õt .

Although a binomial model has been suggested for use in determining the design capacity of

flood-control systems to withstand critical magnitude flood events (Benjamin and Cornell,

l91O), it has not been extensively used for the identification of rainfall event sequences.

Smith and Schreiber (1973) evaluated its use for this purpose, showing that the distribution

did not provide an accurate model due to the inadequacy of the assumption of independent

sequential rainfall events.

In many situations, including the modelling and subsequent simulation of rainfall, it is neither

possible nor convenient to identify individual discrete trials to determine when events may

occur. In addition, the independence assumption for successive rainfall events in the

Bernoulli model is only valid for instantaneous arrivals (zero duration) as an event of finite

duration may overlap into, and therefore teduce, the length of the subsequent interval.
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2.5.2 Alternating Renewal Models

Alternating renewal models have a structure that explicitly models alternate wet and dry

periods; the wet periods are referred to as events (Figure 2.7). The approach assumes

independence between successive events. A minimum separation criterion is defined for the

historical record to make this assumption valid for calibration. The rainfall process is defined

completely by probability distributions for the dry inter-event times and wet event durations,

together with a distribution for intensity/depth. The simulation process then samples alternate

inter-event times and event durations from the probability distributions. For each event, the

total depth is distributed using a disaggregation scheme.

lntensity
(t)

td ta Time
(t)

Figtre 2.7 Alternating renewal Model.

Green (1964) was one of the first researchers to use this model structure, calibrating an

exponential distribution using daily wet and dry sequences. Findings were compared to those

of Gabriel and Neumann (7957, 1962) showing that the renewal model was preferable to the

Markov chain model for some sites with neither model providing better results at others.

Green (1965) disputed the findings and conclusions of Gabriel and Neumann (1962) and
'Weiss (1964), by showing that the geometric memoryof the filst-orderMarkov chain is not

adequate for describing long or extended dry or wet sequences, as the persistence effects are

considered negligible beyond one day. If they are not negligible for a par-ticular site and are

taken into account by another model, such as the alternating renewal model (Green, 1964), an

improved representation of the observed data will result.

Surpassing the work of Green (1964), Grace and Eagleson (1966, 1967) calibrated to rainfall

event data and synthesised short time increment sequences. The inter-event time, event

duration and total depth were treated as random variables with a two-hour minimum inter-

event time separating independent events- The Weibull distribution was chosen for both the

52



Review of Rainfall Generation Models

distributions of inter-event times and event durations. A beta distribution was fitted to the

residuals from a linear regression of depth against duration, enabling a conditional

relationship between the two variables to be incorporated. Urn models were used in

synthesising the interior of events. Using a similar method, Sariahmed and Kisiel (1968)

attempted to represent summer thunderstorm occuffences for use in a watershed model for

flood forecasting. The inter-event times, event durations, event depths and daily totals were

calculated using a minimum inter-event time of three hours. A V/eibull distribution was fitted

to both the inter-event times and event durations. The model was shown to produce

reasonable results.

Smith and Karu (1983) developed a renewal Cox process with Markovian intensity (RCM) for

the rainfall process. This is a Cox-type process (doubly stochastic Poisson process for which

the event occurrence rate varies randomly over time in addition to the parameter function of

the Poisson process) and was chosen after an analysis of the rainfall event occurrences

showed the overall plausibility of renewal models for modelling rainfall. The model was

suggested to represent an observed clustering of wet and dry periods without the need to

assume a cluster model that is defined by a storm front with subsequent rain cells. The two-

state Markovian nature of the intensity process is based on the assumption that the clustering

of the rainfall events are described by alternating wet and dry periods. It was shown that the

rainfall process can be effectively modelled for data with small correlations between inter-

event times, overcoming a limitation of the point process models (Section 2.2 and2.3).

Small and Morgan (1986) developed and evaluated the relationship between a two-state

renewal process and a two-state Markov chain. A gamma distribution was assumed for the

inter-event times and an exponential for the event durations. The ability of either model to

adequately represent the rainfall process was found to be site dependent.

Acreman (1990) developed a 22 parameter, two-season hourly event-based rainfall model.

Any continuous sequence of wet hours was defined as an event. An analysis of the

correlations of inter-event times and event durations indicated that these events were

independent. A generalised Pareto distribution was fitted to the inter-event times and an

exponential distribution to the event durations. Dependence between duration and depth was

observed and incorporated by dividing the depths into l6 classes according to their duration,

with the duration within each class represented using a gamma distribution. Event profiles

were modelled using a beta distribution to define the average shape of observed rainfall
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profiles for each season, with a lag-one correlation model used to reproduce the observed

correlation between successive wet hours. Comparison between simulated and historical

mean monthly totals showed consistent underestimation in one season and overestimation for
the other. Comparisons were made with observed maximum depths at various aggregation

levels and with rainfall frequency curves generated in the Flood Studies Report (NERC,

l9l5). In general the model performed well, but appeared to overestimate rainfall depths for
all return periods at higher aggregation levels (I2 to 48 hours).

Wong (1996) used a transformed gamma distribution (first-order Markov model with Wilson-

Hilferty transformation) to generate inter-event times and event durations using monthly and

yearly parameters. To generate the rainfall depth, the mean, standard deviation and

coefficient of skewness of observed bursts for nine durations (0.5, 1 ,3, 6,9, 72, 78,24 and'72

hours) were calculated. Event depths for other durations were linearly interpolated but a
procedure to extrapolate depths for durations greater fhan 12 hours was not reported. The

statistics of the simulated inter-event times and event durations compared reasonably with the

historical values but the annual totals were overestimated and a number of very long and

unrealistic event durations (in the order of I 000 hours) were generated. Also, using statistics

obtained from the analysis of rainfall bursts to generate total event depth is inconsistent

because the bursts do not represent actual events.

In a non-seasonal model, Lambert and Kuczera (1996) described the distribution of inter-

event times using a two-parameter gamma distribution, the event durations using a modified

exponential distribution and the rainfall intensity using a generalised Pareto distribution with

its parameters conditioned on event duration. Temporal variation was introduced into each

event using a random walk in the dimensionless depth-time space and a truncated log-normal

distribution. The model was found to produce good predictions of the IFD data for short to

medium duration events but underestimated them for longer durations.

2.5.3 CombinationModels

Smith (1987) generalised the Markov chain and a Bernoulli trial model to produce a Markov

Bernoulli Model for daily rainfall occurrences, defined as a sequence of Bernoulli trials with

randomised success probability. The randomised success probability was a seasonal, two-

state Markov chain. Nine parameters were required and model performance was compared

with the standard Markov chain and Bernoulli trial models using daily data. Wet-dry
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sequences with three precipitation thresholds (0.01,0.1 and 1.0 inches) to define a wet day

were examìned, with results indicating a strong dependency on the threshold chosen. For the

highest threshold it was shown that there is little improvement from the simple Bernoulli trail

models, while for the two lower thresholds, the Markov Bernoulli model performed better.

2.6 EvnlunuoN oF Monnr,s

The clustered point process models of point rainfall have been developed more recently than

the Markov Chain and alternating renewal models, forming a large part of the recent

literature. In order to determine the most suitable type of model the following aspects were

considered in terms of their effect on design flood estimation:

(a) the potential of each type of model based on reported and validated results;

(b) data requirements and the effect of missing data;

(c) parameter estimation and calibration techniques; and

(d) calìbration of continuous rainfall models with aggregated rainfall data.

It was concluded that model choice is dependent on the intended application.

As seen in the previous sections, models attempt to characterise the rainfall process in

different ways. Provided a model generates rainfall data that preserves the statistical

characteristics of the observed data, or at least those properties required for a particular

application, the process generating assumptions may not be important. Stern and Coe (1984)

emphasised the importance of matching the model performance to the intended application.

Acreman (1990) provided similar arguments in addition to suggesting that while actual

rainfall depends on the climatic and meteorological regime, selection of an appropriate

process model depends on the length of the time interval over which the rainfall depth has

been measured or aggregated. The degree of dependence between the successive intervals is

higher in hourly records than in daily records, allowing the dependency assumption of the

various models to be matched to the available data, intended application and required

aggregation level. For example, determining the number of days in a growing season does

not require shorl time interval data to be used, whereas design flood estimation involving

flood frequency analysis requires a finer resolution to ensute a flood peak is not missed.
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2.6.1 Examination of Validated Results

Many of the models discussed have not been rigorously validated. A model must be capable

of reproducing and preserving more than just the statistics and characteristics used in its
calibration (Cowpertwait, 1994). Effective validation techniques include the analysis of
extreme values through IFD statistics and an examination of the dry probabilities. Of the

models discussed in this section that have been validated, many have performed poorly in at

least one aspect.

Poor rainfall simulation will carry through into applications that utilise the synthetic data.

The effect may be dependent on the particular characteristic(s) that is important to the

application. For example, poor reproduction of dry probability statistics can have a serious

impact on the infiltration process and hence rainfall-runoff calculations, as the model may

generate unreliable runoff output after varying inter-event times. Haan et al. (1976) showed a

case where overestimation of rainfall resulted in the overestimation of runoff and

underestimation of reservoir size in a streamflow generation model. Hydrological models that

are sensitive to the distribution of wet and dry periods, such as catchment infiltration models,

can be adversely affected by the inability of a rainfall model to adequately represent the time

history of the rainfall process. In this instance, the values of initial loss, one of the most

influential parameters estimated for design, may be inaccurately determined. The dry

probability statistics is an important property for a rainfall model. Failure to represent this

distribution will result in poor rainfall simulation (Velghe at al., 1994), which indicates an

overall inability of the model to capture the general temporal structure of the observed rainfall

events.

Overall model suitability for a particular location must also be considered. When considering

a rainfall model for Australian conditions it is important to recognise that a large percentage

of Australia lies within tropical and subtropical zones. A model suitable for tropical areas is

important although few within the literature have modelled such conditions. In fact, very few

models have been applied to Australian data. A number of models presented are based on the

Poisson process, which models rainfall by assuming the arrival rates of events with zero (or

insignificant) duration in relation to dry inter-event periods (Eagleson, 1978b). However,

some researchers have indicated that this assumption may not be valid. Acreman (1987)

stated that in Britain, the average event duration is around 2O7o of the average inter-event

times making the Poisson assumption less acceptable. A similar percentage is observed for
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the wet season in tropical Australia

The N-SRP and B-LRP models are said to be capable of replicating a variety of rainfall

statistics over a range of rainfall aggregation levels including the mean, variance and lag auto

correlation. However, the results published for aggregation levels other than those used in

calibration do not always support this statement. Although advances and improvements have

been made with regard to the replication of particular rainfall statistics using these models,

each improvement has often led to a less satisfactory replication of other statistics, most

commonly the extreme values and dry probabilities.

Morrissey and Krajewski (1993) suggested that the clustered point process models are not

able to reproduce the characteristics of tropical rainfall and hence cannot adequately represent

the tropical rainfall process. Morissey and Krajewski (1993) speculated that the reason for

the failure of these models lies in the physically different rainfall process for mid-latitude and

tropical rainfall. The process associated with mid-latitude rainfall, as reproduced using point

process models, is driven by frontal systems occuring on synoptic time scales. However,

tropical rainfall consists of frequent small scale convective events and occasional large scale

convective cloud clusters, which has a fundamentally different structure to the point process

from which the occuffence statistics are calculated. An event-based approach appears

superior in terms of reproducing tropical rainfall because individual events are modelled and

the model can be more easily changed to approximate the local rainfall process.

Markov models appear to provide a simple mathematical model of the rainfall process but the

dependence structure can not adequately describe long-term persistence, not even over a few

hours, without using a large number of parameters. A general observation by many

researchers is that the first and higher-order Markov Chain models may not be adequate for

use in calculating probabilities for prolonged dry periods. This is particularly important for

modelling highly seasonal rainfall.

Less research has been conducted using alternating renewal models, but despite this, there is

physical appeal as these models use actual observed events from the rainfall record for

calibration rather than assume a rainfall process model. The models have a more intuitive

physical interpretation and parameter meaning and identification. A number of authors have

reported reasonable results for these models.

An advantage of the alternating renewal models and Markov chain models is the ability to
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incorporate a dependency of rainfall intensity on event duration. Assuming independence of
intensity with respect to duration can lead to difficulties in matching observed duration and

intensity statistics, as was found by Hutchinson (1990). The cluster models assume

independence between intensity and duration, although the data generally shows this

dependency exists (Grace and Eagleson, 1966, 7961 Acreman, 1990; Lambert and Kuczera,

ree6).

2.6.2 Difficulties with Missing Rainfall Segments

Most rainfall records are only long enough to contain a representative sample of low
magnitude, high frequency rainfall events. This may be sufficient for applications where

lower ARI values are important or a representative year can be employed, but in general using

the records in this form makes analysis difficult.

Missing data within historical rainfall records can also present a serious problem by
decreasing the likelihood of observing higher ARI events. The amount missing can affect the

type of model structure selected for consideration. Few researchers have published how to
adequately deal with this. Cowpertwait (1991a) described a replacement strategy to handle

rnissing data. Missing daily data within a particular month was replaced with data from the

same month within a different year but where the monthly totals were similar. If many

months were missing then the whole year was deleted or if only a few data were missing those

values were replaced by zero. Although this approach may be adequate for some data sets,

there is no confidence that this approach will be adequate to compensate for significant

missing or rejected data.

Large portions of recorded data generally need to be discarded in order to calibrate a rainfall
model that utilises a method based on aggregated statistics. The higher the proportion of
missing data, the more likely the underestimation of the aggregated statistics becomes. Katz
and Parlange (1995) and Gyasi-Agyei (1999) ignore and discard months with any missing

data. As a result, valuable information could be lost, particularly where there is limited data

in the first place. For some months of the year Gyasi-Agyei (1999) discarded up to half of the

available data. This may reduce the ability to include any observed higher ARI events, and

may even mean significant events are discarded. With an event-based approach, discarding

rainfall events or inter-event times containing missing intervals should introduce no

significant bias into the calibration provided the occurrence of these missing intervals is
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random. Therefore, if part of a month of data is missing it does not invalidate the remaining

quality data for that month. This allows more data to be used in calibration of model

parameters of the various probability distributions.

With a Markov approach, high levels of missing data significantly lowers the chance of

determining the persistence between successive intervals and hence model parameters. This

may lead to difficulties in representing the number of wet days in dry months (Srikanthan and

McMahon, 1985).

2.6.3 Parameter Estimation and Calibration Techniques

A small number of parameters needed to calibrate a model is generally considered preferable,

but using more parameters may not be a drawback if these parameters are intuitive and easily

estimated.

Many researchers have indicated that parameters for the cluster models are difficult to

estimate, partly because they are not intuitive or easily observed from the data. Although the

parameters of the clustered point processes have been given a physical interpretation, such as

the duration of a rain cell, they are not readily determined from a rainfall hyetograph. Also,

the usual physical interpretation of each cluster of rectangular pulses as a sequence of showers

is an approximation, since pulses from within each cluster and from within different clusters

may overlap in time. Foufoula-Georgiou and Guttorp (1986) suggested that since the N-S

model does not provide an adequate description of the underlying rainfall generating process,

no physical meaning should be attached to the parameters. Onof and Wheater (1994b)

showed for the RPB-LRP that as the number of parameters increased, the identification

problem became more difficult and alternative identification strategies gave significantly

different values for the same parameter. Khaliq and Cunnane (1996) showed that the high

variability of some parameters for the MB-LRP means that various values of the parameters

can give rise to similar analytical model values, making optimisation more difficult. ln this

case, a complex optimisation procedure using a number of different statistic sets was required

to address the problem of parameter stability and sensitivity.

Markov models that use a number of wet states differentiated by increasing depths of rainfall

have a large number of parameters that need to be estìmated. The distribution of rainfall

depth within each state also requires estimation. This often makes these models difficult to
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calibrate for sites that have limited historical data. In the case of Pattison (1965), the large

number of states and hence parameters for calibration was a major drawback, particularly as

many of these parameters do not provide any additional information about the depth process

than could be obtained through the use of other rainfall depth models. While the structure of
the Markov models is valid at all time scales, to produce shoft-increment rainfall data alarge

number of parameters must be used, along with a high-order chain to account for the

dependence between successive intervals, or a disaggregation process for the sub-division of
the fixed interval rainfall depth.

Alternating renewal models apply an intuitive process and use parameters that are generally

easily estimated. Because they are event-based models, the simulated event durations may

vary significantly between events and a disaggregation method is required to produce short-

increment data af the required time scale. The properties of observed rainfall event profiles

can be used to disagglegate the total event rainfall, as opposed to disaggregating the rainfall

depth in each time interval into smaller intervals such as from daily time scales to hourly time

scales. This allows for a better reproduction of the observed temporal pattern of the rainfall

within each event.

The availability of a useable calibration technique is an important consideration for model

selection. Two major techniques, the method of moments and the method of maximum

likelihood have been widely used. Foufoula-Georgiou and Lettenmaier (1987) compared the

method of moments with the maximum likelihood method for estimating the parameters of a
daily Markov Renewal Model and concluded that the latter gave better results. A
disadvantage of clustered point process models is that they are relatively intractable

mathematically so that maximum likelihood estimation of parameters from observations at

regular time intervals is generally not feasible (Hutchinson, 1990).

For very dry regions, calibrating a model using data that occurs within a specified period such

as one or two months may significantly limit the number of data points available for fitting
the model. This also applies to the tropical locations where there are very few wet days for

some months of the year. In such locations, Srikanthan and McMahon (1985) found the

mean, standard deviation and skewness values were not satisfactorily preserved during the dry
season for a Markov chain model. If the number of wet days per month are few, then the

length of the historical data for these months may not be sufficient to adequately estimate

model parameters.
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2.6.4 Calibrating Continuous Models Using Discrete Rainfall Data

V/hile clustered point process models are calibrated using aggregated rainfall data, the

methodology is based on a continuous process and the discreteness of the data has not been

taken into account. Chang et al. (1984) reported that the continuous N-S model is

inappropriate for calibration using aggregated data. Foufoula-Georgiou and I-ettenmaier

(1936) suggested that the problem is the result of the inappropriate assumption that a

continuous-time point process, used to model the rainfall, can be calibrated against an

aggregated record. Foufoula-Georgiou and Lettenmaier (1986) further showed this to be the

case for all continuous-time stochastic models. They concluded that using aggregated rainfall

data to calibrate continuous-time point process models introduced severe biases in parameter

estimation that can result in misleading interpretations regarding observed rainfall clustering.

As such, calibrating continuous models using aggregated data is not recommended even

where the aggregation is hourly. Markov models assume a discrete basis for the rainfall

process that incorporates aggregated data directly into parameter estimation. Parameter

estimation is more straightforward for event-based models, which if continuous, more easily

allows the incorporation of estimation procedures to account for aggregated data.

2.6.5 Model Choice

From the above discussion an event-based model of an alternating renewal type was selected

as the most appropriate model to use for this study. When discussing models of precipitation,

Eagleson (197Sb) stated, "...that forreasons of physical validity an engineering model of this

process must retain those natural features which are important to the problem at hand, while

for the econorny of computation and for clarity of behaviour it should omit those features

deemed unessential". Models of rainfall must reflect the natural occurrence, not attempt to

shape the process into what it is thought it should be. Models should not contain too much

information, to enable them to be easily calibrated. This was an important factor considered

in electing to pursue an alternating renewal model in the development of an alternative

method for engineering design. As the rainfall sequences are described simply by alternate

wet and dry periods, the process is less complicated than other models, but most importantly

the events required to calibrate the model are easily observable in the available historical data.

High percentages of missing data within available rainfall records were also an issue. The use

of an event-based calibration technique in preference to one that employs aggregated statistics

was considered more robust in terms of accommodating the extent of missing data.
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3. DEVELOPMENT OFA NBW STOCHASTIC RAINFALL

MODEL

Rainfall is the major factor that affects the level of runoff from a catchment. Therefore, it is

important that a rainfall model can effectively reproduce the statistical properties of the

observed rainfall to ensure a reasonable representation of the catchment water balance. Key

statistical factors that a model needs to adequately reproduce include:

(a) the inter-event time, which defines when evaporation can occur and therefore

establishes the amount of moisture that will be removed from the soil before the next

event begins. The antecedent moisture conditions prior to an event are directly

connected to these inter-event dry periods;

(b) the event duration, which panially determines the beginning and end of the infiltration

process;

(c) the event depth, which determines the maximum peak and the total volume of runoff,

in addition to the water available for infiltration and groundwater recharge; and

(d) the temporal distribution of event depth, which determines the maximum peak of the

runoff hydrograph.

An alternating renewal model was selected for this study, as discussed jn the previous chapter.

This chapter describes the development of a new alternating renewal model and its caìibration

using data from a wide range of sites with varying climatic conditions to show the validity of

the model across a range of Australian climatic zones. This is an important aspect of model

deveìopment and one that has not been extensively undenaken by other researchers.

3.1 Monnl Ourlr¡¡n AND ESSENTIAL ELnnlBt,¡rs

The rainfall model developed for this study involved two stages. The first stage was to

develop probability distributions for three random variables: the inter-event time ( 1,, ), the

event duration (tu) and the average event intensity 1i), with the event depth (r/) defined as the

product of i and tr. Figure 3.1(a) shows these variables on a time series of rectangular

rainfall puìses. The second stage involved determining the temporaì distribution of rainfall
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within each event using a disaggregation scheme as shown in Figure 3.1(b). This

disaggregation scheme uses the gross characteristics of each rainfall event ( r, and i) to
produce a hyetograph, based on a conditional random walk that generates a dimensionless

mass curve. Dry periods were allowed to occur within an event, indicated by t,¿o in Figure

3.1(b). The disaggregation scheme is discussed further in Chapter 5.

lntensity
(mn/hr)

lntensity
(mm/hr)

I

<

>'<--------->, Time (t)

(a)

Tíme (t)

(b)

I ì,!¡, >
l¿

Figure 3.1 Model of precipitation event senes:
(a) generation of a time series of rectangular rainfall pulses or events; and
(b) a random shaped hyetograph produced by the disaggregation scheme.

The model developed in this study is to be used in conjunction with a catchment water

balance model, which in turn can be incorporated into design flood estimation. The temporal

scale at which rainfall is generated by the model is an important factor and is dependant on the

intended application. For flood frequency analysis short resolution data is important for
calibration and simulation to ensure that flood peaks are not missed. In addition, on small

catchments runoff may occur quickly and the outflow hydrograph may not be well described if
the overall temporal resolution is too large.

The available data directly affects the methodology for defining how the alternating sequences

of wet and dry periods will be handled by the model. There is an extensive network of daily

rainfall gauges located in major cities and regional centres around Australia. This data is

readily available from the Bureau of Meteorology and other government departments, with
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good quality records of 50 to 100 years in length available for many sites. Daily rainfall data

has been used to calibrate rainfall models that generate both daily and sub-daily rainfall. The

generation of sub-daily rainfall using these models requires the disaggregation of the daily

record, but if little information about the temporal rainfall characteristics at lower resolutions

is known for the site then there is no certainty that the disaggregation is reasonable. Ideally

data recorded at high resolutions should be used for both calibration and determining

appropriate disaggregation procedures. Pluviograph data at a time scale of six-minutes is

available for selected Australian locations from the Australian Bureau of Meteorology. This

data was used to facilitate the simulation of long sequences of events at the six-minute time

scale.

3.2 AvInaNLE DATA

Australia is a large and relatively arid continent with 50 percent of the land area having a

median annual rainfall of less than 300 millimetres and 80 percent less than 600 millimetres

(Buleau of Meteorology, 1983). The climate is dominated by dry, sinking air of a sub-tropical

high pressure belt which seasonally alternates between the north and south (Bureau of

Meteorology, 2001). Classification of Austlalian regional areas into categories based on

various climatic conditions has a long history, beginning as early as 1865 (Sturman and

Tapper, 1996) and was based primarily on annual rainfall totals. Since then other factors have

been consideled including rainfall variability, rainfall seasonal distlibution, temperature and

humidity to produce classifications such as those shown in Figure 3.2.

A diverse range of zones is evident, from tropical regions in the north, thlough arid and

subtropical expanses in the middle latitudes, to temperate regions in the south. Data for this

study has been chosen in part by the availability of pluviograph data but also to test the model

over the range of climatic conditions and seasonal rainfall patterns. Therefore, at least one

data set has been selected foreach zone and full details of each site is shown in Appendix A.l.

The zone and rainfall classification, seasonal characteristics and rainfall valiability at each

location, based on information from the Bureau of Meteorology (1983,2001), are described in

Table 3.l.
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Alice Springs
a

I
I

Perth

Darwin

Summer rainfall, tropical

Cairns

Townsville

Sydney

rt

Brisbane

{rid, sub{ropicalSum IArid, infall, sublropical/temperate
Uniform rainfall. temperate
Winter rainfall, temperate

Figure 3.2 l,ocation of pluviograph sites within climatic zones
(Source: Bureau of Meteorology, 1983, 2001).

Figure 3.3 to Figure 3.5 show the changes in rainfall variability over the year, described as

Low (L), Low-Medium (L-M), Medium (M), Medium-High (M-H), High (H), Very High

(VH), Extreme (E) and Very Extreme (E+), for dominant summer rainfall, dominant winter

rainfall and uniform rainfall, respectively. The rainfall variability over the year for all sites is

shown in Appendix A.2. This information highlights the difficulty in developing a model

that can produce synthetic sequences of rainfall to replicate the statistieal properties of the

observed data for any location within Australia.

In obtaining data from the various sites a problem of fragmented data and short records soon

became evident. Although the pluviograph data sets obtained were considered to be of a high

quality, a perfect data set is rare and the record inevitably contains missing periods of data.

In some cases up to I}Vo of the total depth was either missing or unusable due to the recorder

being inactive or incorrectly recording (refer to Table 4.2, Appendix 4.1 for missing

proportions from each site). As indicated in Section 2.6.5, the choice of an altemating

renewal model was influenced by its ability to accommodate high percentages of missing data

in available records.
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Table 3.1 Pluviograph site climatic zones and rainfall characteristics
(Source: Bureau of Meteorology, 1983, 2001).
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Seasonal Characteristics
Winter

Warm to mild
with dry
periods

Mild to wann,
dry

Mild,light
irregular rain

Cool to cold,
moderate rain
Cool to mild,
moderate to
heavy rain

Cool to Cold

Summer
Hot, humid
with heavy

periodic rain
Hot to

extreme,
irregular rain
Hot, humid,

heavy periodic
rain

Warm to hot,
light, irregular

rain

Warm to hot

Rainfall Variability
Winter

Medium to High
Extreme

Verv Hish to Extreme

Extreme

High to Very High

Low to Medium

I-ow to Medium
High

Summer
Medium to Verv Hieh

Low to Medium
High to Very High

Very High to Extreme

Medium to High

High to Very High
Medium to High

High to Extreme

Medium to High

Rainfall Classification

Summer

Arid (Summer)

Summer

Winter

Uniform
(Non-seasonal)

Zone Classification

Tropical

Sub-tropical

Temperate

Temperate

Location

Cairns
Darwin

Townsville

Alice Springs

Brisbane

Adelaide
Melboume

Perth

Hobart
Sydney
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Figure 3.3 Typical rainfall variability for a location with dominant Summer rainfall-
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Figure 3.4 Typical rainfall variability for a location with dominant Winter rainfall
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Figure 3.5 Typical rainfall variability for a location with uniform rainfall
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3.3 INnnpnNnBNCB oF EvBNTS

In order to utilise an alternating renewal approach with event-based calibration the historical

rainfall record needed to be separated into a series of independent events. To achieve this, a

minimum inter-event time ( /'un ) value needed to be established in such a way that it could be

assumed that successive events were not correlated. The requirement that each rainfall event

used during calibration is independent ensures that inter-event times and rainfall events can be

calibrated and simulated independently. This leads to the question which has caused mucb

conjecture among researchers: what constitutes an event?

3.3.1 PreviousResearch

Researchers have used a wide range of values for /-,n to separate independent events. The

selection of /-n depends on a number of factors, including the choice of rainfall model, the

assumed distribution of inter-event times and the temporal resolution of the available data.

The longer the length of these intervals (larger temporal resolution), the longer inter-event

times need to be to ensure that they are not part of an ongoing event. For high resolution data,

sequences of a small number of dry periods may be contained within a longer event. These

dry periods are short in relation to the total length of the wet periods and may not be long

enough to consider the wet periods on either side as independent, Some researchers have

assumed that a single dry interval at the recorded aggregation level is enough to separate

independent events, while other researchers have used an arbitrarily specified length of time

or a time determined by some signihcance test.

For daily data, Green (1964) and Todorovic and Yevjevich (1969) defined an event as any

sequence of wet days surrounded by at least a single dry day. The latter research expanded

this theory to temporal scales of less that one day, defining an independent event in an hourly

record as an unintem;pted sequence of wet hours surrounded by at ìeast one dry hour,

effectiveìy assuming t*,n of one hour. Yen and Chow (1980), Acreman (1990) and Cameron

et al. (1999) also used a value of one hour when using hourly data and Marien and

Vandewiele (1986) used a /^n of ten minutes for len minute data. Other researchers have

defined independent events as continuous wet sequences separated by multiple dry intervals in
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the data. For example, Huff (1961) used a /*n of six hours for 15 minute data.

Grace and Eagleson (1966, 196l), using ten minute data, calculated /-nfrom the historical

record by way of a rank correlation coefficient at a selected significance level. This resulted

in a /-n of two hours for north-eastern U.S.A. and three hours for Arizona. Eagleson (1978b)

used a /.,n of two hours for ten minute data for Boston, Massachusetts. Sariahmed and Kisiel

(1968) confirmed the work of Grace and Eagleson (1966, 1967) by using the rank correlation

coefficient as a basis for determining dependence on five-minute data and obtained a /"nn of

three hours. Rao and Chenchayya (1974) also used this method.

Restrepo-Posada and Eagleson (1982) contradicted the earlier work of Grace and Eagleson

(1966, 196l) by suggesting that the correlation ofranked rainfall depth values cannot be used

to identify independent events. They argued that since there are three variables associated

with rainfall events (inter-event time, event duration and total event depth), zero correlation

between subsequent event depths alone does not guarantee that corresponding event arrivals

are independent. Restrepo-Posada and Eagleson (1982) suggested that ìf only one of the three

variables defining the rainfall time series was to be used to ensure event independence it
should be the inter-event time, as the independence of inter-event times has a greater physical

link to event independence than that of event depths" To analyse the inter-event times, the

arival of independent events was assumed to follow a Poisson process which is analogous to

assuming that the distribution of inter-event times follows an exponential distribution. The

analysis then followed the procedure of Grace and Eagleson (1966, 1967) to obtain arange of
f-n values for a number of sites. Bonta and Rao (1988) confirmed this method as a better

choìce over the rank correlation method, calculating a t^,n of 9.5 hours using hourly data. It

has also been used for the selection of design events by Huber et aI. (1986), who used a /.,n

of l9 hours for hourly data when calibrating a model for input into a stormwater management

model.

Koutsoyiannis and Xanthopoulos (1990), Koutsoyiannis and Foufoula-Georgiou (1993) and

Koutsoyiannis and Pachakis (1996) have developed rainfall models based on a Poisson

process, where the time between independent events must follow an exponential distribution

and hence /-,n is determined to satisfy this assumption. Koutsoyiannis and Xanthopoulos

(1990) found that l-n ranged from five to seven hours for hourly data. Koutsoyiannis and
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Foufoula-Georgiou (1993) and Koutsoyiannis and Pachakis (1996) determined a /nin of seven

hours, based on a Kolmogorov-Smimov test of the exponential distribution.

ln a different approach, Robinson and Sivapalan (1997) selected a /oún of seven hours so that

each event in the three years of data examined, corresponded approximately to an identifiable

synoptic (frontal) event on weather charts.

3"3.2 Determining a Minimum Inter-event Time for Australian Data

Determining a minimum inter-event time using the methods of Restrepo-Posada and Eagleson

(1982) or Koutsoyiannis and Foufoula-Georgiou (1993) can be considered satisfactory when

the distribution of the inter-event times is exponential (or can be reasonably assumed to be

so)" However, if the historical data is not representable by an exponential distribution then

these methods are not satisfactory. Lambert and Kuczera (1996, 1998) suggested that an

exponential distribution was not necessarily appropriate for modelling the inter-event times in

Australia.

A check of the probability distribution most appropriate for a set of observed data, such as the

inter-event times, can be obtained visually using probabilíty paper, which can be constructed

for a range of specific probability distributions (Ang and Tang, 1975). A straight line plot on

a given probability paper will provide a good indication that the plotted values can be

represented by the specific distribution of the probability paper. However, it is generally

preferable to plot the data on general probability paper, by defining a standard variate that is

appropriate to the distribution being examined but that is independent of the actual values of

the parameter values (Ang and Tang, 1975). For the exponential distribution, this standard

variate can be defined as ln(1-F(x)), where F(x) represents the cumulative probability of

each inter-event time value within a sorted (lowest to highest) set of values and is def,ined

(Ang and Tang, 1975) as:

F(x\: m

N+l
(3.1)

where:

N

m

: Number of inter-event times; and

: Rank of each inter-event time within the sorted set
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Using this method, if an exponential distribution is appropriate for the inter-event times, the

data shouìd plot as a straight line.

An examination of inter-event times (Figure 3.6) from the Melbourne data shows that for a

/rn of up to 12 hours an exponential distribution can not satisfactorily represent the data.

Similar results are obtained for the other Australian sites as shown in Appendix 8.1. To

conf,trm that an exponential trend does not exist, a seven-hour minimum time as in
Koutsoyiannis and Foufoula-Georgiou (1993) is used to examine the distribution of inter-

event times for individual months (Figure 3-7 and Figure 3.8). These figures show that the

monthly inter-event times could not be adequately modelled using an exponential distribution.

Therefore, the selection of frn using the method proposed by Koutsoyiannis and

Xanthopoulos (1990) or Koutsoyiannis and Foufoula-Georgiou (1993) (exponential

distribution assumption) was not considered appropriate for Australian data and an alternative

method for selecting or verifying a tonn needed to be sought.
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The approach to selecting à t¡n to model the inter-event times for this study involved

selecting a value for /-n and then fitting a general probability distribution to the events

obtained from the data using this assumed /nin. A two-hour minimum value for the inter-

event time was initially assumed from the work of Eagleson (1978b), and independence was

assumed based on this criteria. However, in light of the /"un suggested by Koutsoyiannis and

Xanthopoulos (1990), Koutsoyiannis and Foufoula-Georgiou (1993) and Koutsoyiannis and

Pachakis (1996), a t^n of two hours may not have been large enough to ensure independence.

Therefore, an examination of various correlation statistics was used to substantiate the

assumption of two hours for /"un .

3.3.3 Correlation Criteria to Validate /.,n Selection

Consideration of the correlation between various quantities can aid in validating an

independence assumption and hence assist in verifying a value for /.,n . Two methods were

used to evaluate correlation:

(a) the auto-correlation test; and

(b) the rank conelation test

Auto-Correlation

The auto-correlation was calculated for successive inter-event times, event durations and

event depths at six-minute intervals. A lag 20 auto-correÌation at this temporal resolution is

equivalent to two hours and will provide the correlation between recorded rainfall intervals

that are two hours apart- The auto-correlation coefficient ( ro ) between n events in a series

and for alag k between the events in question, is defined (McMahon and Mein, 1986) as:

t nkr\-

"-k2
I

x¡ x¡** - r
ln - k)' Zr,Z",*o

n-k n-k

fk: (3.2)

[-;- >': -,.+(i',)']" [.] oË.:.. r+[8,,*)']"'
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Rank Correlation

Rank correlation was calculated for successive inter-event times, event durations and event

depths using the Spearman-Rank correlation coefficient. This is a non-parametric correlation

coefficient that requires no assumptions regarding the underlying distribution. The concept of

non-parametric coÍrelation is that each value ( ¿ ) in a sorted (lowest to highest) set of

observedvalues (x,xr,--',x,)isreplacedbyitsrankorposition(Rr,Rr,"',R,)amongthe

sample and any linear correlation between the ranks can be determined.

The Spearman-Rank corelation coefficient ( r, ) is defined (Press et al., 1992) as:

(R, -A )(S, -S ) (3.3)
(R, -A )' (s, -S )'

where

= Rank of the inter-event times ( t,,, )

(tnt,tn2,.-',t,tN) = (R, ,Rr," ',Rr);

= Mean of rR;

= Rank of the inter-event times ( tnr¡_D)

(t uo,t o1,"',/o(,v-l)) = (S1,52,"',.S^ ) ; and

: Mean of S.

The signif,rcance of a non-zero value of r. can be tested by computing (Press et a1.,1992):

rs

R

R

s

s

r,
N-2
1- r!

= Number of points.

(3.4)

where:

N

The value of I is distributed approximately as a Student's distribution with N - 2 degrees of

freedom.

Table 3.2 shows the auto-correlation and Spearman-Rank correlation coefficients for varying

f,'n for Melbourne. Values for other Australian sites are shown in Appendix 8.2. \ù/ith a
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correlation value of one meaning perfect correlation it can be seen that a minimum inter-event

time of two hours has little observable correlation between successive inter-event times, event

durations and event depths. Values for /-n greater than two hours were examined but made

little difference to the auto-correlations reported in AppendixB.2.

Table3.2 Auto-correlation and Spearman-Rank correlation coefficients for varying inter-
event times for Melbourne.

Minimum lnter-
Event Time (hr)

Inter-event Times Event Durations Event Depths
Auto-

correlation
Spearman-

Rank
Auto-

correlation
Spearman-

Rank
Auto-

correlation
Spearman-

Rank
1 0.075 0.086 0.055 0.059 0.051 0.065
2 0.073 o.073 0.o42 0.043 0.051 o.062
5 0.074 0.050 0.024 0.031 0.033 0.0s6
a 0.070 0.045 0.040 0.035 0.037 o.o52
12 0.082 o.046 0.009 0.020 0.o29 o.022

To validate the use of an even lower minimum inter-event time to define independence

between events, the lag l0 and lag2O auto-correlation values at a six-minute temporal scale

were calculated for each site, which correspond to a time interval of one hour and two hours

respectively. Table 3.3 shows there was an observable decrease in the correlation level from
the one hour interval to the two hour interval, with a reasonably low corelation level obtained

for the two hour interval.

Table 3.3 Lag l0 (one hour) and lag 20 (two hours) values for six-minute data

Location Lag l0 Lag2O
Adelaide 0.r 78 0.1 l8

Alice Springs 0.r98
0.1 87

0.141
Brisbane 0.126
Cairns o.260 0.r 84
Darwin 0.r09 0.066
Hobart 0.305 o.227

Melbourne o.206 0.132
Pefth 0.151 0.114

Sydney 0.263
o.250

o.115
Townsville 0.152

The lag l0 and lag20 values were also calculated for each month at each site to examine any

effects of seasonal rainfall patterns upon the correlation. For Melbourne the monthly values

ranged from 0.18 fo 0.24 for the lag l0 (one hour) correlation and were within a range of 0.10

to 0.1ó for the lag20 (two hour) correlation. The reduction of the correlation and the range
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was very signifîcant for some months and supported the use of a two hour /* over a one

hour /non. The lag 2O correlation value was considered to be representative of very small

correlations. The full range of values for Melbourne and the other sites are shown in

Appendix 8.3. For some sites very large differences in correlation values were observed

between months, which confirm the conclusions of Bonta and Rao (1988) thal t^n varies over

the year.

The purpose of the rainfall simulation model is to produce a synthetic rainfall data set with the

same statistical characteristics of the observed data. The size of t"o" should not be critical for

this use provided that the statistical properties of the observed time series are preserved.

Acreman (1990) likewise concluded that separation criteria for independent events was not

critical, providing realistic rainfall sequences can be generated. In addition, the larger /*n the

smaller the number of events that will be extracted from the record, leading to a smaller

sample size from which the statistical properties of the chosen probability distribution can be

determined. The effect of increasing f^n on the number of events is seen in Appendix 8.2.

The reduction in event numbers is a serious consideration when starting with short historical

records.

Based on the above correlation analysis, the assumption was made that a /.,n of two hours is

sufficient to separate independent events within Australian rainfall data.

3.4 DnvnlopMENT oF INTBR-EvnNI Trrvln AND EvENT DURATIoN Motnrs

The development of a model to generate inter-event time and event duration data involved:

(a) reviewing previous research and its applicability to Australian data from which a

suitable distribution was chosen;

(b) incorporating into the chosen distrjbution a method to account for the seasonal effects

on the inter-event time and event duration data;

(c) determining the calibrated parameters for the distribution by comparing the fitted

distributions to the observed data; and

(d) validating the model by comparing observed and simulated statistics that were not used

in the calibration process.
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3.4.1 Previous Research

As discussed in Section 3.3.1, the distribution of the time between independent events is often

assumed to follow an exponential distribution. This assumption has been applied to models

utilising a Poisson arrival formulation (such as the single Poisson arrival models and the

clustered point process models) and for many alternating renewal and event-based models.

Other distributions used in an event based modelling approach have included a Weibull

distribution (Grace and Eagleson, 1967; Sariahmed and Kisiel, 1968), a negative exponential

(Grayman and Eagleson, 1969), a truncated geometric distribution (Roldan and Woohiser,

1982), a gamma distribution (Small and Morgan, 1986; Foufoula-Georgiou and Lettenmaier,

l98l; Lambert and Kuczera, 1996), a generalised Pareto distribution (Acreman, 1990), a

transformed gamma distribution ('Wong, 1996) and a generalised exponential distribution

(Lambert and Kuczera, 1998).

The distribution of event duration is also often assumed to follow an exponential distribution

(Eagleson, 1918b; Small and Morgan, 1986; Bacchi et aI., 1989; Burlando and Rosso, 1993;

Acreman, 1990). Other distributions that have been used include a Weibull distribution

(Grace and Eagleson, 1966, 1967; Sariahmed and Kisiel, 1968), a negative exponential

distribution (Grayman and Eagleson, 1969), a truncated negative binomial distribution

(Roldan and 'Woohiser, 1982), a gamma distribution (Bacchi et al., 1989; Burlando and

Rosso, 1993), a bivariate exponential distribution (Bacchi et al., 1989; Burlando and Rosso,

1993), a geometric distribution (Wong, 1996), a modified exponential distribution (Lambert

and Kuczera, 7996), a shifted exponential distribution (Robinson and Sivapalan, 1991) and a

generalised exponential distribution (Lambert and Kuczera, 1998).

The inappropriateness of the exponential distribution for representing the inter-event times

has been discussed in Section 3.3.2- In addition, the use of an exponential distribution for
event duration is not suited in terms of representing the distribution of hìstorical Australian

data. Figure 3.9 shows that event duration distributions for Adelaide, Brisbane and

Melbourne are not exponential. The distributions for all sìtes are shown in Appendix 8.3 and

Appendix D.l. Of the distributions used to model event duration, the generalised exponential

distribution (Lamberl and Kuczera, 1998) has shown the most potential.

78



Development of a New Stochastic Rainfall Model

0

-2

-3

-4
a+-5
=c-6

-7

-8

-9

-10
0 10 20 30 40 50 60

Evenl Duration (hr)

70 80 90 100

Figure 3.9 Distribution of event duration for Adelaide, Brisbane and Melbourne

3.4.2 Selection of Distribution

The generalised exponential distribution (Lambert and Kuczera, 1998) is deilned as:

F(x10,): P(x < xle,): I -exp[- s\,g,)] x>0

where:

X

t

0,

g (",0,)

(3.s)

: independently distributed random variable (inter-event times or event durations);

: time at the start of the inter-event time or event duration (years);

: a vector of distribution parameters dependent on t; and

: kernel function producing the selected distribution type.

The exponentiaì distribution can be used by selectin g I (x,0,) = ;

The generalised exponential distribution provides flexibility by allowing different kernels to

be used. The kernel can be any function that is a non-decreasing function of x such that for x7

1 x2 the kernel satisfies g(rr,g,)< gGr,?r), that passes through (0,0) and that approaches

infinity as .r -) æ. This provides the ability to use functions for the inter-event times and

event durations that more appropriately describe these distributions.

o
a

Observed Data
. Adelaide
" Brisbanex Melbourne

X
X
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The generalised exponential distribution can be re-expressed as:

h[t-r(; le,)]= - s(*,0,) (3.6)

which allows graphical identification of the appropriate kernel

The probability density function of the generalised exponential distribution can be expressed

(Lambert and Kuczera, 1998) as:

rn (/ (.r I o,)) = "(#)- s G, g,) (3.7)

The generalised exponential distribution was used to simulate the random variables to and to,

which define the location and length of the event pulses shown in Figure 3.1(a).

3.4.3 Model CalibrationTechniques

The two most commonly used calibration methods for parameter estimation are the method of
moments and the method of maximum likelihood.

The method of moments can yield simple expressions for parameter estimation but it tends to

give parameter estimates with larger variances than those calculated using the method of
maximum likelihood (Foufoula-Georgiou and Guttorp, 1987).

A disadvantage of the method of moments is discussed by Foufoula-Georgiou and Guttorp

(1987) for the Neyman-Scott 'White Noise (N-SViN) model. Estimates for some of the

parameters were found to be unstable with small changes in an empirical moment estimate

leading to large changes in the estimated parameter values. This created high variability in
one of the parameters of this model. The method of moments is sometimes used for its
quality of preserving the low-order moments, which is important for models that are used as

the input to hydrological simulations. However, as empirical moments have large variability

it is more important to validate the structure of the model against available data rather than

choose particular empirical moments and preserve these during a simulation (Foufoula-

Georgiou and Guttorp, 1987).

The sensitivity of the method of moments estimate equations js also illustrated by Foufoula-

Georgiou and Guttorp (1986), where two methods of fitting the N-S\ù/N model were

80



Development ofa New Stochastic Rainfall Model

compared, yielding models with very similar moments but quite different estimated

parameters values. This severely limits the physical interpretability of the parameters and

illustrates the need for independent checking of the components of the stochastic model that is

being calibrated.

The method of maximum likelihood is generally attributed to statistician R.A. Fisher. It is a

well respected method since it yields asymptotically efficient estimators (Foufoula-Georgiou

and Guttorp, 1981). However, the form of the likelihood expression can be complicated.

Unlike the method of moments, it provides a procedure for deriving the point estimator of the

parameter directly and often has the minimum variance (asymptotically), particularly for a

large sample size n and is hence considered the "best" estimate (Ang and Tang, 1975). It has

the ability to evaluate lower order moments using the theoretical formulae, allowing these to

be compared with the corresponding sample moments from the data, without having an in-

built dependence on these measures.

The method of maximum likelihood was chosen for this study because of its robustness and

the ability to independently compare lower order moments which can assist in checking the

validity of the model structure.

Method of Maximum Likelihood

If a random variable (Ð with observed sample values (x,x.r,..-,x,) has a density function

f (r;0,), then by the principle of maximum likelihood the value of 0, is calculated to

maximise the likelihood of obtaining the observed values.

The likelihood of obtaining a particular sample value xi can be assumed to be proportional to

the value of the probability density function evaluated at x, (Ang and Tang, 1915). Therefore,

assuming random and independent sampling, the likelihood of obtaining n independent

observations xt, x2,...,x, is:

L(r,,xr,...,xn)= f (",;0)f (rr.;0)-..f (r,;0) (3.s)

which is the likelihood function of observing the set x1,x2,"',xn. The value of 0, that

maximises the likelihood function is obtained by either differentiating the likelihood function

with respecl to 0, and equating the derivative with zeÍo ol by numerically maximising the
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likelihood. The latter of these methods was adopted here.

During estimation, the likelihood function can become so small that on a computer it is

indistinguishable from zero due to its multiplicative nature. For this reason maximising the

logarithm of the likelihood function is generally preferred as this format is additive. The

logarithm of the likelihood function is defined as:

Inþ(x, ,x2,--',",I:tn[-f (x,:0)] +rn[¡ (xr;0)] *...+h[/ (t,;e)] (3.e)

3.4.4 Development of the Likelihood Function

Equation 3.7 allows a simple construction of the logarithmic likelihood function needed to

estimate á,. However, this equation is only applicable when the exact start and finish times

of each inter-event time and event duration is available. The recorded rainfall data used in

this study had depths accumulated over discrete intervals of six minutes. Therefore, the exact

time that an inter-event time commences and finishes is unknown. Similarly, the exact time

that each rainfall event commences and finishes is unknown. Adjustments must be made to

the formulation of the likelihood function to account for this uncertainty and avoid an

inappropriate use of aggregated data to calibrate a continuous model (refer Section 2.6.4).

Figure 3.10(a) shows an obsen¿ed inter-event time, surrounded by two rainfall events and

Figure 3.10(b) demonstrates how this inter-event time would be recorded by a pluviograph

(tn,",). A similar scenario is seen for a recorded rainfall event (t0,",). Event durations may be

either greater than or less than one interval in length. Figure 3.1 1(a) and Figure 3.l2(a) show

observed events surounded by two inter-event periods and Figure 3.11(b) and Figure 3.12(b)

show how this rainfall event would be recorded by a pluviograph.

Considering the inter-event time shown in Figure 3.1O, zero rainfall would be reported in

intervals two to four. But the inter-event time starts during the first interval and finishes

during the fifth interval and t,, may be between thlee to five intervals in length. Ignoring any

constraints imposed on the minimum inter-event time, this suggests that t u may be

underestimated by up to l2 minutes.
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Similarly, forthe event duration shown in Figure 3.77,apositive rainfall depth is recorded in

intervals one to five but as the event begins in the first interval and finìshes in the fifth its
length may be overestimated by up to 12 minutes. For a short duration event that begins and

ends in the same interval as shown in Figure 3.72,|he event may be overestimated by up to six

minutes (the length of the interval).

For the data examined in this study between 30 to 40 percent of the event durations are less

than 60 minutes, which suggested that uncertainty in the start and end times would affect a

significant number of the short duration events. These discrepancies in the stan and end times

needed to be accommodated in the likelihood function. This is particuìarly important where

the critical event durations of any model using simulated rainfall data are less than one hour,

which is a likely situation for the rapid response of small urban catchments.

These discrepancies were accommodated by deriving an expression for the likelihood function

of the generalised exponential distribution (Equation 3.5) for each of the following scenarios:

<

ê1S1

,l

84



Development of a New Stochastic Rainfall Model

(a) inter-event time,

(b) event durations greater than one interval in length,

(c) event durations of one single interval,

L(t, ; 0 )= 
[r 

- ""lt - I 
(t n,", * 1"0. 

l, 4 )f) - 
[r 

- "*nt- I 
(t n,", t lx o :, e ¡l);

L(t o ; 0 )= 
[r 

-.*lt - I (t a,", - ! x 0.1,P, )f) - (r - ""pt-s 
(t 0,", - 1 x 0.1,ø lf) ;

0r+o

(3.10)

(3.11)

(3.12)

(3.13a)

L(to;0,: (t -" pl-s(Txo.r,a,)J)

where tu and to are in hours and the pluviograph recording interval is 0.1 hours or six

minutes. The full derivation of these equations is shown in Appendix C.

3.4.5 Selection of Kernel Function

As discussed in Section 3.4.2, the generalised exponential distribution allows the graphical

identification of a suitable kernel function to represent the observed data. To determine a

suitable kernel, an analysis was undertaken by fitting the data with a generalised Pareto kernel,

a power ìaw kernel and combination of generalised Pareto and power law kernels.

Generalised Pareto Distribution and Kernel

The Generalised Pareto Distribution (GPD) has a scale parameter ( á, ) and a shape parameter

( á, ) with a probability density function (Rosbjerg et al., 1992) defined as:

f (')
_J

el=_e
0l

0z=0 (3.13b)
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and a cumulative distribution function defined as:

I

e2

F(x)= t-(t-t,A) 0r*o

0z=0

0r1O,0r>0

(3.14a)

(3.l4b)

(3.15)

-¡
r (r) = l- eo'

For 0r=0 the GPD is equivalent to the exponential distribution and for 0r<0 the Pareto

distribution (PD) is obtained. 'When compared to an exponential distribution, the GPD has a

longer tail for 0r<0 and a shorter tail for 0r>0. The random variable x has no upper limit

for 0r<0:0<x<- but an upper limit exists when g, > O:0 ( -r =+.e2

Using equations (3.6) and (3.14a, b) the kernel for the GPD is:

Power Inw Kernel

A two parameter (0, and fl ) power law kernel has been defined by Lambert and Kuczera

(1998) as:

ln [t - F(x10,)]= - s (*,0,) = 0, x9o 0r]0,00>o (3.16)

Generalised Pareto and Power Inw Kernel Combination

A GPD-Power Law combination kernel was produced by combining Equations (3.15) and

(3.16) to produce:

nft- n(xle,)l: - s(", o,) = - t^(t - t,;)

rn [r - ¡,(")] = ; '" [t 
- t,;) - 0.,u. 0r<0,02>o,03>0,e4>o (3.17)

The parameter ranges shown above are required to ensure that the cumulative distribution

function is monotonicaìly increasing and hence provides a valid probability distribution.
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Kernel Choice

The probability plots for each of the above kemel functions fitted to the Melbourne inter-event

time and event duration (for March) are shown in Figure 3.13 and Figure 3.14.
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Figure 3.13 Fitted kernels to inter-event time data from Melbourne in March.
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Figure 3.14 Fitted kernels to event duration data from Melboume in March.
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The representation of the data using these kernels to the remaining months is shown in

Appendix 8.3 and Appendix D.2. For the inter-event times the GP-Power Law kernel is the

only kernel that adequately represents the entire shape of the probability distribution. The

probability plots, presented in an exponential probability format, clearly indicate that the

random variables are not exponentially distributed and that the GP-Power kernel distribution

provides an adequate fit, particularly to the concave shape of the distribution for the lower

data values. This kernel also best fits the event duration data, particularly the longer events.

In the kernel formulation the value of the inter-event time can be equal to zero. Since all

inter-event times must be greater than two hours ( /n¡n ), to calibrate the distribution the

observed inter-event times are determined from the rainfall record and this data series minus

the minimum inter-event time value ( r'u" ) is used. 'When simulating inter-event times a value

of two hours ( /^," ) must be added to the value sampled from the calibrated probability

distribution.

3.4.6 Seasonality

Seasonal variations in inter-event time and event duration occur over the year. For some sites

the seasonal trends in the inter-event time data are very pronounced, particularly where the

rainfall is highly seasonal as it is in tropical locations such as Darwin (Figure 3.15). Other

locations such as Sydney (Figure 3.16) have more uniform rainfall characteristics and a less

pronounced seasonal inter-event time fluctuation. For event duration data, a single seasonal

cycle is visible in the Perth data (Figure 3.17) and an apparent multi-cycle fluctuation is seen

in the Brisbane data (Figure 3.18), which also shows that where more than one yearly cycle is

present its effect can be less obvious. Appendix 8.5 and Appendix D.4 show the seasonal

trends for all the Australian sites. Seasonal trends in the event duration data are generally less

pronounced.

Two methods were considered to incorporate seasonality. The first was to determine

parameters for the entire data set and then, using these as a starting point, apply an harmonic

variation of these parameters over the year using a Fourier series type equation. The second

method was to fit the distribution parameters over smaìler periods of the year such as seasons

or months.
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Harmonic Variation

The harmonic variation on the parameters was carried out according to:

e = oo+Lao sin(2td< (t + ø))
n

k=l

(3.18)

where:

t - time (years);

n : number of harmonics; and

ae, Q* = Parameters'

The choice of seasonal variation can depend on a number of factors. If there is a gradual

change in the distributions of the inter-event time and event duration over the year, such as in

areas that have a uniform rainfall distribution with no distinct rainfall season, then an

harmonic variation may be the most effective. The advantages of using an harmonic variation

on one or more of the parameters include a reduction in the total number of parameters

required compared to applying the model to each month of the year, avoiding the problem of

events overlapping months and eliminating the problem of high sampling variability if there

are small numbers of events in any particular month. Hopkins and Robillard (1964)

recommend the use of a continuous seasonal variation rather than discrete monthly steps to

allow for any non-stationary effects in the data within each month.

M o nthly / S e as o nal P aram et ers

Locations where more than one yearly cycle exists may be more easily represented using

monthly parameters. Similarly, in areas where there are sudden transitions from the wet

season to the dry season, using monthly parameters may allow the extreme differences

between the different seasons to be adequately represented. However, small event sample

sizes in dry months may make calibrating the distributions for monthly parameters diffìcult

and a seasonal model may be more appropriate.

A seasonal model requires the seasons to be def,ined and problems may arise for those months

in which the season changes. A similar problem exists with a monthly model as there is no

reason for the cyclic changes to occur at the change of a month.

Without the addition of a seasonal component to the representatìon of inter-event times and
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event durations, the GP-Power Law kernel with four parameters (0, to 0) is referred to as

rhe base model. This model and any subsequent addition of seasonal variation is described

here using a sequence of four numbers. The position of each number (one to four) represents

each of the four parameters (0, to 0o) of the distribution and the number itself represents the

number of harmonics that have been added to each of the parameters. For example, the base

model is referenced as "0000" while the addition of a single harmonic to, for example

parameter Q, is referred to as "0010".

Figure 3.19 and Figure 3.20 show the probability distribution with no harmonic variations

(model 0000) and with a single harmonic on one parameter (model 0010) fitted to the March

inter-event time and event duration data for Melbourne. During simulation a probability is

generated and then the inter-event time or event duration is determined. Therefore, the

differences between the observed data and the fitted curve on the horizontal (time) axis are the

most important (refer Figure 3.19). Without harmonics, the model fails to reproduce the

strong seasonal dependence on this variable. The addition of only one harmonic to g. for the

distribution of inter-event times, gives a significantly improved fit. It is not possible to show

a smooth probability distribution for a particular month when an harmonic variation is applied

to one or more parameters as the gradual changes in the parameter values over the year

produce a gradually changing probability distribution. Therefore, the distribution has been

calculated using the midpoint of each month to give a representation of the distribution shape

during that month. As the single harmonic produces a gradual change in the parameter value

over the year some months may have a noticeable improvement of the representation by the

addition of this harmonic but some may show little or no improvement. This is apparent for
the event duration data where improvement is only seen in the tail of the distribution. For the

midJength event durations the representation is not as good as the fit without harmonics.

Appendix 8.6 and Appendix D.5 show the calibration of the GP-Power Law kernel without

harmonics and with one harmonic applied to the inter-event time and event duration data

respectively, for all months of the year for Melbourne.

Figure 3.21 and Figure 3.22 show fitted probability distributions where parameters have been

calibrated for each month. It can be seen that this approach provides an increased flexibility
for fitting the distrjbution to the observed data.
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A monthly approach increases the likelihood of obtaining a good representation of the

observed data through the kernel function being able to accommodate significant differences

in the distribution shape of the data. Although this means that more parameters are required

to fit the model to each site, the parameters are generally easily calibrated. The fits for

remaining months for both the inter-event time and event duration data are contained in

Appendix 8.8 and Appendix D.7 respectively.

3.4.7 SpectralAnalysis

While seasonal variations can be observed in the moving averages of the inter-event time and

event duration data it is not always clear how many cycles are present and which are the most

important. A spectral analysis was used to provide an indication of the presence and level of

seasonal variations in the data and enable the identification of the level of harmonic variation

that should be incorporated into the model. For example, if one dominant cycle is present in

the data then it is likely that the addition of one harmonic to one or more of the parameters

will adequately reproduce this variation over the year.

Methodfor Unevenly Sampled Data

The majority of spectral analysis techniques deal with evenly sampled data. However, as with

many scientific observations, recorded rainfall data consists of unevenly sampled data. The

Lomb method (Press et al., 1992) allows a spectral anaìysis to be undenaken for unevenly

sampled data. The Lomb normalised periodogram (spectral power as a function of angular

frequency a:2n f > 0 ) evaluates the data and sines and cosines at the times ( l, ) that are

actually recorded. If there are N data points (h,=h(t,),i:l,...,N) with mean (h) and

variance ( ø2 ) then the periodogram is defined as:

PN (t)( )
l>,rr, - h)cosat(t, -")f' l>¡r,-ø;sin atçt, -r¡f'

F cos' a (t , - î\L/J 'J F sin2a¡(t,_ r)ulJ

(3.1e)

where r is defined by the relation tan(2otr) =?ffi

The method weights the data on a per point basis instead of on a per time interval basis.
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Uneven sampling can introduce serious error in the latter.

A property of the Lomb normalised periodogram is that the viability of the null hypothesis

(that data values are independent Gaussian random values) can be rigorously and

quantitatively tested to answer the question of how significant is the peak in the spectrum at

P, (at) ? This enables confidence levels to be attached to the values of the spectrum. Press ¿t

al. (1992) indicate that if M independent frequencies are examined, the probability of a peak

value of P" (at) larger than a value z is:

P(Z>z) = l-( l-e-')' (3.20)

under the assumption that the data comes from an independent Gaussian process. When the

probability is small, Equation (3.20) can be rewritten as:

P(Z>z)=Me-' (3.21)

such that the probability scales linearly with M
0.01and 0.001 (the lOVo,77o and 0.17o levels).

¡4 = 2J-
ofac

Probability levels considered here were 0.1,

A reasonable estimate was considered to be

, where F is the number of frequencies examined and ofac is an over-sampling

factor

The lowest independent frequency examined is the inverse of the span of the input data

7' max,(f ,)- min, (/, )
which is the frequency for a complete yearly cycle. In general,

hìgher independent frequencies would be multiple, of I but because the interest is with the'T
statistical signif,rcance of any peak, the method requires over-sampling to generate intervals at

less than ] ,o tt ut sample points lie close to the top of any peak. Theref-ore, a value of seven
T

was assumed for ofoc in this study. A maximum frequency (f n,) is specified and the number

ofindependent frequencies evaluated (Press et a\.,1992) is
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where:

f, = NyquistfrequencY

Results

Non-dimensionalised results of the spectral analysis of the inter-event time data for

Melbourne and the event duration data for Perth are shown in Figure 3.23 andFigure3.24.
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These figures also include probabilitylevels (0.1,0.01 and 0.001) that are shown depending

on the size of the highest frequency. A dominant spike can be seen at a frequency of one

cycle per year in the inter-event time data for Melbourne. This highly significant one cycle

per year periodic variation in the inter-event time data is visible at many of the sites. In
contrast, the event duration data for Perth shows two important cycles at one and two cycles

per year. This suggests that two harmonics may be required for one or more of the parameters

of the model to adequately reflect this type of cycle variation.

The results for all sites are shown in Appendix 8.4 and Appendix D.3. For each of the

locations, the analysis shows that the inter-event fluctuations have a dominant frequency of
one cycle per year. For Adelaide, Alice Springs, Brisbane and Perth this is the only significant

frequency. Cairns and Hobart show a second significant frequency of two cycles per year.

These are less significant in relation to the single yearly cycle, but still surpass the 0.01

significance level and approaches the 0.001 level. Darwin and Townsville both have

significant frequencies of two cycles per year and a lesser but still significant spike that

surpasses the 0.001 level at three cycles per year. The Sydney data also shows a very

significant frequency of one cycle per year in addition to a spike that is greater than the 0.1

significance level at approximalely 4.5 cycles per year.

Analysis of the event duration data does not show any particular frequency to be consistently

important for all sites. A frequency of one cycle per year dominates the spectrum for Alice

Springs, Cairns, Perth and Sydney, and is significant at the 0.1 level for Hobart. Cairns also

has a significant frequency at two cycles per year. For Darwin and Townsville a frequency of
two cycles per year is the most dominant and Darwin also has significant frequencies at one

and three cycles per year. The frequency of three cycles per year is the most important for

Brisbane. For Adelaide there are a number of significant frequencies at approximately one

cycle per year while the Alice Springs and Melbourne data shows longer term cyclic

variations in the event duration data.

This analysis aids in the detemination of the level of seasonal variation present in the data

and the number of harmonics that may be required for the parameters in the model. For

example, the event duration data for Alice Springs showed one significant frequency at one

cycle per year and for Brisbane one significant frequency at three cycles per year. When

harmonic variations were fitted to the parameters of tbe model, one harmonic was required for
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Alice Springs (Figure 3.25a) and three harmonics for Brisbane (Figure 3.25b) on á, to fit the

model to the observed seasonal variation. (Alice Springs also required one harmonic on 0,

and 0r, and Brisbane required one harmonic on 0r.)
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Figure 3.25 Seasonal variation of parameter 0, of the event duration model:
(a) Alice Springs (one harmonic); (b) Brisbane (three harmonics).

3.4.8 Description of Parameter Estimation Search Methods

Three search methods were used to determine the parameters of the GP-Power Law kernel for

the ìnter-event time and event duration data. These were:

(a) Direct search downhill Simplex method of Nelder and Mead (1965) (Press et a1.,1992);

(b) Powell's method (Press et aL,1992); an

(c) Shuffled complex evolution (SCE) method (Duan et a1.,1992; Kuczera, 1991).

Using these methods in combination was found to be the most likely approach to detect the

global optimum.

Some methods only require the evaluation of the function to be minimised while others

require evaluations of the derivatives of the function as well. Those calculating the

derivatives are considered more powerful (Press et al., 1992) but this is not always enough to

compensate for the extra calculations required. The downhill simplex method and Powell's

method are both ìocal-type direct search optimisation methods. The simplex method moves
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downhill in a straight forward manner and makes no special assumptions about the function.

It requires only function evaluations and is robust, but can be slow and it is not effîcient in

terms of the number of function evaluations required. Powell's method is generally faster in

most applications but it is more suited to problems requiring small computational effort.

Powell's method is a direction-set method and the method of choice when derivatives are not

easily calculated, as the choice of successive directions does not involve the explicit

calculation of the function's gradient. From a starting point and at each stage, a direction is

chosen along the function's surface to minimise. The method consists of prescriptions for

updating the set of directions as the method proceeds. This can be inefficient, depending on

the surface structure, taking many steps to reach the minimum. Local search methods are

limited in that they are generally not capable of handling the presence of multiple local optima

and can have convergence problems when locating the global optimum (Duan et al.,1992).

The SCE search method is a global optimisation procedure which conducts multiple

concurrent searches within the parameter space. Each search is based on a complex (or set) of
parameters, which are initially randomly selected from the search space. At each iteration, a

simplex is randomly selected from each complex and allowed to evolve in a downhilì

direction using a probabilistic variant of the simplex search above. The main strength of the

algorithm comes from the periodic shuffling and reforming of the complexes that allows

global sharing of informatjon about the objective function.

Because of its ability to locate the globaì optima, this study utilised the SCE search method

initially and the search was continued using either a simplex method search or a Powell's

method search. ln this way, the best possible parameter set was obtained. Parameter

estimation for the inter-event time, event duration and average event intensity was carried out

in logarithmic space to ensure that parameter constraints were satisfied.

3.4.9 Statistical Evaluation of Incorporated Seasonal Variations

The addition of harmonic variations to one or more of the four parameters of the GP-Power

Law kernel allows the kernel to accommodate seasonal changes. However, while seasonal

variations in the inter-event times and event durations may be seen in the data, the level to
which this variation is incorporated into the model must be assessed. If too many harmonic

variations are added to the parameters, the level of seasonal variation and hence the model
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may become over-determined from a statistical viewpoint. This means that a model with less

harmonics can produce a representation that is just as good statistically as one with a higher

number of harmonics.

There are a number of criteria available to statistically choose between models, based on the

statistical significance of changes in the value of the maximum likelihood. Three that have

been frequently used are the Likeìihood Ratio Test (LRT), Bayesian Information Criterion

(BIC) and Akaike Information Criterion (AIC). These three tests were used to evaluate the

changes in the maximum likelihood estimates from the addition of harmonics during

calibration and attempts to identify the most statistically efficient level of seasonal variation

required.

Líkelihood Ratío Test (LRT)

Asymptotic likelihood ratio theory can be used to evaluate the signihcance of changes in

likelihood resulting from the addition of more parameters to nested models. If log/, (a) tt

the maximised logJikelihood for a particular model with n parameters, then it can be shown

(Bickel and Doksum, 1977) that:

(3.23)

where:

x'(f ,cr) = chi-squared variate;

a, : exceedance probability;

f = number of degrees of freedom; and

k - difference in the number of parameters between models

Table 3.4 shows the y7(f ,o) for a=0.95. This test applies only to nested models. The

null hypothesis is a reduced model in which some of the parameters are fixed at

predetermined values such as zero- This method of model evaluation has been used by

Woolhiser and Pegram (1919), 'Woolhiser and Roldan (1982, 198ó), Woolhiser and Osborn

(1985) and Lambert and Kuczera (1998).

*(#)-+ru,o)t
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Table 3.4 Chi-square variates (a = 0-95)

Degrees of Freedom (fl 1

x'(n,a)
2

2 3.0
4 4.7
6 6.3
8 7.8
l0 9.2

Bøy esian Information Críterion (B I C)

The Bayesian framework for hypothesis testing uses Bayes factors to quantify the evidence for
one hypothesized model against another (Kass and Raftery, 1995). The Bayesian Information

Criterion (BIC) provides an approximation to the Bayes factor and has widely been used as a

statistical model selection criterion (Karz and Parlange,1995; Jimoh and Webster, 1996)" It is

defined (Volinsky and Raftery, 2000) as:

Bl C = - zU ¡ (0 j) - I 0(0r)l+ (n, - ns) log(N) (3.24)

where I j@ j) and /o 1âo¡ are the maximised log-likelihood values for models M, and, Mo

with sample size N. The two models are parameterised by an n, dimensional vector 0, , and

an n'dimensional vector á0, respectively.

Bayes factors can be applied to both non-nested models and nested models, whereas the

application of non-Bayesian significance tests to non-nested models is difficult (Kass and

Raftery, 1994). If BIC < 0, then M ,is favoured over M o, and the more negative BIC is,

then the more that M,is favoured. Therefore, two models can be compared by taking the

difference of their BIC values, when each is compared to a base model, for exampl e , M o.

lf M0 is nested within M,,rhen 2Itj(0¡)-lo@)l ìs the standard LRT statistic for testing

M o against M , , and (n , - no) is the difference in the number of model parameters associated

within that test.

Raftery (1995) provides a scheme to determine the significance in the differences between the

BIC values of different models. This is shown in Table 3.5.
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Table 3.5 Significance of Bayesian lnformation Criterion values
(from Raftery, 1995).

BIC difference Significance
o-2 Weak
2-6 Positive
6-10 Strong
>10 Very Strong

Akaike Information Criterion (AI C )

Akaike (1914) suggested alternative criterion that could be used to objectively choose

between models. The model chosen should be the one which minimises the Akaike

information criterion (AIC), defined (Kass and Raftery,1994) as:

AIC =-2ïl¡(0,))+2n, (3.25)

where lj@j) is the maximised logJikelihood for model M,, parameterised by an ni

dimensional vector á,.

This has been used for model evaluation by Eidsvik (1980), Woolhiser and Roldan (1982),
'Woolhiser and Osborn (1985), Katz and Parlange (1995) and Jimoh and V/ebster (1996).

Eidsvik (1980) found that using the AIC to identify one model from another was

unnecessarily complicated and models with a large number of parameters were often chosen.

Kass and Raftery (1994) also indicated that the AIC tends to overestimate the number of

parameters required, even for large data sets.

Results

Various parameter and harmonic combinations were examined in addition to a monthly model

where the GP-Power Law kernel was calibrated to each month. Analysis of the likelihood

values for each model for seasonal variation, in conjunction with the LRT, BIC and AIC tests,

aided in the decision as to which model best represented each location in terms of parameter

efficiency.

Table 3.6 shows the significance of maximum likelihood estimates using the LRT, BIC and

AIC tests when compared with the "0000" model for the Melbourne data. The "0010"

seasonal model (shown in bold) was the most efficient for both the inter-event times and event

t03



Development of a New Stochastic Rainfall Model

durations. However, there is a significant difference between the BIC of the monthly inter-

event time model and that of the "0000" harmonic model. ln addition, although the "0010"

harmonic model is the most efficient for the event durations, its significance is weak and the

additional parameters provide only a small improvement.

These results also show how the addition of an harmonic to the optimum combination can

result in a less suitable choice via these tests. In some instances the optimum modcl choscn

was not the same for each statistical test as different tests may select different models. For

example, in Table 3.6 the LRT test results for the "0010" model do not identify this model as

the optimum. However, the values are very close to the optimum model values.

Table 3.6 Likelihood test results for Melbourne.

No. of Parameters logl, (0) BIC LRT AIC
Inter-Event Time

0000 4 -l3l 875.5 263759.O
0010 6 -131515.8 -710.8 359.7 263043.6
1010 8 -131515.0 -703.8 360.5 263046.O

month 48 -131411.2 -607.8 263050.4
Event Duration

0000 4 -16865.2 153138.4
0010 6 -76859.8 -2.3 5.4 153731.6
1010 8 -76858.3 3.1 6.9 153132.6

month 48 -76830.4 r 16.8 153756.8

Appendix 8.7 and Appendix D.6 contain the likelihood estimates for various harmonic

combinations and the model chosen for each site. Only the combinations that produced

improved models over the "0000" model are shown. In general, it was most important to fit
harmonics to the parameters 0, and 0, as these had the most influence on improving the

likelihood estimate and obtaining a better representation of the data. There appears to be a

large correlation between the parameters 9, and 0o such that the addition of any harmonics to

0o afrer 0rhad little effect on the likelihood, and 0. produced the most improvement from

the "0000" model-

In a number of cases the monthly models appeared to have an excessive numbe¡ of parameters

as judged by these tests. For example, in Table 3.6 the monthly model shows a significant

improvement over the "0000" model for the inter-event time data but does not for the event

duration data. Ultimately, the validation of the results from the model simulation must have
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the biggest influence on model choice, that is, even if statistical tests indicate that a monthly

model is not required, if the results using a model with harmonic variation are not satisfactory

then the extra computational effort of determining monthly parameters is warranted.

3.4,10 Validation by Simulation

The accuracy of the calibrated model was validated by comparing the observed inter-event

times and event durations to those produced by a250 year simulation. Simulated distributions

for the monthly estimated parameter-based model and the harmonic parameter-based model

are shown in Figure 3.26to Figure 3.29. The reproduction of both seasonal models overthe

year is discussed further in Section 5.1. ln general the models described by monthly

parameters produced better simulated distributions than those that used harmonic variation to

account for seasonality.

Although the statistical tests used in this section to evaluate the harmonic and monthly models

generally favoured the harmonic models over the monthly models, the results of the

simulation favour the use of monthly models. It must be emphasised that an over-determined

model is not a drawback provided the parameters can be estimated. The structure of the

event-based alternating renewal model developed in this study allows for the straightforward

calibration of parameters because the calibrated events are easily observable in the historical

dat"a. Because the main focus in this study is goodness-of-fit and an adequate representation

of the observed data rather than parsimony, the monthly models were preferred for the

representation of both the inter-event time and event duration data.
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Figlure 3.26 Observed and simulated inter-event times using a monthly parameter-based
model for Melbourne in March.
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Figure 3.27 Observed and simulated inter-event times using an harmonic parameter-based
model (0010) for Melbourne in March.
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Figure 3.28 Observed and simulated event durations using a monthly parameter-based model
for Melbourne in March.
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Figure 3.29 Observed and simulated event durations using an harmonic parameter-based
model (0010) for Melbourne in March.
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3.5 DnvnlopMBNT oF AN Avnn¡cn Evnxr lNrnnsrry MoDBL

A probability distribution was needed that would describe the average event intensity (r) as

defined in Figure 3.1(a). The development of a model to describe this variable involved:

(a) reviewing previous research from which a suitable distribution was chosen;

(b) incorporating into the chosen distribution a method to account for observed dependence

between average event intensity and event duration;

(c) incorporating into the chosen distribution a method to account for the seasonal effects

on the average event intensity and its relationship with event duration; and

(d) evaluating the calibrated dist¡ibution parameters by validating the marginal distributions

of the simulated data with the observed data.

3.5.1 PreviousResearch

In event-based rainfall models, there have been numerous probability models used to describe

the distribution of inter-event times and event durations. Similarly, the average event

intensity and depth has been modelled using a variety of distributions including the gamma

distribution (Eagleson, 1978b; Acreman, 199O: Koutsoyiannis and Foufoula-Georgiou, 1993;

Robinson and Sivapalan, 1997), the'Weibull distribution (Grace and Eagleson, 1966, 1967)

and the generalised Pareto distribution (Van Montfort and Witter, 1986; Lambert and

Kuczera, 1996; CameÍon et al., 1999).

Figure 3.30 shows the distribution of average event intensity for Brisbane, Darwin and

Melboume. These distributions exhibit a similar concave nature to those of the inter-event

times and event durations. This concavity is one of the reasons for the use of the generalised

Pareto (GP) distribution to describe rainfall depths by Van Montfort and Witter (1986). The

GP distribution, described in Section 3.4.5, also has the desirable property of having an upper

limit when the standard deviation is less than the mean. This reduces the possibility of
generating unrealistic combinations of events with large average rainfall intensities and Iong

durations. For these reasons, the generalised Pareto distribution (Rosbjerg et al., 1992) was

chosen to model the average event intensity. The distributions for all sites are shown in

Appendix E.l.
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Figure 3.30 Distribution of average event intensity for Brisbane, Darwin and Melbourne.

3.5.2 Conditional Relationship with Event Duration

The conditional relatìonship between average event intensity and event duration, along with

the importance of modelling this relationship successfulìy, has been well established and

incorporated into event-based models of point rainfall (Grace and Eagleson, 1966, 7967;

Acreman, 1990; Lambert and Kuczera,7996; Robinson and Sivapalan,7997; Cameron eî al.,

1999)- An examination of the historical data used for this study found this relationship to be

clearly observable, as shown for Melbourne in Figure 3.31, with the remainder of the sites

shown in AppendixF,.4. Figure 3.32 shows this relationship on a logarithmic plot where the

low average intensity and duration events can be more clearly observed.

It is also observed that shorter duration events generally have higher intensities than longer

duration events, although, for durations greater Íhan 2O hours, the mean intensity often

reverses its declining trend and stans to increase. The rainfall model must be able to

reproduce the average event intensity, as well as adequately represent its dependency on the

event duration.

a

Observed Data
. Brisbane. Dan¡vinx Melbourne
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3.5,3 Conditional Probability Model of Average Rainfall Intensity

The parameters of the GP probability distribution kernel chosen to represent the average event

intensity can be related to the mean and standard deviation of average event intensity

conditioned on event duration. In this way, the dependence of intensity upon event duration

can be incorporated into the model. The mean and variance of this distribution is defined

(Rosbjerg et a|.,1992) as:

þ:E[x]: h
02

0r>-7 (3.26a)

(3.26b)

(3-27a)

(3.2tb)

2

Using these equations, the parameters á, and 0, can be solved using the sample mean (p)

and varianc e (ô') by the following:

3.5.4 Conditional Function for Model Parameters

It is clear from Figure 3.32 that both p and ô depend on In(rr). This dependence is

denoted by the function Ê: .f ,(ln 1r, )) and ô : f u(ln (r, )). h order to determine what type

of conditional function would best describe the relationship between the mean and standard

deviation of average event intensity and event duration, a moving average of average event

intensity against event duration using a window size of 50 points was undertaken. The

outcome of this process is shown in Figure 3.33 and Figure 3.34 for the Melbourne and

Brisbane data. This gives an indication of how the mean of the average event intensity

changes with increasing event duration. It is interesting that the basic shape is similar for both

these cities, as it is for the remaining sites shown in Appendix E.5, even though the climates

are very different.
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Mean and Standard Deviation Functíon Development

From obseruations of the shape of the moving average of average event intensity, a cubic

polynomial function was selected to represent the mean and standard deviation of average

event intensity. To prevent the increase in the intensity from persisting for the longer

durations, which would produce unrealistic combinations of event duration and average event

intensity, a cut-off duration was chosen beyond which the function remained constant. This

duration was chosen from visual inspection of the data. However, through simulation it was

found that this function was unable to adequately reproduce the Intensity-Frequency-Duration

(FD) statistics, as the conditional relationship between event duration and average event

intensity was not adequately modelled. Difficulties with the calibration of parameters were

also encountered, particularly when trying to incorporate seasonal variations (Section 3.5.5).

It was concluded that the function chosen was not flexible enough to represent the changes in

intensity with event duration while at the same time remain easily calibrated.

As an alternative, two broken line functions were defined to represent the relationship

between event duration and average intensity. While these may be more parameter intensive,

they were the most flexible option for the representation of average event intensity moments.

For a given event duration, these functions yield the conditional mean and standard deviation

of the average event intensity, from which the two GP parameters can be computed. Both

functions are continuous and consist of a series of straight line segments to represent the

changes in variation of the mean and standard deviation of average event intensity as the event

duration increases. The number of segments was chosen to minimise the number of

parameters while at the same time adequately describing the relationship (the shape of the

curve)-

The conditional functions defined for Melbourne are shown in Figure 3.35 and Figure 3.36,

Also shown is the broken line function used to represent the changes in mean and standard

deviation of average event intensity with event duration. Each point is the mean or standard

deviation of intensity of 50 events. These points were caìculated by ranking all rainfall events

in order of increasing event duration and averaging the mean and standard deviation of

average event intensity for successive groups of 50 events. The mean event duration of each

group of 50 points was used for plotting purposes- The conditional functions for all sites are

shown in Appendix E.6.
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3.5.5 Seasonality

As with inter-event time and event duration, seasonal variations in the average event intensity

occur over the year. A moving average of average event intensity over the year for Melbourne

(Figure 3-37) and Cairns (Figure 3.38) demonstrates this. Appendix E,.3 shows the seasonal

trends for all the Australian sites.
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Figure 3.37 Moving average of Melbourne average event intensity data.
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3.5.6 SpectralAnalysis

A spectral analysis of the average event intensity data was undertaken. Figure 3.39 shows the

results for Melbourne where there is one main spike of importance at one cycle per year, and

Figure 3.40 shows the result for Darwin where there are a number of spikes of importance, the

greatest of which is at two cycles per year, but again a one cycle per year trend can be seen.
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Figure 3.39 Spectral analysis of Melbourne average event intensity data.
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Figure 3.40 Spectral analysis of Dalwin average event intensity data
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A similar result can be seen for Adelaide as sho\ /n in Appendix 8.2, along with the results

from the other sites. While all sites have significant frequencies of one cycle per year,

Brisbane, Cairns and Perth also have significant frequencies of two cycles per year. As with

the inter-event time and event duration data, this analysis provides an indication of how many

seasonal cycles there are within the year to assist in selecting an appropriate method for

accommodatin g this season ality.

3.5.7 Incorporation of Seasonal Variation

The seasonality in the data is characterised as the large variation in the observed values of the

mean and standard deviation of average intensity. These seasonal changes were incorporated

into the model by allowing the values of the parameters to vary (if required) between months.

A set of values for the year was obtained first to determine reasonable starting points for the

parameters. Figure 3.47 and Figure 3.42 show the fit over the whole year togetherwith the

adjustment of this curve for two selected months of the year for Melbourne. These curves

represent the extremes in the seasonal relationship.

Results for the remainder of the locations are shown in Appendix E.l. Locations with

uniform rainfall often have less seasonal variations in this relationship. For locations in the

tropics the higher intensity values occur mainly during the rainy season (summer) and the

lower intensity values for the same durations during the dry season (winter). The opposite

occurs for locations with predominantly winter rainfall, although the standard deviations are

often larger in the summer months.

'While the use of the broken line method requires a large number of parameters to be

estimated, the use of an harmonic variation such as for the inter-event times and event

durations was considered. However, the use of harmonics was not able to represent the

extremes over the year and in general underestimated the IFD statistics. Harmonic

modifications to accommodate seasonal variation were not used further in this study.
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3.5.8 Validation by Simulation

The calibrated parameters of the monthly average event intensity model were validated by

comparing the observed marginal distribution to that generated by a 25O year simulation.

Figure 3.43 and Figure 3.44 show the simulated distributions obtained using the monthly and

harmonic variation event duration models respectively for Melbourne in March. These results

are discussed further in Chapter 5.
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25 30

Figure 3.43 Observed and simulated marginal distributions of average event intensity using a

monthly parameter-based event duration model for Melboume in March.
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Figure 3.44 Observed and simulated marginal distributions of average event intensity using
an harmonic parameter-based event duration model (0010) for Melbourne in March.

0

-2

-3

e-+
+
Ë-5

-6

-7

-B

-9
0

0

-'l

-2

-3

ìt+-4
=c

-5

-6

-7

B

0

. Observed Data - Marcho Simulated Data - March (monlhlylmonthly)

ì
ta

a Observed Data - March
Simulated DaÌa - March (monlhlylOO10)

o
.. .?

lt9



Development of a New Stochastic Raínfall Model

3.6 CoNcruuNG RBMARKS

In this chapter the first stage in the development of an event-based alternating renewal model

for the simulation of synthetic rainfall has been presented. The model uses a generalised

exponential distribution with a combination of the generalised Pareto and Power Law kernels

to represent the inter-event times and event durations and a generalised Pareto dìstribution for

the average event intensity, conditioned upon the event duration. These random variables

describe the gross characteristics of the rainfall process, representable by a series of

rectangular pulses. The seasonal variation in the observed inter-event times, event durations

and the average event intensity was shown to be significant and this was incorporated into the

model in two ways. Firstly, the parameters of each distribution were calibrated using data for

the relevant month. Secondly, an harmonic variation was applied to the parameters, allowing

them to vary over the year. Although the harmonic models were generally statistically

preferred, the monthly models produced a better representation of the observed distributions

during simulation and are the preferred option. In the following chapter, a model is developed

to disaggregate the simulated rainfall pulses into a hyetograph.
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4. DEVBLOPMENT OFA RAINFALL PULSE

DISAGGREGATION MODEL

Stage one of the rainfall model generates a series of rainfall events in the form of rectangular

pulses, as shown in Figure 3.1(a), which represent generated rainfall events passing over a rain

gauge. However, as with actual events, each generated event may actually consist of a series

of cells that produce intra-event wet and dry periods as the event moves over the gauge. This

would produce a temporal distribution similar to that shown in Figure 3.1(b) that needs to be

simulated using a disaggregation scheme.

When using synthetic rainfall events as the input for hydrological applications or other models

such as infiltration, erosion, or the transport of chemicals and sediment from agricultural

fields, it is important that the temporal distribution of the rainfall is able to be realistically

reproduced. Some of the above models can be sensitive to the distribution of total event

rainfall over temporal resolutions as small as five minutes (Woolhiser and Osborn, 1985).

Australian Rainfall and Runoff (ARR, 1987) suggest that the rainfall temporal pattern can

have a major impact on the size of a flood event. Many authors, including Askew (1915),

Cordery et al. (1984), Lambourne and Stephenson (1987) and Viessman eî al. (1989), have

demonstrated the effect that different assumed temporal patterns can have on a flood peak.

ARR (1987) shows that flood peaks can vary by up to 50 percent as a result of using different

derived patterns for the temporal variation of rainfall, and that at the extreme ranges for the

patterns computed flood peaks vary dramatically for individually observed heavy rainfalls.

Beran (1973) suggested that the effect of the assumed temporal distribution of rainfall on the

computed design floods, while being less than that of the assumptions for rainfall loss, is still

very important. Yen and Chow (1980) emphasised the importance of the effect of the

temporal rainfall distribution for determining runoff from small basins (25-50 km2; in

comparison to larger catchments. This was suggested because the time of concentration on

large catchments may be sufficiently long to Leduce, but not eliminate, the effect of the rainfall

temporal pattern on the runoff hydrograph.
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4.I PnnvIous RBSEARCH

In design flood estimation the typical methods for deriving a temporal distribution of a design

event are deterministic and have no probability associated with their application. This is in

contrast to the perceptible stochastic nature of the phenomenon (Koutsoyiannis, 1994). The

temporal patterns of observed events exhibit a high degree of variability and a general method

for describing this variability is desired. As such the derivation of tenporal pattelns for use

with design rainfall has received a great deal of attention, resulting in numerous methods and

procedures for describing the distribution of rainfall depth over time. Some have been

developed for the distribution of rainfall over an entire event, while others to distribute the

intense rainfall burst generally used in design. The range of models based on both a non-

probabilistic and probabilistic approach were investigated to select an appropriate model and

are discussed in the following.

4.1.1 Non-Probabilistic Disaggregation

Non-probabilistic disaggregation is camied out by deterministically distributing the total

rainfall depth over the event using pre-calculated temporal patterns. The simplest temporal

patterns use a pre-selected time distribution curve with a uniform, triangular, trapezoidal or

bimodal profile. Of these, the uniform profile (Todorovic and Yevjevich, 1967 Ison et al.,

l97l,Eagleson, 1978b) is the most basic and is generally accepted as being unrealistic.

Grayman and Eagleson (1969) used an isosceles triangular profile with the peak adjusted to

preserve the total depth for each event. Yen and Chow (1980) also used a triangular profile to

distribute rainfall events, showing that it was able to produce runoff hydrographs with

comparable or better accuracy than the uniform and trapezoid distributions. It was also shown

that the effect of the distributed event duration on the shape of the non-dimensional

hyetograph was not significant. Rahman et al. (1998) reported that the triangular profile is

inadequate in reflecting the actual time variations of events. Lambourne and Stephenson

(1987) investigated the effects that bimodal, triangular and uniformly distributed rainfall

patterns for complete events and intense bursts had on the runoff peak and volume, up to an

ARI of five years. The bimodal profile was shown to better represent the peak discharges and

volumes.

An alternative method for rainfall disaggregation is the use of non-dimensionalised mass
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curves. V/hile they may be constructed using a probabilistic basis the application is purely

deterministic and no probability can generally be associated with such curves. Keifer and Chu

(1951) produced a synthetic storm pattern for Chicago for use with any design storm of any

given duration. This pattern, often referred to as the Chicago pattern, was derived from rate-

duration-frequency curves in conjunction with the statistical averages of the most important

characteristics affecting the peak runoff rate for a complete event, namely the total rainfall

within the maximum period or storm burst period, the amount of antecedent rainfall and the

location of the peak rainfall intensity. The pattern has been used in design applications for

other locations (Watson, 1981), but has received criticism. 'Watson (1981) indicated that the

pattern is too peaked, resulting in a greater proportion of rainfall occurring at the peak

intensity than normally occurs during real events.

Liou (1970) developed a disaggregation model to use with a continuous simulation approach.

ln this model, hourly rainfall was disaggregated into l5-minute averages using one of four

explicit distributions. The choice of distribution for a particular hour was based on a

comparison of the precipitation for that hour with that of the previous and succeeding hours.

The U.S. Soil Conservation Service (SCS) (1912, 1985) derived synthetic temporal patterns

from an analysis of observed event data, enabling rainfall hyetographs to be specified for

events of 6 and 24 hours duration. Four sets of the 24 hour duration temporal patterns were

developed for each of four defined geographical locations within the United States and a

single pattern was defined for the six hour duratlon event.

The current design temporal patterns stated in ARR (1987) are based on a non-probabilistic

approach. Australia has been divided into eight zones on the basis of climatology and

expected differences in temporal patterns, with the boundaries generally following major

drainage divides (ARR, 1987). Pilgrim et al. (1969), Pilgrim and Cordery (1975) and Cordery

et al. (1984) describe the methodology used to define the temporal patterns for each of these

zones. The methodology involves ranking the time intervals within intense rainfall bursts by

the depth of rainfall in each; this is repeated for many intense bursts within each region. By

averaging the ranks for each interval, a pattern of avelage variability and the most likely

sequence of intensities are obtained. For each design duration two patterns are provided, one

for an ARI of less than 30 years and one for 30 years or greater. This is the only attempt to

associate a probability to the patterns. In fact, ARR states that the only valid use for these

t23



Development of a RainfalL Pulse Disaggregation Model

patterns is for converting a design rainfall of a selected ARI into a design flood of the same

ARI, which implies that they are ARI neutral. Pilgrim and Cordery (1915) and ARR (1987)

suggest that the patterns embody average variability but should not be considered as typical

patterns for most regions and durations.

Ormsbee (1989) developed a discrete distribution approach for disaggregating to intervals of
20 minutes. The moclel was based on an assumption that the distribution of rainfall within the

central hour of a three hour moving sequence was proportional to the hourly distribution of
rainfall over the three hour sequence. A continuous distribution approach was also developed

using a similar assumption. A probability distribution was developed for the rainfall

distribution so that disaggregation to any time resolution between I to 30 hours could be

obtained. The model was tested by aggregating and then disaggregating 5 and 15 minute data.

In general the model performed better on the 15 minute data. The effect of the temporal

pattern model on hydrologic design was evaluated using generated runoff statistics for small

urbanised watersheds. The model was shown to produce results better than those from a

uniform rainfall distribution. Its performance was also assessed by comparing observed and

predicted peak discharge flows. The disaggregation model showed an improvement to the

case of uniformly distributed rainfall, but underestimated the observed historical peak flows.

4.1.2 Probabilistic Disaggregation

The alternative to using a fixed or non-probabilistic temporal pattern is to develop a

probabilistic description for this variable. This may be undertaken by deriving a series of non-

dimensionalised mass curves with a probability level assigned to each. These curves can be

determined from a probabilistic analysis of historical events. Huff (1967) developed a series

of temporal pattern curves for use on complete events in Illinois, along with areas of similar

climate and topography. Recorded event distlibution patterns were characterised by mass

curves and classified into four groups depending on whether the heaviest rainfall occurred in

the first, second, third or fourth quârter of the total event period. In each group, nine

probability curves, from 70Vo to 90Vo at lOTo increments were determined. From each curve

a design event hyetograph can be constructed. These Huff curves have been used as design

rainfall hyetograph inputs into hydrologic models (Bonta and Rao, 1988) and as a

probabilistic input to derive flood probability distributions (Beran, 1913).

While this method involves a probabilistic approach, the determination of a lesulting design
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flood is obscure (Koutosyiannis, 1994). The Huff curves do not represent the actual patterns

for a certain probability of exceedance but are matched to the statistics of an ensemble of

patterns, which means that the curves exhibit less variability than would actually be observed

between the patterns of individual events (Rahman et al., 1998). In addition, the

representation of the real event process by these smooth curves is poor as the burst

characteristics of observed events are not reflected (Koutosyiannis, 1994).

Hashino (1986) theoretically derived a stochastic event pattern to preserve the stochastic

properties of actual event hyetographs. A bivariate exponential density function was used to

derive equations to describe two design patterns, one with peak rainfall intensity at the centre

of an event, the other with peak rainfall at the end of the event. The patterns were described

by three parameters, the reduced variate of the peak rainfall intensity, the auto-correlation

index (related to the auto-correlation coefficient of the rainfall intensities) and the conditional

probability of rainfall intensity at time /, given the rainfall intensity at time t-1 (P(l,lI,-t)).

This assumes that rainfall intensity actually decreases monotonically away from the peak.

This assumption limits the method for situations where the actual process is represented by

this assumption, which is not always the case.

Rahman et at. (2OOl) assumed that the temporal pattems for storm cores (the most intense

periods of rainfall within an event) were dependent only on the total event duration. Observed

events were transformed into dimensionless mass curves, defined by ten equal time

increments, and separated into two groups, those up to l2 hours duration and those less than

12 hours. Within each group, the curves were sequentially numbered. During Monte Carlo

simulation to derive flood frequency curves, the temporal pattern was sampled from the

appropriate duration group using a uniform distlibution.

Other methods involve the disaggregation of rainfall events using probability distributions for

various random variables that can be used to define characteristics of the observed data.

These methods produce a unique hyetograph for each event'

Woolhiser and Osborn (1985) developed a probabilistic model to disaggregate thunderstorm

rainfall at a point using a non-dimensionalised mass curve approach. The dimensionless

duration was divided into ten equal time increments and the depth increments re-scaled to a

range of zero to one. The expected value of the kth re-scaled increment given the (k-1)th
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increment was assumed to be a linear function of that increment. The marginal distribution of
the first element and the conditional distribution of subsequent elements (frth given (ft-1)th)

was described using a beta distribution. No intra-event dry periods were included within the

disaggregation of events, which is reasonable given the nature of thunderstorm rainfall. The

sequence of re-scaled increments were then modelled as a non-homogeneous Markov chain in

discrete time in order to calibrate the model using thunderstorm data from south-east Arizona.

The model required 26 paramefers but the use of polynomial approximations for a number of
parameters was suggested to reduce this number. A 13 parameter model was used and it was

shown that the dependence between successive increments was sufficiently strong to validly
include this dependency in the model. Dimensionless events were simulated and compared

against the simulated and observed cumulative marginal distributions of re-scaled increments

with reasonable agreement.

The concept of normalised mass curves has since been applied by Koutsoyiannis and

Foufoula-Georgiou (1993), who produced a four parameter model to disaggregate total event

rainfall into any desired resolution, with reasonable results. Robinson and Sivapalan (1991)

also used normalised mass curves to describe the temporal pattern of rainfall intensity for use

in determining flood frequency distributions. A stochastic model was developed to produce

curves that satisfied the statistical characteristics of the observed data. The model utilised a

multiplicative structure with continual disaggregation of the normalised event duration until
the desiled time scale was reached. The mass curve ordinates at each successive

disaggregation level were drawn from a beta distribution. The stochastically generated curves

were then converted to within-storm temporal patterns of rainfall intensity.

Marien and Vandewiele (1986) divided observed rainfall sequences into events using a

minimum inter-event time of ten minutes. Each event of duration D and total depth R was

then sub-divided into N partial events with durations Dt,D2,.-.,D, and depths

Rt,Rz,"',Rr, to represent the rise and fall of rainfall intensity within each event. The

changes in rainfall intensity during each of these partial events was then represented using

isosceles triangular profiles. Conditional probability models were derived for each partial

event parameter, namely P[N lA : r,D = r]f, PfD,,Dr,...,Dr lR= r,D = d,N :nl and

P[R, , Rr,-..,R" lR:r,D:cl ,N:n,D,=d,,...,D* =d,1 .
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Beven (1987) obtained a mean event profile from averaging the summer and winter profiles

given in the U.K. Flood Studies Report (NERC, 1915). Individual event profiles were then

modelled by adding a random component to the mean profile for each hour of rain in the form

of a f,rrst-order Markov process, then re-scaling to preserve the total event rainfall. It was

found that using the mean rainstorm intensity for each hour alone did not yield a sufficient

number of high peaks to reasonably represent the flood characteristics. It was concluded that

variations in rainfall intensity within events may need to be well represented to obtain a true

determination of flood peaks.

Acreman (1987) treated rainfall temporal distribution as a random element where individual

event profiles were equivalent to a population density function that describes the average of

all profiles present in a number of sample histograms. The total event rainfall was divided

into depths of 0.5mm that were distributed within the profile using a normal distribution to

govern the probability of occurrence at any time during the event.

Ormsbee (1989) modified the non-probabilistic discrete disaggregation model in order to use

it in a discrete stochastic model. The model was again based on the assumption that the

distribution of rainfall within the central hour of a three hour moving sequence was

proporlional to the hourly distribution of the rainfall over the three hour sequence. It was

assumed that the volume of rainfall in any hour occurred in discrete amounts of 0.01 inch, and

a probability function for the occurrence of these discrete rainfall pulses in each of the three

20 minute time intervals within the central hour were developed. Once the probability

function for a particular hour was developed, the total volume of rainfall was disaggregated

into N pulses of 0.01 inches and each pulse was then assigned to one of the three time

intervals using the developed functions and a sequence of N random numbers sampled from a

uniform probability distribution.

Ormsbee (1989) also developed a continuous stochastic disaggregation model. As with the

discrete stochastic disaggregation model, rainfall was assumed to occur in discrete amounts of

0.01 inch and was distributed over the central hour of a three hour sequence, based on the

knowledge of the three hours. The central hour was separated into N intervals of ân (the

selected time interval for the disaggregated rainfall). A probability density function was

developed for the time of occurrence of the ith time interval in the central hour. This changed

from hour to hour depending on the shape of the three hour series to reflect the changing
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dependence of rainfall within different shaped three hourly sequences. The total depth was

divided into N pulses which were assigned randomly to the intervals using a uniform

distribution. This method has since been used by Cowpertwait (1991b) and Cowpertwait ør

al. (1996b) with the modification that the depth of the discrete rainfall pulses was determined

as a random variable. The model was fitted to a set of one-minute data at a number of sites

where it was considered to perform well.

Acreman (1990) examined the rainfall profiles of events of varying duration and showed that

the profiles are independent of duration, which suggests that the average standardised profile

can be considered constant across event duration. A beta distribution was used to describe the

average shape of all rainfall profiles for each season. To obtain a profile for a given event, the

relative proportions of the total rainfall depth in each hour was determined by random

sampling from a beta distribution. A lag-one auto-correlation model was used to reproduce

the observed correlation between successive hours.

Koutsoyiannis and Xanthopoulos (1990) developed a single-site dynamic disaggregation

model that transformed monthly rainfall into events and hourly amounts. The distribution of
rainfall in a given houl of an event was either a gamma or Weibull with its parameters

dependent on the duration of the event and the position of the current hour within the total

event. The number of parameters varied from 4 to 12, depending on the accuracy desired.

'Ïhe 72 parameter disaggregation of rainfall data from two stations gave satisfactory results.

Statistics and distribution functions computed from synthetic samples derived by the model

matched well with the theoretical expectations.

Boughton (2000b) defined a disaggregation model in terms of the fraction of the daily total

that occurs in the hour of maximum rainfall (R). The values of R were obtained from

Victorian pluviograph records. The records were processed into 9am to 9am daily blocks and

only days with total rainfall greater than 15 mm were selected for analysis. For each value of
R, an average set of values for the remaining 23 fractions of the daily total were defined.

Clusters of fractions from each set of 24 fractions were then determined in order to preserve

the average values of the highest two, three, six and twelve hour fractions. These clusters

were then randomly amanged over the day to reproduce the natural variations in 9am to 9am

rainfall. During simulation a value of R is selected from the distribution of R based on the

pluvioglaph records. This value is then assocìated with its determined set of 24 fractions and
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the clusters required to maintain the average multi-hour fractions. These fractions are

multiplied by the daily total to give the hourly rainfalls, which are arranged into a daily

temporal pattern. While this model may provide a reasonable distribution of rainfall over a

day, it is not clear how the day to day relationship is accommodated if a number of

consecutive days are wet.

Menabde and Sivapalan (2000) showed that for a Melbourne 25 year six-minute pluviograph

record, the calculated ensemble-averaged power spectrum of all events with durations greater

Ihan 6.4 hours produced an exponent greater than one, indicating that the events exhibit

stochastically self-affine rather than self-similar properties. A bounded random cascade

model (a special form of the multiplicative random cascade model) was then used to produce

random, intra-event hyetographs. Breakdown coefficients were used to analyse the scaling

properties of intra-event rainfall. This method is applicable to both self-affine and self-similar

events. A breakdown coefficient was then constructed as a random variable and its

probability density function for a number of event durations was determined and fitted to a

symmetric beta distribution, with its parameter dependent on event duration. Comparisons

between observed and simulated extreme intensities for events of 30 minutes duration showed

good results. However, it would be desirable to view results such as IFD and aggregated

statistics over a range of durations before the method was considered applicable to a range of

event durations.

4.1.3 Evaluation of Models

Given the decision in Chapter 2 to use an event-based rainfall model, the use of

disaggregation models that disaggregate fixed time intervals into smaller intervals, rather than

disaggregating an event, is not appropriate. A probabilistic approach is considered essential to

account for the joint probability of the temporal rainfall distribution with other rainfall

producing variables. The use of a dimensionless mass curve has been widely used and was

considered a good basis for the simulation of fine resolution temporal patterns for events of

varying dulation. Figure 4.1 shows the variability in 20 non-dimensionalised rainfall events

from Melbourne. The dimensionless mass curve approach was seen as a potentially useful

method for accommodating the large variability in the shape of the temporal distribution in

events found in the historical data and was chosen for further consideration.
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Figure 4.1 Variability in the temporal distribution of rainfall in non-dimensional events.

4.2 DEvnropMENT oF THB RlrNrRr,L PULSE DrsnccnBGATroN Monu

The disaggregation model used in this study utilises a dimensionless mass curve. It is

assumed that the probabilistic evolution of traces within the dimensionless mass curve can be

described by a self-similar, discrete stochastic process that describes how each rainfall trace

moves from one point in time to the next. The trace may either jump upwards indicating

rainfall, or remain horizontal implying an intra-event dry period. The self-similarity concept,

whele events are expected to exhibit similarities in their internal structure despite their

different duration or total event depths has been applied by a number of researchers including

Woolhiser and Osborn (1985) and Koutsoyiannis and Foufoula-Georgiou (1993). Self-

similarity provides the ability to simulate high resolution temporal patterns for long duration

events.

4.2.1 Non-Dimensional Mass Curve

For each event, duration is non-dimensionalised as ø : t I t, where r is the time since the start

of the event, 1,, is the total event duration and 01t <t¿. Depth is non-dimensionalised as

d: 4,)''),where ri(r)is the cumulative rainfall up to time r. Therefore, all rainfall traces
d (t ,,)
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must:

(a) liewithinthelimits 0<â<1 and 0<t<l;

(b) begin at (0,0) and end at (1,1); and

(c) have a non-negative slope.

If øis initially divided into n finite intervals, 3o is taken as corresponding I"o kf n and áo to

d(coto) with l <k<n
d(to)

ten intervals to sequentially smaller decimal based intervals for longer duration events.

An analysis of historical events of various durations was undertaken to measure the

leasolableness of the self-similarity assumption. Figurc 4.2 shows a comparison of averaged

dimensionless observed event profiles for various ranges of event durations for Melbourne

and Figure 4.3 shows these for Perth. For Perth the curves are virtually coincident and while

the curves for Melbourne are slightly spread they are still reasonably similar. The curves for

all sites are shown in Appendix F.1, with each having a similar relationship. For some sites

there are few events that have a duration greater than 25 hours. For these sites, all events with

durations greater than 15 hours have been grouped together. This suggests that the

assumption of self-similarity is reasonable as a first approximation and that the same set of

parameters can be used for all events, regardless of event duration. If these averaged profiles

showed a stronger dependence upon duration, a self-affine approach similar to Menabde and

Sivapalan (2000) could be investigated (refer Section 4.1.2).

The characteristics of the rainfall jumps on the dimensionless mass curve and the total intra-

event dry periods are evaluated separately for each observed event. The wet part of all

observed events is mapped onto a dimensionless mass curve and the statistical moments of

each successive jump, conditioned on the jump origin, are estimated. The total intra-event dry

period for all events is then determined. When a temporal pattern is generated for each

simulated event the rainfall jumps and dry periods are again treated separately. The dry

periods are randomly mixed within the generated jump distribution using a non-replacement

sampling scheme to produce the simulated hyetograph. Because of this process, the intra-

event rainfall can be conceptualised as a conditional random walk on a dimensionless mass

curve for the rainfall event. Each of these processes is discussed in the following sections.

In this study, n was set to ten, creating the ability to reduce the initial

t31



Development of a Rainfall Pulse Disaggregatíon Model

1

0.9

0.8

0.7

0.6

00 0.5

o.4

0.3

o.2

0.1

0

x
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4.2.2 Intra-Event Rainfall Distribution Determination

A histogram of all observed jumps in each tenth of the dimensionless event duration was

examined. This is shown for Melbourne in Figure 4.4 with the shape of the histogram

suggesting that a log-normal distribution can be assumed. Similar shaped histograms were

obtained for all sites as shown in AppendixF.2.
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Figure 4.4 Distribution of jumps for Melbourne.

The first jump within a lainfall event ( á, ) will be from the origin and can be sampled from its

marginal probability distribution. The probability distribution of subsequent jumps however,

á*_, to â* for k >1, will depend on the jump origin 4_, . The jump distribution model works

directly with the non-dimensionalised depth, using relationships for the conditional jump

mean and standard deviation, which are dependent on the remaining portion of the non-

dimensional depth. This eliminates the need to re-scale the depth increments as was done in

Woolhiser and Osborn (1985). The ôrange available to the jump from time tk,t to Tk is

l- 6r,, so as á* , approaches 1.0 the size of the jump becomes more constrained. The

conditional probability density function f(*=60-õr-,14,=4<1) describes the

probability ofjumping from (ø^-,,á0, )to (rn,6o) fol k - 2, "', n -7 .

The size of the ju-p x:6*-õr, from time tt | Ío Tk can be described by the following
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truncated (at 1- áo_, ) log-normal distribution:

f*(x)= rì.*"-'[-;(?)']
I òì , t(n* s'12

P,u^= !¿or-"u 
( ),t*

0<x<I-6r_, (4.1)

(4.2)

(4.3)

where:

2 = E(\nX), the mean of ln x ; and

7_9- a lnX , the standard deviation of ln¡

Sampling from a truncated log-normal distribution is straightforward. The jump (x) is
sampled from a log-normal distribution with parameters ). and Ç. If the sampled value is

greater than the upper limit (t - áo , ), the value is re-sampled. Each successive jump is based

on the current position within the dimensionless time-depth space and constrained by the

amount of dimensionless depth remaining. Since a jump can never equal the total

dimensionless depth remaining it will never quite reach õ =7 . If, in the unlikely event, after

the second or third jump the õ value exceeds 0.99 the small amount of rainfall that is left is
distributed over the remaining time periods so that â: I when r:7 . Thus the remaining

intervals are not considered as dry periods but periods of very low intensity rainfall. Events of
this nature can be observed in Figure 4.1. Assuming otherwise would violate the model

assumptions used to identify independent events. The parameters À and ( depend on the

jump origin áo , , and during the mapping of each observed event into the dimensionless mass

curve the statistical moments of each jump conditioned on the jump origin were estimated.

The parameters À and ( were found to be suitably described by the following parabolic

curves, chosen to ensure that l" and ( converge to 0 as áo , approaches l:

)": (l- 6o ,)(2, + lrõo_,)

Ç : (l- 6o_,)(ç, + Ç16*_,)

The parameters Àr , 7"r, Ç, and Ç, were fitted to the data using weighted least squares. The

weights are dependent on the sample size of the data used to define the jump mean and
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standard deviation at different values of ði. Figure 4.5 and Figure 4.6 show the fits of these

functions to the data from Melbourne. It must be noted that the outlying points have very few

values (and hence low weight) associated with them. The fitted functions for all sites are

shown in Appendix F.3.
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The six parameters that require estimation for the jrmp distribution component of the

disaggregation model, these being the parameters of the parabolic curves along with the mean

and standard deviation of the first jump from the origin, are shown in Table 4.1.

Table 4.1 Jump distribution parameters.

First Jump from Origin Subsequent Jumps

p o l"r ìvz Ç' Ç,
Adelaide 0.089 0.078 0.070 0.395 0.073 0.144

Alice Springs 0.119 0.1 33 0.096 0.375 0.109 0.105
Brisbane 0.1l6 0.115 0.087 0.404 0.101 0.156
Cairns 0.099 0.105 0.080 0.403 0.096 0.111
Darwin 0.1 53 0.112 0.114 0.393 0.126 o.146
Hobart 0.091 0.082 0.o77 0.398 0.o74 0.147

Melbourne 0.106 0.096 0.078 0.394 0.085 0.140
Perth 0.l n 0.1 08 0.081 0.369 0.093 0,151

Sydney 0.103 0.1 00 0.081 0.402 0.093 0.1 l -5

Townsville 0.1 07 0.123 0.090 0.426 0.112 0.162

Although these cities ale in different climatic regions, the jump distribution parameters are

remarkably similar. This is seen further in Figure 4.7 to Figure 4.10 where the sites are

loosely grouped according to climate region. The similarity in the jump distribution

parameters over the variation of regions as shown provides significant potential for

regionalisation to sites where there is little or no data.
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4.2.3 Intra-Event Dry Period Distribution Determination

The intra-event dry fraction (P) of an event is defined as the proporlion of dry increments

within an event. A histogram of the intra-event dry fractions for Melbourne is shown in

Figure 4.11 and all sites are shown in Appendix F.4.
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This shows that there are a signifîcant number of events with a low P (Pr, P < 0.05). A beta

distribution (shape parameters p and o) is often used to model data with upper and lower

bounds. Theshapeof thedistributionof Pforhighervalues (Po,P >0.05)indicatesitcould

be modelled using this distribution with a lower limit of 0.05 and an upper limit ( Pro*)

defined as the maximum P observed in the data. A uniform distribution was used to model

events classified as Pr.

There are four parameters that require estimation for the intra-event dry fraction distribution

component of the disaggregation model, these being parameters of the beta distribution, the

probability of P, and Pro*. These fitted parameters are shown in Table 4.2 and the fitted

distribution for Melbourne is also shown in Figure 4.1 1.

Table 4.2 Intra-event dry fraction distribution parameters

Prob(P¡) Prob(P¡1) Pvnx
tr o

Adelaide 0.128 0.411 o.202 0.90s
Alice Springs o.262 0.359 0.1 87 0.8r 8

Brisbane 0.1 13 0.4r5 0.r96 0.905
Cairns 0.152 0.418 0.r89 0.905
Darwin 0.21o 0.313 0.r 91 0.900
Hobart o.144 o.396 0.r86 0.90s

Melbourne 0.1 l5 0.407 0.r9l 0.895
Perth 0.1 28 o.444 0.r 88 0.905

Sydney 0.121 0.406 0.1 88 0.868
Townsville 0.1 89 0.371 0.1 93 0.897

As was the case for the jump distribution parameters, the intra-event dry fraction distribution

parameters are similar across the different locations. The only obvious exception is with the

P, for Darwin and Alice Springs, which are likely to experience more intense events such

that once it begins raining there are not many intra-event dry periods. In Darwin, intense

events often occur in the afternoons during the wet season, resulting in independent events

with short intra-event dry periods on each day. Figure 4.12 and Figure 4.13 compare the

probability density function for the beta distribution using the parameters in Table 4.2.

Melbourne, Brisbane and Sydney have very similar distributions, as do Townsville and

Darwin. The distributions for Perth and Cairns are also similar. Although the distributions

for all sites do not display the same level of similarity that was observable for the jump

distributions, similarities exist that may allow some regionalisation of these parameters.
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Figure 4.12 Comparison of the Beta distribution probability density function for Adelaide,
Alice Springs, Brisbane, Melbourne and Sydney.
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Figure 4.13 Comparison of the Beta distribution probability density function for Cairns,
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4.2.4 Self-SimilarityofParameters

To confirm the self-similarity between the temporal profiles of non-dimensional events and

consequently to support the use of the non-dimensionalised mass curve approach,

disaggregation parameters were estimated for events of different durations at the same site.

Table 4.3 shows this comparison for the jump distribution parameters and Table 4.4 for the

intra-event dry fraction parameters for Melbourne. For the jump distribution parameters it can

be seen that the values obtained for the varying duration events are very similar and are also

close to the fitted parameters obtained for the entire record. Figure 4.I4 and Figure 4.15 also

show the fitted functions for the jump parameters. The fitted parameters for the mean jump

are very sìmilar and those for the standard deviation of the jump are not too different. From

these results it was concluded that the use of the dimensionless mass curve with parameters

not dependent upon event duration is reasonable.

Table 4.3 Jump distribution parameters for varying duration events for Melbourne.

First Jump from Origrn Subsequent Jumps

u o rr 7", (r C,

All Events 0.106 0.096 0.078 0.394 0.085 0.140
I -2 hrs 0.101 0.107 0.095 0.406 o.097 0.142
2-3 hrs 0.1 15 0.107 0.080 0.390 0.086 0.146
3-4 hrs 0.111 0.1 03 0.o'74 0.394 0.084 0.127
4-5 hrs o.112 0.095 0.071 0.386 0.076 0.129
5-8 hrs 0.101 0.085 0.069 0.391 0.065 0.141

8-15 hrs 0.091 0.071 0.067 0392 o.067 0.127
15+ hrs 0.095 0.056 0.056 0.408 o.044 0.1 48

Table 4.4 Intra-event dry fraction distribution parameters for varying duration events for
Melbourne.

Prob(Pr) Prob(Pu) Pv¡x
tr. o

Fitted Parameters 0.115 o.401 0.191 0.895
I -2 hrs o.343 0.357 0.194 0.846
2-3 hrs o.132 o.434 0.202 0.864
3-4 hrs 0.065 o.432 0.1 93 0.8'72
4-5 hrs 0.05 r 0.435 0.182 0.884
-5-8 hrs o.o3l 0.429 0.184 0.895
8-15 hrs 0.o32 0.398 0.114 0.800
l5+ hrs o.026 0.341 0.152 0.126
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Figure 4.14 Variation of the mean jump from ô during events of varying duration for
Melbourne.
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However, while the intra-event dry fraction parameters for the beta distribution and for Pro*

are very similar, the value of PL noticeably decreases with increasing event duration. This

indicates that there may be some differences between the intra-event dry period characteristics

of shorter events compared to longer ones. It was observed that for longer duration events a

large portion of the event consists of intra-event dry periods. Therefore, the probability of

having a small number of intra-event dry periods for long duration events is low. Figure 4.16

compares the probability density function of the beta distribution using the parameters from

Table 4.4. These show that the functions appear dependent on the event duration. However,

the significance of the extent of this dependency needs to be assessed in terms of its effect on

the success of the synthetic rainfall series to replicate the observed rainfall characteristics,

such as aggregated statistics, to determine the need to undertake further investigation to

address any lack of self similarity.
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Figure 4.16 Comparison of the Beta distribution probability density function for events with
varying duration for Melbourne.
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4.3 DrsnccnEGATroN oF STMULATED Rtmnnrr, PULSES

Using the generated total event depth, the disaggregation model initially allocates rainfall

depths for each time decile of the event. Then, by the assumption of self similarity, each of
these decile depths is disaggregated into a further ten depths. This process continues until the

time increments are less than or equal to six minutes. The same parameters that were applied

to profile the total event duration into deciles, are used to generate the profiles for each

subsequent decile. This is an extension from Woolhiser and Osborn (1985) who only consider

ten intervals and assumed that the intensity remains constant within each interval, regardless

of the actual event duration. Therefore, for a long duration event the intervals remained

relatively large (for example, a l0 hour event results in a disaggregated event with one hour

intervals).

Once the temporal pattern of wet increments had been determined, the distribution of dry

increments was evaluated and inserted. The following steps were followed in the assignment

of an intra-event dry fraction:

(a) events of duration less than 0.5 hours were assumed to have no dry increments;

(b) for events greater than 0.5 hours, the probability of a particular event having either an

high ( Pr) or low (P.) intra-event dry fraction was determined by sampling from a

uniform distribution between 0 and l, with P. as described in Table 4.2;

(c) an event that was classified as PL then had its P value sampled from a uniform

distribution between 0 and 0.05; and

(d) an event that was classified as Pn then had its P value sampled from a generalised beta

distribution, with a lower limit of 0.05 and upper limit of Pro* , using calibrated

parameters.

To produce the entire temporal distribution of rainfall within a rainfall event, the simulated

wet and dry periods were then combined by random assignment without replacement, subject

to the constraints that no intra-event dly period could exceed two hours and that the first and

last elements must be wet. The following example illustrates the steps undertaken:

(a) if a particular event is one hundred six-minute increments long and the intra-event dry

fraction is determined to be 207o,this results in2O (2O7o of 100 increments) six-minute
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increments being dry;

(b) the first increment of the event must be wet. The six-minute rainfall depth placed in

this increment corresponds to the first six-minute increment of raìnfall determined by

the jump distribution;

(c) this reduces the number of available increments to be allocated to 98 and the number of

available wet increments to 78, allowing for the fact that the last rainfall increment must

be wet. A uniform random number is then sampled and if this number is less than

20198 then the second increment is dry, if not, the second increment is wet; and

(d) this then reduces the number of either wet or dry increments to be assigned. The

process continues until all of the increments have been allocated with the final

increment being wet.

Figure 4.17 presents an example of two simulated rainfall traces as dimensionless mass

curves

1

0.8
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o.2 0.4 0.6 0.8

Non-dimensional Event Duration (1)

Figure 4.17 A non-dimensional description of the rainfall temporal pattern.

T'race A follows the straight line á : t , depicting uniformly distributed rainfall with time and

no intra-event dry periods, whereas trace B depicts an event in which a large initial burst of

rainfall is followed by lighter rainfall and contains a dry period within the event. Also shown
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for trace B is the conditional jump distribution process. When the random walk is at I : O.3 ,

it must jump to a new time t=0.4 by sampling from a truncated log-normal jump

distribution.

4.3.1 Non-Dimensional Mass Curve Comparison

In Section 4.2.1, a comparison between the average dimensionless mass curve of events of
varying durations was undeftaken. This was to establish that self-similarity is a reasonable

approximation. As a result, parameters that are independent of event duration and depth were

determined. To confirm whether the disaggregation process reproduced the observed self-

similarity, an analysis was undertaken of events of varying durations to determine an average

non-dimensionalised mass curve. These were then compared with the original non-

dimensionalised curves as shown in Figure 4.18 for Melbourne and Figure 4.19 for Perth.

Results for all sites are shown in Appendix F.5. It can be seen that the self-similarity property

is reasonably well reproduced. However, a discrepancy in the period t=0.7-0.9 is

noticeable, in that the simulated curves are much flatter than the observed, with a steeper step

between t = 0.9 -1.0 . This pattern appears to occur independently of event duration.
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Figure 4.18 Comparison of simulated and observed event profiles for varying event durations
for Melbourne.
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Figure 4.19 Comparison of simulated and observed event profiles for varying event durations
for Perth.

One possible reason for this is that the standard deviation of the jump from á (as shown in

Figure 4.6 for Melbourne) decreases as t increases. Therefore, there may not be enough

variability in the jumps in this range and the jumps are small. As such, there is less rainfall

during the period I = 0.J -0.9 than would normally occur but once r = 0.9, the remainder of

the non-dimensionalised depth must fall before t = 1 .O and hence the curve is steep. Another

cause may be the simplistic approach to determine wet or dry increments, which appears to

have a bias towards dry increments occurring later in an event.

4.4 Corlcl,unlNc RBMARKS

This chapter has discussed the development of a probabilistic rainfall pulse model. A

comparison of non-dimensionalised mass curves between events of varying durations showed

that an assumption of self-similarity between events was reasonable as a first approximation.

The model uses a constrained random walk on a dimensionless mass curve to describe the

temporal distribution of intra-event rainfall.

The characteristics of the rainfall jumps on the dimensionless mass curve and the total intra-

event dry periods were evaluated separately for each event during both the calibration of

parameters and the simulation of the intra-event hyetograph. A truncated log-normal

Simulated

Simulated
1-2 hrs

- - 4-5 hrs
- - 8-15 hrs

i Observed

1-2 hrs
4-5 hrs--'- 8-15 hrs
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distribution provided an adequate representation of the rainfall jumps. The parameters for the

first jump within a rainfall event were taken from the marginal distribution, with each

successive jump dependent on its current position on the dimensionless mass curve. The

successive jumps were descrìbed using parabolic curves, which were found to be very similar

across the varied Australian climatic regions considered. This offers significant potential for

regionalisation and application of this approach to areas with limited or no data.

The proportion of dry increments within an event or the intra-event dry fraction (P) was

represented using a uniform distrìbution for 0 < P < 0.05 and a beta distribution for

0.05 < P 3 Po where P" is the maximum dry fraction observed in the historical data. The

parameters for the proportion of intra-event dry increments were also very similar between

locations despite the differences in climatic conditions. The only exceptions were Darwin and

Alice Springs, which experience more intense events than most of Australia, such that once it
begins raining there are not many intra-event dry periods. Despite this, the method offers

considerable potential for regionalisation.

A comparison of simulated and observed avelage event profiles showed the self-similarity

property to be reasonably well produced. However, within the dimensionless depth ( ô )

range of 0.7 to 1.0 disclepancies were noticed and were independent of event duration. This

is possibly attributable to the parabolic functions used to represent the conditional jumps, in

particular, the fact that the standard deviation decreases significantly as the dimensionless

depth approaches one. There may not be enough variability in the jumps in this range,

resulting in smaller jumps that cause the trace to flatten relative to the observed historical

record. Because the remaining á at a dimensionless time ( t) of 0.9 must fall before 1.0, this

portion of the curve is steeper than in the observed record. Increasing the variability of the

jumps in the upper regions of the dimensionless mass curve may be an option for correcting

this. Because the validation of the total rainfall model is carried out using statistics not used

in its calibration, the effect of this disaggregation discrepancy will be tested at a higher level.

This stucly clid not seek to make further improvements to the disaggregation model but the

opportunity for improvement was noted should the overall rainfall model be unable to

adequately reproduce key observed statistics.
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5. VALIDATION OF THE STOCHASTIC RAINFALL MODEL

This chapter provides a rigorous examination of many aspects of the performance of the

rainfall model and its suitability for use in developing the design flood estimation procedure

outlined in Chapter 1.

An examination of the observed and simulated probability distributions for inter-event time,

event duration and marginal average event intensity is presented. While these probability

distributions are used to calibrate and subsequently simulate rainfall, this comparison provides

a level of confirmation that the observed distributions are being effectively reproduced by the

simulation. For the marginal average event intensity, a comparison is made between the

model outputs dependent on both a monthly and harmonic event duration model.

Successful calibration is a necessary but not sufficient requirement for demonstrating model

credibility. The robustness of a model can be best illustrated when it is validated by examining

properties that are not used in its calibration (Cowper1wait,1994; Cowpertwait et aL,1996a).

This is an important step in model development because it can reveal structural inadequacies

in the model methodology and assumptions. The ability of the point rainfall model to

simulate rainfall statistics that are not used in its calibration is further considered in this

chapter.

Intensity-Frequency-Duration (FD) curves, aggregated statistics and the probability

distribution of annual totals, which ar.e not used to calibrate the model, are examined. While

many researchers have considered the effective reproduction of aggregated statistics as a

measure of a model's credibility, these statistics have often been used to calibrate the models.

The reproduction of these statistics for durations longer fhan 24 hours is rarely considered, nor

is the effectiveness of a model to reproduce extreme values. 'When extreme values have been

checked many models have shown poor results for higher Average Recurrence Intervals

(ARD.
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5.1 PRonnnILITy DrsrnrnurroNs oF CHARACTERTsTTc EvENT VanrtnrBs

A comparison between the observed and simulated inter-event time and event duration

probability distributions provides confirmation that the simulation is adequately reproducing

these calibrated parameters. This is an important first step in model validation- The

distributions for these variables were calibrated on a monthly basis, which results in a large

number of parameters that require estimation. To reduce the number of parameters, the use of
harmonic functions to vary the distribution parameters over the year was examined. The

development of these functions and the statistically preferred harmonic model for each site

was discussed in Chapter 3. Presented in the following is a comparison of the distributions of
inter-event time and event duration variables generated using both the monthly and harmonic

models, along with an examination of the effect of the harmonic and monthly event duration

distributions on reproducing the marginal avelage event intensity distribution.

Figure 5.1 (Sydney in April) shows that the inter-event time distribution is well represented

using the monthly model but not by the harmonic model, particularly in the tail of the

distribution. Most of the months and sites modelled showed this type of relationship, that is,

the monthly model produced much better results than the harmonic model. However, Figure

5.2 (Sydney in June) shows a situation where both models produce a very similar
representation. Some cases, such as shown in Figure 5.3 (Alice Springs in August), exhibit a

more complex observed probability distribution that is different to the "typical" distribution

shape. This form of distribution can only be produced using a monthly fitted model. In a

small number of cases observed probability distributions were reproduced more reliably using

the harmonic model, such as Figure 5.4 (Cairns in May). In this instance, the result may

indìcate some seasonal variations in the properties of the inter-event times occur within a

month, which may occur during the transition months between seasons. Harmonic models

were able to represent these monthly variations because the parameters of the distribution

change smoothly over the year, whereas the parameters of the monthly model are fixed for the

month and cannot accommodate intra-month variations in the distribution of inter-event times.

Difficulties in fitting a distribution to a particular month occurred for Darwin where there are

less than 2O rainfall events recorded durÌng the June to July dry season for over 40 years of
record. This small number of data points is not enough to calibrate and produce a meaningful
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monthly probability distribution. Theoretically the harmonic model should be able to

overcome this issue as it is calibrated using all available data points and is based on seasonal

changes over the entire year. However, the observed variation of inter-event times over the

year was so great, as a result of the vastly different rainfall patterns in the wet and dry seasons,

that the harmonic model was not able to effectively represent this in order to overcome the

problem of a small number of data points. Overall, the monthly model provided the most

reliable and meaningful representation of the inter-event time distributions for each site. The

observed and simulated distributions of the inter-event times for all sites are shown in

Appendix G.

A similar result was observed for the representation of event duration distributions, with the

distributions being better represented for each site and month using the monthly model as seen

in Figure 5.5 (Perth in July). Again, the harmonic model was unable to reproduce the more

complex probability distributions for some months, as shown in Figure 5.6 (Alice Springs in

May). The observed and simulated distributions of event duration for all sites are shown in

Appendix H.

The simulated marginal distributions of average event intensity using both the monthly and

harmonic event duration models were also compared to determine the effect of event duration

distribution on the marginal average event intensity. Overall, the simulated average event

intensity distributions adequately reproduced the observed distributions. The only exception

was in the tail of some of the monthly marginal distributions. However, this may be a result

of the limited length of available Australian data resulting in an insufficient number of

extreme events to allow an effective comparison. Typically, less than 0.1 percent of the total

events for each month lie in the tail of the marginal average event intensity distribution.

The distributions using the different event duration models are generally similar in shape such

as ìn Figure 5.7 (Melbourne in December). In a small number of cases, for example in Figure

5.8 (Melbourne in October), the marginal average event intensity produced using the

harmonic event duration model was better. Overall, the monthly model was generally better

at producing the observed tails of the distribution. The small differences between the monthly

and the harmonic event duration model indicates that where the duratìon model is reasonable

the type of model has little effect on the marginal distribution of average event intensity.

However, the IFD and aggregated statistics produced using the harmonic model of event

I5l



Validation of the Stochastic Rainfull Model

duration were less than satisfactory, which suggests that the choice of the average event

intensity distribution is important for overall model results. The observed and simulated

distributions of the marginal average event intensity for all sites are shown in Appendix I.
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Figure 5.1 Observed and simulated inter-event time distributions for Sydney in April
(a) Monthly model; (b) Harmonic model 1010.
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Figure 5.2 Observed and simulated inter-event time distributions for Sydney in June:
(a) Monthly model; (b) Harmonic model 1010.
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Figure 5.3 Observed and simulated inter-event time distributions for Alice Springs in
August: (a) Monthly model; (b) Harmonic model 1020.
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Figure 5.4 Observed and simulated inter-event time distributions for Cairns in May:
(a) Monthly model; (b) Harmonic model 2020.
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Figure 5.7 Observed and simulated marginal average event intensity distributions for
Melbourne in December: Event duration: (a) monthly model; (b) harmonic model0010.
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5.2 INrnNsrry-FREeUENCy-DuRATroN Sr¡usrIcs ANALysrs

A comparison of observed and simulated IFD curves provides a rigorous test of the ability of a

model to simulate the temporal nature of rainfall. These statistics are also an important

quantity that needs to be able to be reproduced successfully if a model is to be used with
confidence in design flood applications. IFD curves are obtained by moving windows of a

fixed duration incrementally through each year and determining the annual maximum rainfall

depths for each of these windows. A frequency analysis can then be undertaken on these

annual maxima for the various durations to produce the IFD curves. This is a standard

method to determine the statistics of extreme rainfall over different durations for use in

engineering design. Evaluated separately in the following are the replication of the observed

annual maximum probability distributions, short duration (1 and 3 hour) IFD curves and the

long durati on (12, 24 and 72 hour) IFD curves. Because the monthly model for the inter-event

time and event duration distributions was found to perform better in Section 5.1, the monthly

model simulations were used to produce the simulated IFD curves.

5.2.1 Annual Maximum Probability Distributions

The observed and simulated annual maximum probability distributions for 1, 3,72,24 and72

hou¡ duration IFD rainfall were calculated for all sites. For most locations including

Melboulne (Figure 5.9), the simulated IFD curves, shown as a solid line, compare very well

with the observed IFD curves. This suggests that the rainfall model can adequately simulate

random bursts of high intensity over a range of durations. However, for some locations,

particularly in tropical and arid areas, more deviation of the simulated distributions from the

observed was noticeable. For Alice Springs (Figure 5.10) it can be seen that for higher

duration events (12-12 hours) the simulated distributions do not have enough variation in the

annual maximum intensity, which results in intensities that are too high for low probabilities

and too low for high probabilities. The IFD curves for Cairns (Figure 5.11) show similar

deviations for the higher duration events although the lower duration events tend to be

overestimated for the higher probabilities. The statistical significance of the deparlures from

the observed distribution is discussed in Section 5.2.2. Appendix J.1 contains the annual

maximum probability distributions for all locations.
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Figure 5.9 Simulated and observed IFD probability distributions for Melbourne.
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Figure 5.I 1 Simulated and observed IFD probability distributions for Cairns.

5.2.2 Short-Duration IFD Analysis

Successful simulation of short duration IFD curves, taken as one to three hours, depends on

the ability of the temporal pattern generator to replicate the random bursts that occur during

rainfall events. For example, the annual maximum one hour duration rainfall intensity may

not be produced by a one hour event but by a burst withìn a longer duration event. A
frequency analysis was carried out on both the observed and simulated annual maxima for one

and three hour durations and a generalised exponential value (GEV) distribution was then

fitted to this data to obtain an IFD curve. The approximate 90 percent probability limits were

also determined to assess the significance of the deviations between the distributions

discussed in Section 5.2.1.

Figure 5.12(a) shows the frequency analysis of the one hour observed IFD data for Melbourne

and Figure 5.12(b) the simulated one hour IFD data. The IFD rainfall intensity is plotted

against the logarithm of the ARI to exaggerate the tail of the probability distribution. ln both

cases the GEV distribution fits well to the data. A comparison of the observed and simulated

fitted IFD distributions for one hour, along with the Australian Rainfall and Runoff (ARR,

1981) IFD data for this site and duration is shown in Figure 5.12(c). While the simulated

distribution is lower than the observed distribution, the expected value of the simulated

t hour

i

3 hours '

12 hours

24 hours
i

T2hours
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distribution is contained within the 907o confidence limits of the observed distribution, with

the gOVo confidence limits for both distributions overlapping for most ARIs. It is interesting

to note that the ARR (1987) IFD data is lower than that observed in the pluviograph data,

which is based on over 100 years of data. A similar analysis for a three hour duration (Figure

5.13) shows that the simulated distribution and ifs gOEo confidence limit are contained within

the observed confidence limits. The fitted GEV distributions for the observed and simulated

data, along with a comparison of these curves for one and three hours at all locations is

contained in Appendix J.1.

The observed one and three hour duration IFD curves for Alice Springs (Figure 5.14 and

Figure 5.17) and Sydney (Figure 5.15 and Figure 5.18) are well reproduced by the simulation.

However, for Cairns (Figure 5.16 and Figure 5.19) it can be seen that the simulated IFD

overestimates the observed distribution. In Section 5.2.1 it was noted that the simulated short

duration annual maximum probability distributions for Cairns overestimated the observed

data, which has been clearly reflected in Figure 5.16 and Figure 5.19. While the GEV

distribution produces a good representation of the observed IFD data obtained from 57 years

of pluviograph record (refer to Appendix J.1.5) it can be seen that the ARR (1987) IFD data is

also significantly higher than this observed IFD data.

At other sites, the one hour IFD distributions for Adelaide and Perth are well reproduced by

the simulation. Brisbane and Darwin (Figure J.2l and J.31, Appendix J.l) are slightly

overestimated although the confidence limits partially overlap. For Hobart and Townsville

the simulated IFD curves are overestimated although for Townsville it can be seen (Figure

J.56, Appendix J.1) that the ARR (1987) FD values are much higher than the observed IFD

data based on the pluviograph record.

The observed three hour duration IFD statistics for Adelaide, Brisbane, Darwin, and

Townsville are well reproduced by the simulation. The results for Perth are similar to those

for Cairns in that the ARR (1987) IFD values are contained well within the confidence limits

of the simulation but the observed IFD curves are lower. The IFD curves for Hobart (Figure

J.37, Appendix J.l) are overestimated.
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Figure 5.12 t hour Melbourne IFD analysis:
(a) Fitted GEV distribution ro observed IFD dara;
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Figure 5.13 3 hour Melbourne IFD analysis:
(a) Fitted GEV distribution to observed IFD data;

(b) Fitted GEV distribution to simulated IFD data; and
(c) Simulated and observed IFD curves.
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5.2.3 Long-Duration IFD Analysis

In contrast to the short duration IFD, successful simulation of the long duration IFD curves

such as 12, 24 and'72 hours depends to a large extent on how well the intensity-duration

relationship has been modelled. Lambert and Kuczera (1996) found that adequate modelling

of the rainfall intensity for long duration events was important for simulating long duration

IFD curves.

The frequency analysis of the 12 hour observed IFD data for Melbourne, with the fitted

generalised exponential distribution GEV distribution and its approximate 90Vo probability

limits is shown in Figure 5.20(a). Figure 5.20(b) shows this for the simulated 12 hour IFD

data. In both cases the GEV distribution represents the data well. A comparison of the

observed and simulated fitted IFD distributions for 12 hours is shown in Figure 5.20(c) along

with the ARR (1987) FD data for this site and duration. For this duration, the observed and

ARR (1987) dala overlap and the simulated distribution and probability limits show good

agreement with the observed. Similar results were obtained for a duration of 24 hours (Figure

5.21) and 72 hours (Figure 5.22). While the simulated GEV distribution and confidence

limits are in the lower part of the observed limits, they still indicate good agreement.

The fitted GEV distributions for the observed and simulated data and the comparison of these

curves for 72,24 and 72 hours at all locations is contained in Appendix J.l. The 12 hour

observed IFD distributions were well produced for all sites including Alice Springs (Figure

5.23), Cairns (Figure 5.24) and Sydney (Figure 5.25).

The 24 hour duration IFD curves for Alice Springs (Figure 5.26), Cairns (Figure 5.27) and

Sydney (Figure 5.28) were also satisfactorily produced, although the simulated curves are in

the lower section of the observed 9O Vo confidence ìimits reflecting a general tlend for the

GEV distribution to slightly overestimate the actual simulated data af high ARIs. It is also

noted that the ARR 24 hour IFD values for Cairns are much higher than the observed IFD

distributions.

The 24 hour duration ItrD curves were well produced for Adelaide, Brisbane, Hobart, Perth

and Townsville but were slightly underestimated for Darwin (Figure 5.29) although the

simulated confidence limits do contain the ARR (1987) IFD values.
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The 12 hour duration IFD curves for Alice Springs (Figure 5.30), Cairns (Figure 5.31) and

Sydney (Figure 5.32) were underestimated, although the simulated IFD curve confidence

limits for Sydney do overlap the observed limits. The observed curves were well reproduced

for Adelaide, Hobart and Perth, with Brisbane slightly underestimated.

As for fhe 24 hour duration IFD for Cairns, the ARR (1987) 12 hour IFD values are much

higher than the observed IFD distribution. Townsville is similar although in this case the

simulated IFD curves reflect those from the observed pluviograph data (Figure 5.33).

Differences between the ARR (1987) and observed IFD distributions have been noted for a

number of sites for a variety of burst durations. ARR (1987) describes the method used to

determine the rainfall intensity for six specific combinations of duration and ARI, namely

durations of l,12 and12 hours and ARIs of 2 and 50 years. The intensities were derived in

the late 1970s to early 1980s, at which time there was a good coverage of daily rainfall gauges

but very few long-term six-minute pluviograph records. The statistical analysis that was

undertaken assumed that the period of observed record available at each station was

representative of long term conditions at that station. A requirement was that each of the

pluviograph records used needed to have a minimum of six years of data. It is quite possible

that under- or over-estimation of the higher ARI intensities in particular may have occurred

because this length of record was not sufficient to record the long tetm conditions. In

addition, daily rainfall stations only required 30 years of data to be included in the analysis,

which in some areas may not be long enough to establish accurate estimates of higher ARI

intensities for long duration bursts. \t/alsh (1991) showed that the ARR (1987) IFD

intensities may underestimate the observed intensities at a range of sites in New South'Wales

by as much as l0 to 2OVo for an ARI of 50 years and 30 To 40Vo for an ARI of 100 years.
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Figure 5.20 12 hour Melbourne IFD analysis:
(a) Fitted GEV distribution ro obsen¿ed IFD data;

(b) Fitted GEV distribution to simulared IFD dara; and
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Figure 5.21 24hour Melbourne IFD analysis:
(a) Fitted GEV distribution to observed IFD data;

(b) Fitted GEV distribution to simulated IFD data; and
(c) Simulated and observed IFD curves.
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Figure 5.24 Simulated and obserued 12 hour IFD curves for Cairns
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Figure 5.29 Simulated and observed24 hour IFD curves for Darwin
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Figure 5.31 Simulated and observed12 hour IFD curves for Cairns
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5.3 AccnnclTnDSrtusrrcs

Another important function of the rainfall model is to simulate aggregated rainfall statistics.

The mean, standard deviation, dry probability and lag one auto-correlation at several

aggregation levels (1,6, 12 and 24 hours and monthly) were examined. For durations less

than a day the pluviograph record has been used to obtain the observed statistics, with missing

values ignored. The absence of small amounts of data from a month does not warrant the

exclusion of the whole month of data when calculating the aggregation statistics at levels less

than 24 hours, as has been done by some researchers (Section 2.6.2). Daily rainfall data

recorded at each site has been used to calculate statistics for durations of 24 hours or greater.

These records are generally free of missing data and hence provide an unbiased estimate of

these statistics.

Table 5.1 contains the observed and simulated annual mean and standard deviation for each

site. ln general the means are well reproduced, with the differences between the simulated

and observed values less than the observed standard deviation. The underestimation of the

observed standard deviation at some locations is discussed further in Section 5.4.

Table 5.1 Comparison of observed and simulated annual mean and standard deviation
statlstlcs.

Location Mean (mm) Standard Deviation (mm)
Observed Simulated Observed Simulated

Adelaide 450 469 @)' 106 89
Alice Springs 276 306 (l r) 140 105

Brisbane 1146 ll33 (r) 355 252
Cairns 1993 2018 (r) 524 393
Darwin 1',702 1730 (2) 380 303
Hoban 621 680 (r0) 140 132

Melbourne 657 673 (2) 129 I l8
Perth 870 833 (4) 160 151

Sydney 1224 1237 (1) 332 278
Townsville I 133 1161 (2) 441 315

I The value in brackets is the difference between the observed and simulated annual means as a percentage of
the observed value.

Appendix J.2 contains the observed and simulated aggregated statistics at 1,6, 12 and 24

hours and monthly time scales for each month of the year- A comparison between the mean

and standard deviation of the observed and simulated depths at various aggregation levels for

Melbourne is shown in Figure 5.34 to Figure 5.37. It can be seen for this site that the
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simulation adequately reproduced the observed mean and standard deviation of depths at a
number of aggregation levels.

The observed mean rainfall is reasonably well reproduced by the simulation for all sites for all

durations. The standard deviation of the observed depth at l, 6 and 12 hours is satisfactorily

reproduced at all sites. For 24 hour durations, sites in tropical areas (Brisbane, Cairns, Darwin

and Townsville) tend to have a significantly underestimated standard deviation for wet season

months. This is also the case for Alice Springs for the higher rainfall summer months and

Sydney for approximately half of the year. For Adelaide, Hobart and Perth, the standard

deviations are considered satisfactory.

Figure 5.38 to Figure 5.40 show the dry probability and lag one auto-correlation statistics at a

6, 12 and 24 hour aggregation level for each month of the year for Melbourne. It can bee seen

that these statistics are well reproduced, as is the case for all other sites and durations. The

dry season in tropical locations was clearly evident although at the 24 how and monthly time

scale it was slightly underestimated for Cairns and Darwin. The dry summers in Perth and

Adelaide were also adequately reproduced. The lag one auto-correlation values at 1, 6 and 12

hour durations were satisfactorily reproduced for all sites. However, in some instances the

va¡iation in the 24 hour and monthly values suggest the need to consider furthel

improvements for the model.
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5.4 PRosrnrlrry DrsrnreurroN oF ANNUAL ToTALS

As discussed in the previous section, the mean annual rainfall was satisfactorily reproduced

for most sites but the standard deviation was underestimated for tropical and arid areas. The

probability distribution of annual rainfall is shown for Alice Springs (Figure 5.41), Brisbane

(Figure 5.42), Melbourne (Figure 5.43) and Perth (Figure 5.44). While the median rainfall is

well approximated, the reduced slope of the simulated distribution for Alice Springs and

Brisbane is a reflection of the model underestimating the annual standard deviation and hence

the rainfall variability for these sites. The annual variability is well reproduced for Melbourne

and Perth where the standard deviation was adequately reproduced by the model.

Comparisons between the observed and simulated annual rainfall probability distributions for
all sites are contained in Appendix J.3, with the results showing similar trends for the other

tropical/arid climates.
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This underestimation of the standard deviation of annual rainfall affects most models that

aggregate statistics. The model only allows for seasonal variation in the probability

distributions affecting rainfall depth and its timing. It does not allow for inter-annual

persistence which may result in fewer and less intense events in drought years and a higher

number of more intense events in other years. For example, periods of lower and higher

annual rainfall can be seen for Brisbane in Figure 5 .45 and Alice Springs in Figure 5.46.
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The work of Thyer and Kuczera (2000) provides some insight into these findings for the

tropical regions. A hidden state Markov model of annual rainfall was developed and strong

evidence was presented that inter-annual persistence exists in Sydney and Brisbane rainfall.

The tropical oceans affect the rainfall regimes for both Brisbane and Sydney, along with other

tropical locations. It was speculated that inter-annual modulations in the tropical oceans such

as ENSO and the Inter-Pacific Oscillation may be responsible for the persistence. In contrast,

no credible evidence was found that the annual rainfall in Melbourne exhibits inter-annual

persistence, possibly because the rainfall regime is dominated by weather systems originating

in the Southern Ocean rather than the tropical oceans.

The results shown here indicate that persistence in inter-annual rainfall may also be important

at other locations, in particular arid regions. The variability of the rainfall regime at these

locations is well documented (Bureau of Meteorology, 1983). The mechanisms behind

persistence are worth pursuing to provide an improved representation of rainfall ior these arid

locations. Recently, Frost ¿/ al. (2OOO) has demonstrated that conditioning rainfall model

parameters on whether the current year is wet or dry may largely rectify this problem.

Mean

High RainfallYears
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5.5 CoNcruuNc REMARKS

The generation of synthetic rainfall using the stochastic model developed in this study was

overall successful. While the validation shows that some specific aspects of the simulated

data require improvement for individual locations, the data produced af any one site is not

unsatisfactory.

The IFD validation was important in guiding model development. The inclusion of seasonal

dependence in the intensity-duration relationship proved to be very important in the

reproduction of IFD statistics, particularly for tropical sites where there are very high intensity

storms during the wet summer season. Without the addition of seasonal dependence, reliable

simulation of extreme rainfall would not be possible for tropical and sub-tropical zones,

especially those that experience heavy monsoonal summer rainfall and little rainfall in the

remainder of the year. About one quarter of Australia lies within this tropical and sub-tropical

zone and as such being able to reproduce the IFD for such areas is important.

The successful reproduction of the short duration IFD at most sites suggests that the

disaggregation procedure is effective and that the current deficiencies identified in Chapter 4

do not have a significant impact on the overall model results. At some sites where the IFD

curves were overestimated, the use of an auto-correlation function similar to that used by

Acreman (1990) during disaggregation may improve the results.

For the successful reproduction of the longer duration IFD, the model of average event

intensity is considered satisfactory even though at some sites these IFD curves, particuìarly for
72 hours, were underestimated. Improvements to the distribution of the average event

intensity model are warranted to address this. Calibration can be difficult because of the need

to define breakpoints (Section 3.5.4) along with an often low sample size of event data for

each month, making the choice of a reasonable distribution difficult. An investigation into a
more general function, such as a higher order polynomial, is justified. By improving the

distribution of average event intensity, an improved reproduction of the long duration IFD at

some sites should be possible.

The aggregated statistics were generally well produced. The seasonal variation in the mean,

standard deviation and dry probability in the simulation corresponded well to the observed.
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This indicates in part the success of the distributions of inter-event times over the year in

producing more events and hence shofter dry times at appropriate times of the year. The use

of an auto-correlation function similar to that used by Acreman (1990) during the

disaggregation procedure may improve the reproduction of the lag-one auto-correlation

statistics. The underestimation of the standard deviation of annual rainfall and hence the

ability to closely reproduce the rainfall variability (that is, the slope of the annual probability

distribution), suggests the need to incorporate inter-annual variability into the model. It was

observed that this was not only required for tropical climates as has been suggested by Thyer

and Kuczera (2000), but also for arid climates.

The reproduction of the inter-event time and event duration distributions using the monthly

models was successful for all sites. ln general, the harmonic models produced less

satisfactory results, except for locations where it is likely that data within each month is non-

stationary, such as would occur where there are sharp changes in the rainfall occurrence due to

the change of seasons in tropical locations (wet to dry or dry to wet). For most months and

sites, the shape of the marginal average event intensity distribution using either the monthly or

harmonic model for event duration was similar, although for both models, the tail of the

distribution was not always adequately reproduced. Improvements to the distribution of

average event intensity may address this.

In conclusion, the stochastic model of rainfall developed in this study was considered to be a

very suitable tool for use as input into a water balance model and the subsequent

determination of rainfall excess.
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6. GENERATION OF STOCHASTIC EVAPORATION DATA

The stochastic generation of rainfall represents the first step of the proposed engineering

design flood estimation methodology. Evaporation is the second major factor, following

rainfall, that can affect the water balance and therefore reliable estimates are needed to

accurately simulate the rainfall-runoff process. Soil moisture loss as a result of evaporation

affects the initial rainfall loss from an event and can have a major influence on both the peak

and volume of the resulting flood hydrograph.

Evaporation data is needed to calibrate the catchment water balance model. Pan evaporation

data is ideally used but where it is not available the potential evaporation must be generated.

This section considers both the generation of potential evaporation for use in calibrating the

catchment water balance model, and the development of a stochastic model that can be used

to generate evaporation concurrently with rainfall for use in continuous simulation of the

water balance of a catchment.

6.1 EvrpoRnrloN Pnocnss

Evaporation is the transfer of moisture into the atmosphere, whether from a free water

surface, a soil surface or by the process of transpiration from plants. Liquid water is

converted to water vapour and removed from the evaporating surface. The rate at which

water vapour enters the atmosphere from an evaporating surface depends on meteorological

conditions and the type of surface, that is, under the same conditions different surfaces may

have large variations in the rates of evaporation. The transfer of water from the soil surface

and plants is the most important factor in the development of a catchment water balance

model.

Evaporation is an important component of the hydrologic cycle and accurate estimates are

essential for hydrologic water-balance calculations used for irrigation and water resources

planning and management. Although the term evapotranspiration (ET) is often used

interchangeably with evaporation, this term is intended to emphasise the transfer of water

from land surfaces with plants. As such it can be considered a combination of two separate

processes: evaporation, where water is lost from the soil surface; and transpiration, where

189



Generation of Stochastic Evaporation Data

water is lost from vegetation (Chow et a1.,1988). These processes occur simultaneously and

there is no way of easily distinguishing between them or calculating the relative proportions

(Allen et al., 1998). Aside from the water availability in the top layers of the soil, the

evaporation from a vegetation covered soil is mainly determined by the fraction of solar

radiation reaching the soil surface. This fraction decreases as the level of vegetation cover

increases. When vegetation cover is low, water is predominantly lost by soil evaporation, but

for densely vegetated areas transpiration becomes the main process (Allen et a\.,1998).

The water balance models examined and the model developed in this study are typically used

in catchments consisting mainly of vegetated surfaces, as opposed to open water bodies. As

such, evaporation in this study refers to the combination of both processes, evaporation from a

soil surface and transpiration from plants.

6.1.1 Evaporation from a Soil Surface

The loss of water from the soil surface depends on the nature of the surface, the soil type,

prevailing weather conditions, the amount of moisture already in the soil and the height of the

water table (Hounam, 1961). Undel the same weather conditions, evaporation from a

saturated soil is approximately equal to that from a free water surface. Direct solar radiation

and to a lesser extent, the ambient temperature of the air, provide the energy to change the

water from liquid to vapour (Allen et al., 1998). The driving force to remove water vapour

from the evaporating surface is the difference between the water vapour pressure at the

evaporating surface and the surrounding atmosphere. As evaporation proceeds, the

surrounding air gradually becomes saturated and the process will slow down and potentially

stop if the moist air is not transferred to the atmosphere; this is significantly dependent on

wind speed (Allen et al., 1998). Therefore, solar radiation, air temperature, air humidity and

wind speed are climatological parameters to consider when assessing the evaporation process.

When the evaporating surface is the soil surface, the degree of shading by the vegetation

canopy and the amount of water available at the evaporating surface are other factors that

affect the evaporation process. Frequent rain and upward transportation of water from a

shallow water table wet the soil surface. When the soil is able to supply water fast enough to

satisfy the evaporation demand, the evaporation from the soil is determined only by the

meteorological conditions, but where the interval between rains becomes large and the ability
of the soil to conduct moisture to the surface is small, the surface layer gradually dries out.
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Under these circumstances the limited availability of water is the controlling influence on soil

evaporation. In the absence of any supply of water to the soil surface, evaporation decreases

rapidly and may cease completely within a few days (Chow et a1.,1988; Allen et a|.,1998).

6.1.2 Transpiration

Transpiration consists of the vaporisation of liquid water contained in plant tissue and the

removal of this liquid to the atmosphere. The moisture is lost through the stomata in leaves of

plants (Chow et a|.,1988; Allen et a\.,1998). Transpiration, like direct evaporation, depends

on the energy supply, the vapour pressure gradient and wind speed. As such it is a function of

radiation, air temperature, air humidity and wind. In addition, the soil water content and the

ability of the soil to conduct water to the roots also affects the transpiration rate. The rate is

also ìnfluenced by the type of vegetation as different vegetation types have different

transpiration rates. The variation of the transpiration rate when a soil is drying out has been

widely investigated. Veihmeyer and Hendrickson (1955) suggest that transpiration continues

at or near the potential level whilst the soil is drying out almost until the wilting point is

reached. An opposing view is that the transpiration rate begins to decrease below the potential

rate as soon as the moisture content of the soil begins to decrease.

6.2 Flcrons ArrncrrNc EvApoRATIoN

Potential evaporation ( 8,, ) is the maximum amount of water that can evaporate or transpire

from a surface where water availability is not limiting. Actual evaporation is the amount of

water that crosses an interface into the air. This is generally constrained by the atmospheric

conditions during wet periods and by the soil moisture/plant physiology during dry periods.

Weather parameters, vegetation characteristics, land management and environmental aspects

are also factors that affect evaporation and transpiration. The meteorological factors that

provide energy for vaporisation and removal of water vapour from the evaporating surface are

described in the following.

6.2.1 Solar Radiation

The level of potential evaporation is determined by the amount of energy available to vaporise

water. Solar radiation is the largest energy source and is able to conveft large quantities of

liquid water into water vapour. The potential amount of radiation that can reach the
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evaporating surface is determined by the location and the time of year as the potential

radiation differs at various latitudes and in different seasons due to the different position of
the sun. The actual solar radiation reaching the evaporating surface depends on the turbidity

of the atmosphere and the presence of clouds, which reflect and absorb major parts of the

radiation (Shuttleworth, 1993; Allen et al., 1998). When assessing the effect of solar

radiation on E o, it must be remembered that solar energy is also used to heat the atmosphere

and the soil and not all is available to vaporise water.

6.2.2 Air Temperature

The air temperature is dependent on the solar radiation absorbed by the atmosphere and the

heat emitted by the earth. The heat of the surrounding air exerts a controlling influence on the

rate of -E,, from the vegetative surface (Allen et al., 1998). As such, the loss of water by E 
o

is greater in warm weather than in cool weather.

6.2.3 Air Humidity

While the energy supply from the sun and surrounding air is the main driving force for the

vaporisation of water, the difference between the water vapour pressure at the evaporating

surface and the surrounding air is the determining factor for the vapour removal

(Shuttleworth, 1993; Allen et a\.,1998). Well-watered areas in hot dry arid regions consume

large amounts of water due to the abundance of energy and the drying (desiccating) power of
the atmosphere. In humid, tropical regions, notwithstanding the high energy input, the air is

already close to saturation, so that less additional water can be stored and hence fhe 8,, rate is

lower than in arid areas.

6.2.4 Wind Speed

Wind and air turbulence transfers large quantities of air over the evaporating surface to assist

the process of vapour removal. As water vaporises, the air above the evaporating surface

gradually becomes saturated and if this air is not continuously replaced with drier air the 8,,

rate decreases (Allen et al., 1998). Wind speed affects the 8,, rate to a far lesser extent in

humìd conditions than under arid conditions where small variations in wind speed may result

in large variations in the 8,, rafe. In humid conditions, the high humidity of the air and the
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presence of clouds cause the E, rate to be lower. Under hot dry conditions, the E o rate is

high due to the dryness of the air and the amount of direct radiation and heat energy available,

which means that a significant amount of water vapour can be stored in the air with wind

promoting the transport of water and allowing more water vapour to be taken up.

6.3 Cnl,curnrrNc Evnpon¡TloN

In many rainfall-runoff models the actual evaporatioî (8") is determined as a function of the

soil moisture status and model parameters representing plant-controlled rates of transpiration

with atmospherically controlled rates of evaporation. A commonly used method for Australia

is the Denmead and Shaw (1962) relationship which has been simplified and used by

researchers including Nathan and McMahon (1990a), Chiew et al. (1996) and Sumner et al.

(1991)" In this method, 8,,(mmlday) is calculated using the following:

E :min E Ee
^o* o ,r'

(6.1)
P

where:

e
0,,

E-n

E

: soil moisture ratio;

: maximum plant controlled transpiration rate (mm/day); and

- potential evaporation or upper constraint on the value of 8,, (mm/day).

The soil moisture ratio is usually defined as the ratio of the soil moisture level ( 0) to a

parameter representation of the field capacity (0 r,).

The potential evaporation can be calculated in two ways. The first is by using pan

evaporation. This is based on evaporation from an open water surface and provides an index

of the integrated effects on 8,, from radiation, air temperature, air humidity and wind.

However, a soil and vegetated surface produces significant differences in the water loss than

that from an open water surface. Despite this, pan evaporation has often been used

successfully to estimate 8,, for vegetated surfaces by applying a pan coefficient

(Raghuwanshi and Wallender, 1998).
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'When pan evaporation is not available or it is difficult to obtain accurate field measurements,

E o is commonly computed from weather and climate data. There are a number of different

methods such as temperature based, radiation and combination methods. Each requires

various climatological and physical parameters to be known, some of which are measured

directly while others are derived using direct or empirical relationships from commonly

measured data. Three possible models are discussed in the following sections, namely the

Penman-Monteith model (Monteith, 1965), the Morton model (Morton, 1983) and the

Priestley-Taylor model (Priestley and Taylor, l9l2).

6.3.1 Penman-Monteith Combination Method

Penman (1948) developed an approach that uses a combination of energy balance methods

and mass transfer methods to compute evaporation from open water surfaces based on

standard climatological records of sunshine, temperature, humidity and wind speed. Monteith

(1965) then incorporated canopy resistance to describe the influence of plants on the water

flux through roots, stems and leaves to produce the Penman-Monteith model, which has been

widely used to estimate 8,, from land surfaces (Lemeur and Zhang, 199O, Crago and

Brutsaelt, 1992; Stannard, 1993; Federer et a1.,1996; Vorosmarty et a1.,1998; Dias and Kan,

1999; Biftu and Gan, 2000). 8,, (mrnlday) is defined (Allen et a1.,1998) as:

^(R, 
-G) t pn c t,

(r, - r,,)

)"8 fu
(6.2)p

L+T +

net radiation flux at the surface 1kJ m 2 d ';;
soil heat flux (kJ *-'d');
vapour pressure deficit of the air (kPa);

rttearl air density at constanI prcssure (kg --');
specific heat of the air 1kJ kg I "C r);

slope of the saturation vapour pressure temperature relationship (kPa "C-l);

latent heat of vaporisation (kJ kg t);

psychrometric constant (kPa'C-l); and
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r,,ro = bulk surface and aerodynamic resistances

The equation has subsequently been modified by Smith (1991) and Allen et al. (1998) to

provide a standard method for the United Nations Food and Agriculture Organisation (FAO)

for determining crop evapotranspiration (ETo) or evaporation from highly vegetated surfaces.

This model can be used for comparisons of evapotranspiration (mm/day) between different

seasons or regions. ETo (mrnlday) is defined (Smith, 1991; Allen et a1.,1998) as:

ETo:
o.4o8r(n, -c) * y #r,(r, -, ")

t+y (t+o.34ur)

= net radiation at the vegetated surface 1MJ m-2 dl¡ ;

= soil heat flux (MJ m 2 d r),

: mean daily temperature at2m height ('C);

= wind speed at2mheight (m s-r); and

: constant 1kl 
I tg r¡.

(6.3)

(6.4)

where

Rn

G

T

u2

900

There is often an insufficient length of records for many of the meteorological variables, such

as wind speed, at Australian cìimate stations. This, coupled with the lack of information on

the canopy resistance of common vegetation types, precludes the widespread use of the

Penman-Monteith model for the calibration of catchment water balance models.

6.3.2 Morton Complementary Method

The evapotranspiration model (CRAE) by Morton (1983) was developed using a

complementary relationship between the actual and potential evapotranspiration, based on the

interaction between evapotranspiration response and humidity of the overpassing air for a

large uniform closed system. This complementary relationship is defined (Chiew and

Jayasuriya, 1990) as:

E2E +E

where

E : actual evapotranspiration (mm/day), from an area so large that the transfer of
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heat and water vapour is controlled by the evaporability of the lower

atmosphere;

E e - potential evapotranspiration (mm/day), occurring from a continuously moist

surface with an area so small that the fluxes of heat and water vapour from the

surface have no significant effect on the evaporability ofthe overpassing air; and

E, = wet environment evapotranspiration (mm/day), occurring if the availability of

water is not a limiting factor.

Under this relationship, in arid conditions where there is no available water to supply the soil-

plant system, En =0 and 8,, is at its maximum rate because the air is hot and dry. As water

becomes available, Eu increases and this increase causes the overpassing air to become

cooler and more humid, producing an equivalent decrease in 8,,. 'When the supply increases

sufficiently, the values of 8,, and E u converge to that of E* (Chiew and Jayasuriya, 1990).

Morton (1983) defined two simultaneous equations to calculate E ,, , fhe fìrst representing the

energy balance and the second the vapour transfer, as:

E,, = R, -[yP f,, + 4eo (7,, + 273)3 I (7,, -T)

o=f,(e,,-e,)

(6.s)

(6.6)E

where:

.R,

Tt,'T

P

f,,

€

o

= net radiation for soil-plant surfaces at air temperature 1kJ m-2 d t;;

: equilibrium and air temperatures ('C);

= atmospheric pressure (kPa);

= vapour transfer coefficient (kJ m 2 kPa-l);

= surface emissivity;

= Stefan-Boltzmann constant (4903 x 10e kJ m-2 oK4 d-l)'

: saturation vapour pressure at equilibrium temperature (kPa); and

: saturation vapour pressure in the air (kPa).

e p

e

The Priestley-Taylor (1972) equation was modified to produce as expression for E',. (mm/day)

defined (Morton, 1983) as:
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E,=b,*ø,(t.l)'-nP
(6.1)

where:

A
P

E

where:

Rno = rìet radiation for soil-plant surfaces at fp GJ --t d-t);

= slope of the saturation vapou pressure curve at 2,, (kPa "C-1); and

P 2(L+y)

b,b, = constants

The derivation of R,,, includes the use of a measure for the albedo. The albedo, or canopy

reflection coefficient, is the fraction of solar radiation reflected by the surface. This is

dependent on transient features such as the direction of the solar beam, the proportion of

diffuse radiation and land cover because tall vegetation usually reflects less solar radiation

than short vegetation (Shuttleworth, 1993). The albedo for this model is determined using

derived equations (Morton, 1983) for the zenith value of snow-free clear sky albedo, the

zenith value of clear sky albedo and the clear sky albedo, which were calibrated using data

from the northern hemisphere.

The model has been used to derive potential evapotranspiration for use in rainfall-runoff

modelling by Nathan and McMahon (1990a; 1990b), Chiew and Jayasuriya (1990),

Jayasuriya et al. (1990), Chiew and McMahon (1991) and Chiew and McMahon (1993a;

1993b; 1993c) for Australian locations, and by Lemeur and Zhang (1990). Recently the

Bureau of Meteorology (2001) has used this method to generate annual areal and point

evapotranspiration estimates for Australia.

6.3.3 Priestley-TaylorMethod

The Priestley-Taylor method (Priestley and Taylor, 1912) for calculating potential

evaporation (mm/day) under conditions of minimal advection is a radiation based model and

can be written (Bates, 2000a) as:

a (R,,+G)A

Rn = net radiation at the surface 1MJ m-2 d-l;;

(6.8)
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G = soil heat flux (MJ m-2 d-t;;

a = constant, equal to 1.3 for Australian conditions (Bates, 2000c);

A = slope of the saturation vapour pressure versus temperature curve (kPa "C-l);

)" = latent heat of vaporisation of water (MJ kg-t); and

y - psychrometric constant (kPa'C-1);

The Priestley-Taylor method has been used by Sumner et aI. (1997) for calculating 8,, for

use in rainfall-runoff modelling in Australia and also by Federer et aI. (1996), Eichinger et aI.

(1996) and Dias and Kan (1999).

6.3.4 Method Selection

The wet environment evapotranspiration model of Morton (1983) is derived without a

requirement for wind data, making it a better alternative to the Penman-Monteith model.

While the Morton (1983) method has been widely used in Australia it is not always

recommended for all locations and time scales. Large differences between the Morton model

and the Priestley-Taylor model have been observed (Bates, 2000b). Bates (2000b) indicates

that whìle the Morton approach appears to work well on a monthly or larger time scale, as in

Bureau of Meteorology (2001), it does not always perform well on a daily time scale where

temperature and humidity values fluctuate. The changes in albedo incorporated into the

method are related to snow and highly seasonal vegetation growth in a northern hemispherical

environment rather than the Australian environment. For these reasons, the Priestley-Taylor

method was used to generate potential evaporation in this study when it was required.

6.4 ApprrcrrroN oF THB PRlnsrr,ny-TAyr,oR MBTHoD

6.4.1 Generation of Solar Radiation Data ( R, )

The net input of radiation at the surface (R,, in equation 6.8) is defined by Shuttleworth

(1993) as:

where

R, : R,, *Rrl

R
'J

t98

: net incoming sholt wave radiation (MJ m 2 d-l); and

(6.e)
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Rnt = outgoing long wave radiation 1MJ m-2 d-l;.

Rn is normally positive during the day and negative during the night with the total daily value

for R, almost always positive over a 24 hour period, except in extreme conditions at high

latitudes.

Shortwave Radiation ( R,.,)

As radiation penetrates the atmosphere a proportion is scattered, reflected or absorbed by

atmospheric gases, clouds and dust. The amount of radiation that reaches the ground is

known as the total global radiation ( R, ). Because the sun emits energy by means of

electromagnetic waves characterised by short wavelengths, R, is also referred to as

shortwaveradiation. Estimatesof theamountof incoming R, thatreachestheground(R,.)

and is not reflected can be obtained (Smith, 1991; Allen et a1.,1998) from the following:

Au, = (l-a,) R, (6.10)

where:

R = total global radiation (MJ m 2 d-r;; and

øt : albedo'

Shuttleworth (1993) and Allen et al. (1998) recommend an albedo value of 0.23 as an overall

average value for grassland or green vegetation cover. Forest conditions have a slightly lower

a, of approximately 0.11 and the open water q is considered to be about 0.08.

Daily total global solar radiation is not widely monitored in Austraìia and often has to be

estimated, spatially interpolated or extrapolated using relationships between solar radiation

and sunshine hours, cloudiness or a normalised rainfall index. For areas where R. is not

available, it can be calculated using the Angstrom formula which relates solar radiation to

extraterrestrial radiation and measured sunshine hours (Smith, l99l; Shuttleworth, 1993;

Allen et a1.,1998) by:

n

N
R =("r *ø. Ru

where:

(6.11)
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= extraterrestrial radiation lMJ m-2 d');
: actual duration of sunshine (hours);

= maximum possible duration of sunshine (hours);

= is the regression constant expressing the fraction of extraterrestrial radiation

reaching the earth on overcast days (n =0); and

= fraction ofextraterrestrial radiation reaching the earth on clear days ( n:N ).

The Angstrom values a,and b. vary according to atmospheric conditions (humidity, dust)

and the solar declination (latitude, month). \ùy'here solar radiation data and calibrated values

for ar and b* are unavailable, the recommended values of a,=0.25 and b,=0.5

(Shuttleworth,7993; Allen et a|.,1998) can be used.

The amount of daylight hours is dependent on the 23.5" angle of the earth's rotational axis

relative to its orbital plane (Dingman, 1994). The maximum possible sunshine duration or

daylight hours ( N ) can be calculated (Smith, l99l; Allen et a1.,1998) using:

Ro

n

N

a s

a" tb,

24ro
N_ i

7T
(6.t2)

(6. r 3)

where:

@, = sunset hour angle (rad)

= arccos(- ân(Q)tan(fl);

= latitude (rad); and

= solar declination (rad).

The solar declination, the latitude at which the sun is directly overhead at solar noon, changes

between +23.5" and -23.5" as the earth revolves around the sun and is defined (Allen et al.,

1998) as:

ø

6

á = 0.409sin J 1.39
2n
36s

where:

J : day number of the year

The extraterrestrial radiation (rR,, ) is the radiation striking a surface perpendicular to the sun's
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rays at the top of the earth's atmosphere. The intensity of this radiation is determined by the

angle between the direction of the sun's rays and the normal to the surface of the atmosphere,

which is dependent on the latitude and time of year. Rn can be calculated (Smith, 1991;

Allen et a|.,1998) as:

R. --24(60) G,, d ,lat, sin(Q)sin(á) + cos(/) cos(,ô) sin(ø, )]
7T

(6.14)

(6.15)

(6.16)

where:

G,, = solar constant (0.0320 MJ m-2 min-l); and

d , = inverse relative distance of the Earth-Sun.

The inverse relative distance for the Earth-Sun (d,) can be estimated (Allen et al., 1998)

using:

d, =7+0.033cos

Alternatively, R. can be calculated (Bates, 2000c) from:

:lor, +(1_-a,,,,)#]o,R

where:

R, : clear day radiation at the surface (MJ m-2 d l); and

aot¡ : 0.34.

Longwave radiation ( R,,,)

The solar radiation absorbed by the earth is converted to heat energy which is lost by several

processes including the emission of radiation. Because the earth is at a much lower

temperature than the sun it emits radiative energy with wavelengths longer than those from

the sun. Therefore, the terrestrial radiation is referred to as longwave radiation, which is

absorbed by the atmosphere or lost into space. The longwave radiation received by the

atmosphere contributes to an increase in temperature and, as a consequence, the atmosphere

radiates energy, some of which hits the earth's surface. This results in the earth's surface

emitting and receiving longwave radiation. The difference between outgoing and incoming

longwave radiation is the net longwave radiation. As the outgoing longwave radiation is
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almost always greater than the incoming longwave radiation, it represents an energy loss.

Net outgoing long wave radiation (R,,/) (MJ --'d-t) can be calculated (Shuttleworth, 1993)

using the following:

R,, = -f €'o(T,,,+213.2)o 6.17)

where:

f
t'
o

7,,

= adjustment for cloud cover;

: net emissivity between the atmosphere and the ground surface;

= Stefan-Boltzmann constant (4.903 x 10e MJ m-2 oK-4 d l); and

: mean daily air temperature ('C).

The cloudiness factor can be estimated (Shuttleworth, 1993) with solar radiation data using

(6.18)

where a,:7.35 and b,=-0.35 forarid areas and a,=1.0 and b,:0.0 forhumid areas. The

arid set of values are generally used for Australian conditions (Bates, 2000a).

Where only sunshine data is available, the cloudiness factor can be estimated (Shuttleworth,

1993) using:

(6.1e)

where c. =0.8 and d,: 0.2 for Australian conditions (Bates, 2000a).

When data for the vapour pressure at dew point ( eu) is available the net emissivity (e') can

be estimated (Shuttleworth, 1993) using:

€' = a, +b" "[eu 6.20)

where:

a 
", 

b" = correlation coeffìcients.

For humid conditions and high latitudes an=0.44 and b"=-0.25, for semiarid conditions

and the tropics a"=0.34 and b":-0.14 (Shuttleworth, 1993).

Rf :a '+b" 'R
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If no humidity data is available the net emissivity can be estimated (Shuttleworth, 1993)

using:

e' : o.261exp(- i .tl xto-a r]) - o.oz (6.21)

where:

7,, = mean daily air temperature ('C)-

6"4.2 Soil Heat Flux (G )

The soil heat flux ( G ) is the energy that is used to heat the soil. It is positive when the soil is

warming and negative when the soil is cooling. Although the heat flux is small compared to

the R, and may be often ignored, the amount of energy gained or lost by the soil in this

process should theoretically be subtracted or added to R, when estimating evaporation (as

shown in Equation 6.8). Smith (1991) and Shuttleworth (1993) state that the magnitude of

daily soil heat flux over 10-30 day periods is relatively small and can be neglected as it is
negligible over time periods of a day or less.

6.4.3 Vapour Pressure Curve (A)

The slope of the saturation vapour pressure curve (Ä) is important in the description of

vaporisation and hence evaporation and is defined (Smith, 1991) as:

(6.22)

where

€, = saturation vapour pressure (kPa)

The transformation of water molecules between liquid and vapour is dependent on a minimum

energy level. If air is thermally enclosed above an evaporating surface, the transfer of water

molecules between the evaporating surface and the air will reach equilibrium. At this point

the air has become saturated and cannot store more water and the corresponding water vapour

pressure exefted is the saturation vapour pressure (e,). As the temperature rises, the storage

capacity of the air increases and hence the saturation vapour pressure also increases. This

relationship can be expressed (Smith, 1991) by the following:
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(6.23)

where:

7,, = mean daily air temperature ('C).

It is recommended (Allen et al., 1998) that the mean of the daily maximum air temperature

(f,,. ) and the daily minimum air temperature (Z.in ) be used in the calculations of e, and A.

Therefore f,, should be used as:

Zro* * Zmn

2
(6.24)

6.4.4 Latent Heat of Vaporisation ( L )

The latent heat of vaporisation (L) is a measure of the energy required to change a unit mass

of water from liquid to water vapour at constant pressure and temperature. Since l, varies

slightly over normal temperature ranges, a standardised value (at 20'C) of 2.45 MJ kg I can

been adopted (Smith, 1991).

6.4.5 Psychrometric Constant (y)

The psychrometric constant ( Z) is given (Smith, 1991) by:

¿ =o.6lo8.*nl "'"'"' fr r lnl3 +7,,, )

T
n1

T =I'oüfr,L (6.2s)

where:

P = atmospheric pressure (kPa); and

L : latent heat of vaporisation (MJ kg ').

The atmospheric pressure ( P ) is the pressure exerted by the weight of the earth's atmosphere.

Assuming conditions of 20"C or 293K and P at sea level equal to 101.3 kPa, P can be

calculated for any elevation (Smith, I99l) from the following:

526

P = 101.3

where:
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z = height above sea level (m).
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6.5 ANnlvsrs oF PoTBNTIAL AND PAN Ev¿,ponarloN

In Equation 6.1 1 the daily solar radiation ( R. ) is related to observed daily sunshine hours. In

this section an analysis of this relationship is undertaken for four locations: Alice Springs

(station number 015590), Perth (009034), Sydney (066037) and Townsville (032040), to

confirm that the solar radiation can be represented in this way. These are located in different

regions around Australia and have concurrent records of sunshine hours and solar radiation.

A comparison of observed pan evaporation data with generated potential evaporation is also

presented to determine whether they both provide a similar measure of evaporation and could

therefore be used rel ativel y interchan ge ably.

6.5.1 Generation of Radiation by Sunshine Hours

Solar radiation data calculated using sunshine data and Equation (6.11) was compared with

data measured directly by the Bureau of Meteorology for each of the four above mentioned

locations. The results are shown in Figure 6.1 and Figure 6.2. lf can be seen by the values of

the coefficient of determination (R2) and the coefficient of efficiency (E), that the

relationships are good. Therefore, the use of sunshine data in the calculation of solar radiation

was considered a reliable approach to use in this study.
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Figure 6.1 Observed and calculated solar radiation data: (a) Alice Springs; (b) Perth.

R2 = 0.92; E=0.92 R2 = 0.94; E=0.94
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R2 = 0.93; E=0.93
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Figure 6.2 Observed and calculated solar radiation data: (a) Sydney; (b) Townsville

6.5.2 Comparison of Potential and Pan Evaporation

The Priestley-Taylor method described in Section 6.4 was used to generate potential

evaporation. At the chosen locations 20 ro 40 years of concurrent sunshine hours data and

daily temperature data was available. There were periods of missing record at most sites. To

infill missing temperature records a linear relationship was formed with a nearby site, while

missing sunshine hours records were estimated from a fitted third order polynomial (Chiew

and McMahon, 1991) between sunshine hours data and cloud cover data at the same location.

The regression equations developed for Perth (009034) for daily maximum and minimum

temperature are shown in Figure 6.3 and Figure 6.4 and for sunshine hours in Figure 6.5. The

location details, level of missing data and regression equations used for all sites are shown in

Appendix K.l.

R'--o.Bt;E=o.et
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Figure 6.3 Perth: Regression between maximum daily temperatures for Perth Regional
Office (009034) and Perth Airport (009021).
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Figure 6.4 Perth: Regression between minimum daily temperatures for Perth Regional Office
(009034) and Perth Airport (009021).
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Figure 6.5 Perth: Regression between sunshine and cloud cover for Perth Regional Office
(00e034).

The potential evaporation was generated using the records of sunshine hours and temperature.

As no humidity data was available, Equation 6.21 was used for the net emissivity. Figure 6.6

shows a comparison between the generated potential evaporation and the pan evaporation

observed at the same location. This shows that both the pan and potential evaporation are

nearly equivalent measures of evaporation with the pan evaporation having a slightly higher

and wider spread of values. A proportional factor, calculated as the ratio of the potential to

the pan evaporation, was applied to the pan evaporation as shown in Figure 6.7. It can be

seen that the pan and potential evaporation overlap and in general can effectively be used

interchangeably for a measure of evaporation. Similar results were found for all sites, with

the evaporation comparisons shown in Appendix K.1.

Y= 11.541 - 0.269x - 0j77f + 0.0048x3; R2=0.68
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6.6 Srocnnsrrc MoDEL oF EvrpourroN

A number of stochastic models were considered for generating evaporation at the required

six-minute level. Evaporation may be generated using models at a higher time scale which

then needs to be disaggregated to the desired time scale, or altematively, models that generate

evaporation at the required six-minute resolution may be used. As evaporation data is rarely

available at time scales of less than a day, only daily models were investigated. A number of

daily models for evaporation are discussed in the following, along with the development of
the model used for this study. Validation of the model was carried out by comparing

observed and simulated evaporation for a number of sites.

6.6.1 Review of Daily Models for Evaporation

Evaporation has a significant influence on the operation of many hydrological and agricultural

systems. However, in comparison to the development of rainfall models, very little research

has been undertaken to stochastically generate synthetic models of evaporation, particularly at

a daily time scale. Evaporation can either be simulated on its own, or temperature and

sunshine or net radiation can be simulated and used to determine potential evaporation.

Despite the method used, the cross coffelation between variables and in particular between

evaporation and rainfall must be preserved (Srikanthan and McMahon, 1985).

Jones et al. (1972) developed a simple model to simulate daily evaporation in conjunction

with models for rainfall, temperature and soil moisture. Jones et al. (1972) suggested that

evaporation could be represented as a normal distribution with parameters described by

polynomial equations relating to the time of year and the state (wet or dry) of the present and

preceding day. It has been shown (Srikanthan and McMahon, 1985) that evaporation on a

particular day is highly correlated to that of the previous day, with evaporation data generally

being skewed. Neither of these characteristics were taken into account by Jones et al. (1972)

which is a drawback of the model.

Nicks and Harp (1980) generated daily air temperature and solar radiation data using a lag one

Markov model, assuming a normal distribution for both variables. From the generated

records of solar radiation and temperature, monthly evaporation was calculated using the

Jensen-Haise model (Jensen and Haise, 1963) and was found to adequately reproduce the
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mean monthly evaporation calculated from historical temperature and solar radiation data.

Srikanthan and McMahon (1985) subsequently suggested that with modifications to account

for skewness this model could be used to model daily evaporation.

Srikanthan and McMahon (1985) then developed a first-order Markov model that used a

Wilson-Hilferty transformation (Wilson-Hilferty, 1931) to account for skewness or a normal

distribution if the simulated skewness was less than 0.1. The parameters of the model were

defined by the mean, standard deviation, skewness and lag one auto corelation of daily

evaporation, dependent on the state (wet or dry) of the current and preceding days. The

model adequately reproduced the observed data although the monthly and annual standard

deviations were underestimated.

The lag one Markov model of Srikanthan and McMahon (1985) is easily calibrated using

either pan or potential estimates of evaporation. The other models require more parameters

and due to lack of available data would have proved to be difficult to calibrate for use in this

study. For this reason the lag one Markov model was pursued further.

6.6.2 Description of Model used for this Study

Examination of the available pan and potential evaporation data showed that the daily values

are generally dependent on the evaporation on the previous day, as can be seen in Figule 6.8.

Figure 6.9, which shows this relationship for January and June, displays a noticeable definite

difference in the values of evaporation for different periods of the year. Appendix K.2

contains these relationships for all sites. This further supports the use of the lag one Markov

model (Srikanthan and McMahon, 1985) for generating daily evaporation for this study.

The daily evaporation data was divided into four classes described by the following:

(l) dry day followed by a dry day - P(DID);

(2) dry day followed by a wet day - P(DIW);

(3) wet day followed by a dry day - P(WID); and

(4) wet clay followed by a wet day - P(WIW).

'fo calibrate the model, the mean, standard deviation, skewness and lag one auto correlation

was calculated for each evaporation class in each month.
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Table 6.1 shows the daily evaporation values for Alice Springs in January and June. It can be

seen that the values vary depending on the time of the year and for each of the different

classes. Similar seasonal variations were found for the other sites.

Table 6.1 Calibrated parameters (daily evaporation statistics) for the Lag One Markov Model
of Evaporation for Alice Springs in January and June.

To generate daily evaporation the state (wet or dry) of the current and previous day must first

be obtained from the simulated rainfall. Using this combination of states, the evaporation is

then calculated by applying a random number sampled from a normal distribution to the

calibrated parameters. If the absolute value of the observed skewness for that combination of

states in that month was greater than 0.1, the random number was transformed using the

Wilson-Hilferty transformation (Wilson and Hilferty, 1931). If it was less than or equal to 0.1

the random number was not transformed. The equations for the model were defined

(Srikanthan and McMahon, 1985) as:

E, : E + r,(8,-, _ E)*s(l - r,')i r, (6.21)

,[[ 7+ qry' 2oô

636
..3 \

) 
-,)

€ l/ r o.r

lrl<o't

(6.28)

(6.28)

(6.2e)

o

€, :4,

-(t-,,')r-(t-"¡''

Month Class Mean
(mm)

Standard
Deviation (mm)

Skewness Lag One
Auto-Correlation

Number of
Points

January P(DID) 14.030 3.219 0.361 0.634 667
P(Dlw) tl.167 3.736 0.225 0.304 73
P(w D) 10.944 3.896 -0.030 0.581 75
P(W w) 5.886 3.564 0.663 0.280 85

June P(DID) 3.193 1.280 0.974 0.315 748
P(Dlv/) 3.139 1.571 0.084 0.411 44
P(W D) 2.181 1.161 -0.1 t 3 0.319 45
P(W w) 1.228 0.896 0.8s9 -0.081 29

o
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where:

8,, E, 
1

E

s

1/

rl

er

U,

oô

: evaporation in day / and r - 1 (mm);

= mean daily evaporation (mm);

: standard deviation of the daily evaporation (mm);

: skewness of the daily evaporation (mm);

: la9 one auto-correlation of the daily evaporation (mm);

: random number with mean zero, variance one and skewness g;

: normally distributed random number with mean zero and variance one; and

= is the skewness of random numbers t

6.6.3 Continuous Simulation of Rainfall and Evaporation

The stochastic model for simulating daily evaporation was linked to the stochastic rainfall

model. As rainfall was generated, the level of evaporation was calculated dependent on the

states of the current and previous days. In order to confirm that the combined stochastic

rainfall and evaporation models where producing reasonable estimates of evaporation a

comparison between the simulated and observed statistics was undertaken for Alice Springs,

Perth, Sydney and Townsville. For each of these sites the observed statistics were calculated

from the available pan evaporation records.

Table 6.2 shows a comparison of the annual statistics for each site. The means compare well

although the standard deviations are underestimated. Table 6.3 shows the daily statistics and

Table 6.4 the monthly statistics of the observed and simulated evaporation for Townsville.

The monthly standard deviations are underestimated for some months but all other statistics

are satisfactory. Appendix K.3 shows the results for all sites.

The results produced are consistent with those shown by Srikanthan and McMahon (1985)

who used a transitional probability matrix to generate rainfall states and in which the annual

and monthly standard deviations were also underestimated. However, the results shown here

confirm that the stochastic evaporation model performs well in conjunction with the

stochastic rainfall model. In addition, the rainfall model produces an appropriate number of
dry and wet days, which is a relationship not used during calibration.
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Table 6.2 Annual statistics for observed and simulated evaporation.

Site Mean (mm) Standard Deviation (mm)
Observed Simulated Observed Simulated

Alice Springs 3072 3103 429 l8l
Perlh 1774 1780 160 119

Sydney 1795 1780 103 121
Townsville 2625 2622 200 163

Table 6.3 Daily observed and simulated evaporation statistics for Townsville.

Table 6.4 Monthly observed and simulated evaporation statistics for Townsville

Month Mean (mm) Standard Deviation (mm)
Observed Simulated Observed Simulated

1 258 263 49 23
2 206 201 35 22
-1 217 216 29 22
4 198 199 28 19
5 173 113 25 1l
6 152 151 16 13

7 165 168 19 15

8 194 193 19 18

9 232 234 25 20
10 277 211 27 22
ll 216 219 30 23
12 278 268 38 26

Month
Mean (mm) Standard Deviation

(mm) Skewness
Lag One

Auto-Correlation

Observed Simulated Observed Simulated Observed Simulated Observed Simulated
1 8.3 8.2 2.8 2.7 -0.6 -0.6 0.53 0.37
2 t.3 1.2 2.5 2.5 -0.2 -0.2 o.45 0.32
J 7.0 7.O 2.3 2.2 -0.3 -0.3 0.45 0.31
4 6.6 6.6 2.1 2.0 -0.2 -0.2 0.43 0.27
5 5.6 5.6 1.8 t;7 0.0 0.1 0.40 0.26
6 -5.1 5.0 1.7 1.6 0.5 o.2 0.19 0.12
7 5.3 5.4 1.7 1.1 o.4 0.5 0.21 0.17
8 6.2 6.3 1.8 1.8 o_2 o.2 0.31 0.25
9 7.7 1.8 2.0 2.0 o.2 0.3 0.37 0.22
10 8.9 9.0 2.1 1.9 -0.1 -0.1 0.31 o.23
1l 9.2 9.3 2.2 2.1 -0.3 -0.4 0.38 0.24
t2 9.0 9.0 2.6 2.4 -0.6 -0.6 0.52 0.35
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6.7 DrslccnncATroN oF DArLy EvnponlTroN

The daily evaporation data generated by the above model needed to be disaggregated to a six-

minute resolution for use with the stochastic rainfall in a continuous simulation of the

catchment water balance. For general application, the distribution function applied to daily

evaporation needed to be independent of the evaporating surface, location and time of year

even though the diurnal pattern of evaporation is known to be strongly influenced by these

and other weather patterns (Fleming, I9lO). Evaporation from natural surfaces (other than

lakes or other large bodies of water) was investigated by Fleming (1910) who developed non-

dimensional functions for the distribution of total daily evaporation over the day, for two

cases: clear days and cloudy days. Clear days were generally considered to have the highest

periods of evaporation and the largest magnitude of diurnal range. Overcast days were

considered to have lower evaporation values because sunshine is broken during the day. This

results in more diurnally fluctuating evaporation rates.

The functions used to disaggregate daily evaporation on clear and cloudy days are descrjbed

in the following sections. To use these calculation, estimates of sunrise, sunset and daily

sunshine hours were also required. A method for calculating these is also discussed.

6.7.1 Clear Day Evaporation

Fleming (1970) used relationships for the energy balance from an evaporating surface and the

partition of available energy into sensible and latent heat, assuming a diurnal cycle and that

the radiation components of the relationships dominate. A dimensionless distribution

function for evaporation was derived using average daylight evaporation and time as a
proportion of day length. The evaporation rate ( ER ) in mm/hour was given by the following:

ER: EVI X AVDE (6.30)

where:

AvDE

EVI

A

= ratio of the 24 hour evaporation to the number of sunshine hours;

= dimensionless evaporation index

= max l(2.78 - (l.lz+¿ )ot), ol;

: 3r.4(D,,,)' -33.6(D,,,)* 2.23; and

= ratio of the time from sunrise to the number of sunshine hours.

2t6

D,
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This technique removed most of the variation due to seasonal conditions and also reduced

some of the variation due to atmospheric conditions. Fleming (1970) examined available data

and showed that evaporation does not usually commence before Dn, = 0.07 and ceases when

Dr, = 1.0. The equation for the EVI is based on a hyperbola with base length of 0.93, a peak

height of 1.80 and an area under the curve equal to 1.00. Figure 6.10 shows this relationship

for two arbitrary days, one in January when the evaporation and daylight hours are high and

one in June when evaporation and daylight hours are low.
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Figure 6.10 Diurnal distribution of evaporation over a clear day in January and June for
Alice Springs.

6.7.2 Cloudy Day Evaporation

On cloudy days radiant energy levels may widely fluctuate unless the cloud cover is so thick

as to reduce radiation to a very low level (Fleming, l9l})- Fleming (1970) suggested that

evaporation rates are more evenly distributed over cloudy days with randomly distributed

peaks determined by cloudiness and wind speed patterns. A simple truncated triangle

function was suggested to distribute evaporation over cloudy days described by the following:

EVI:O o. Du,< 0.060 (6.31)

(6.32)

daylight hours

January
- high evaporation
- high number of

daylight hours

June
- low evaporation
- small number of

EVI = 6.15(Dh,-0.060) 0.061 < Dr,,.<0.26
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EVI =1.35 0.261<D/,,<0.90 (6.33)

EVI : 1.35 -6.1 5(On, -O.SO) 0.81 < Dh,< I.O (6.34)

This was obtained from examination of average non-dimensional distributions of evaporation

on cloudy days. Figure 6.ll shows this relationship for two arbitrary days, one in January

when the evaporation and daylight hours are high and one in June when evaporation and

daylight hours are low. While the evaporation for January is higher than that for June it can

be seen, as would be expected, that when compared to Figure 6.10 that the peak evaporation

on the cloudy day is much lower than on the clear day.
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Figure 6.1 I Diurnal distribution of evaporation over a cloudy day in January and June for
Alice Springs.

6.7.3 Sunshine Calculations

To use the disaggregation function described above, estimates of sunrise, sunset and daily

sunshine hours were needed. As discussed in Section6.4.l, the maximum possible sunshine

duration ordaylighthours (N) can be then be calculated (Allen et a\.,1998) using:

N =24''
1T

January
- high evaporation
- high number of

daylight hours

June
- low evaporation
- small number of
daylight hours
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where

û)s = sunset hour angle (rad)

= arccos(- øn(Q)tan(Ð);

ø : latitude (rad); and

õ = solar declination (rad).

Kepler discovered that the earth's tangential speed varies, getting faster when the earth is

closer to the sun and slowing down when farther away. Because of this variation in speed, the

time it takes for the sun to get to the same position overhead varies throughout the year. This

variation is called the equation of time (US Department of Commerce, 2000). In astronomical

terms it is defined as the difference between the mean solar time and the apparent solar time.

Solar noon calculations account for the equation of time as well as the longitudinal position of

the observer within the local time zone. The equation of time is described (US Department of

Commerce,2000) as:

eqtime :229.18x(0.000075 + 0.001868cos (f) - 0.032077 sìn (f)
- 0.001 46 I 5 cos (2f) - 0.040849 sin (2f))

(6.36)

(6.38a)

(6.38b)

where:

f - day angle (rad)

2n J-1
and365 '

J - day number.

Using the equation of time, solar noon in Greenwich Mean Time (GMT) at a given location

can be calculated (US Department of Commerce, 2000) using the following:

solarNoon : 720 + 4* Iongitude - eqtime (6.31)

The theoretical time for sunrise and sunset is then

Sunrise: solarNoor, - *2

Sunset=solarNoon+Y
2

The actual times for sunrise and sunset will depend on a number of factors including
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atmospheric variation and orography (that is mountains and hills). Atmospheric variation,

which may occur on a daily or seasonal basis, is due to variations in the density of the

atmosphere with respect to elevation that may effect the refraction path of the light. A
location at sea level with an ideal horizon is assumed for the calculations. However, the

values calculated using these equations were considered satisfactory and deviations were not

likely to affect results significantly because the total daily evaporation remains constant,

irrespective of the sunrise and sunset times.

There was no clear relationship between the state of the day and whether it was clear or

cloudy and little research appears to have been done in this area. For this study, a day with

rainfall was assumed to be cloudy and all other days were assumed to be clear. The

disaggregated evaporation data was then suitable for use in the catchment water balance

model.

6.8 CoNcr,uuNG RBMARKS

This chapter has evaluated methods for stochastically generating evaporation data in
conjunction with rainfall and for calculating evaporation from observed sunshine hours and

temperature records to calibrate a deterministic water balance model.

The combination of rainfall and evaporation models to generate concurrent data at a six-

minute time scale has been rarely undertaken by previous researchers. However, this study

has demonstrated successful generation of synthetic evaporation using the developed model in

conjunction with the stochastic rainfall model. This evaporation model, which can be

calibrated using either pan or potential evaporation, generates synthetic data conditioned upon

the state (wet or dry) of the current day, preceding day and the time of year. This is then

disaggregated to a six-minute time scale using relationships based on clear and cloudy day

evaporation. The stochastic rainfall model is not a state-based model and thereby effectively

tests characteristics of both the evaporation and rainfall models. The simulated evaporation

statistics successfully replicated the observed statistics, which also indicated that the rainfäll

model was capable of producing an appropriate number of wet and dry days.

A number of methods for calculating potential evaporation were investigated and the

Priestley-Taylor (Priestley and Taylor, 1972) method was subsequently chosen. Use of this

model with hours of sunshine data in place of radiation data was examined and found to be
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valid for a number of sites in different climatic regions. The pan and calculated potential

evaporation were observed to be proportional and with the use of a multiplying factor can be

effectively used interchangeably for a measure of evaporation.

The stochastic model of evaporation was considered, in conjunction with the stochastic

rainfall model, to be a suitable tool for generating the input for a water balance model for

determining the subsequent rainfall excess.
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7. MODEL OF THE CATCHMENT WATER BALANCE

Estimation of surface runoff or rainfall excess from rainfall is the next component in the

proposed method for design flood estimation for engineering design. Using rainfall,

streamflow and evaporation records as input data, the development of a catchment water

balance model that will represent water movement through a catchment and into streams is

presented in the following sections. Such a model must be complex enough to capture and

replicate the physical processes without being overly complex, which can result in calibration

difficulties. Using the catchment model together with the stochastic models for rainfall and

evaporation (discussed in Chapters 3 to 6), long continuous simulations of a number of

catchments were undertaken and are discussed in Chapter 8.

Catchment water balance models were evaluated using a number of criteria that included the

capability to describe the physical processes, the number of parameters required and the ease

of calibration. Very little work appears in the literature that deals with the optimisation of

catchment water balance models using comparisons with daily values of flow. Most, even

when using daily inputs of rainfall, aggregar.e the predicted flow to monthly time scales before

comparing with observed data. This restricted the ability to determine whether current

models would be satisfactory for flood estimation applications.

7.1 Rnvrnw oF CATCHMBNT Wnrnn Brr.nNcn Pnocnssns AND Monus

A catchment water balance accounts for all water entering and leaving a catchment. Figure

7.1 shows the hydrological cycle of a catchment with the major inputs, outputs, storage and

movement mechanisms. These mechanisms are discussed in the following along with a

presentation of the detailed analysis of modelling approaches that were considered for this

study.

7.1.1 Components of the Catchment Water Balance

At the beginning of an event rainfall loss occurs via mechanisms such as interception by trees

and other vegetation, infiltration into the soil and the storage of water in small ground

depressions (Chapter l). Water that is collected in storage can either be retained for a long

period of time (retention storage) and depleted by evaporation or held for a much shorter time
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Figure 7.1 The hydrological cycle

(detention storage) and depleted by movement away from the storage location (Chow et al.,

1988). There are two major types of runoff processes, the movement of water ìnto a stleam

channel along surface and sub-surface flow paths and the movement of water through a

stream channel network to produce an event hydrograph.

The mechanisms by which water stored at the ground surface travels to the stream system can

be classified as:

(a) surface or overland flow across the land;

(b) sub-surface or unsaturated flow through the unsaturated soil near the land surface; or

(c) groundwater flow through saturated aquifers.

Some or all of these mechanisms may operate simultaneously on a given watershed and the

relative importance of individual mechanisms may fluctuate seasonally or even during a

single rainfall event depending on the antecedent catchment wetness and the climatic,

topographic and geologic conditions of the catchment.

The movement of water through a stream netwolk is discussed in Chapter 8. All the above

surface and sub-surface processes contribute to this flow. However, during a rainfall event

channel interception also occurs, where rain falls directly on a stream to become incorpolated

in channel flow. Runoff from this source occurs in all events and in all regions and is usually

an insignificant component of the total event flow. However, channel interception can
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constitute a larger fraction of the event response and peak discharge when an intense rain falls

on a very dry watershed (Dingman, t994).

Surfac e Runffi (Ov erland flow )

Surface runoff is the result of a complex interaction between rainfall and the land surface.

Also referred to as overland flow or rainfall excess, it occurs on a sloping surface that is either

impermeable or saturated from above or below.

The classical theory of surface runoff generation was developed by Hofton (1933) who

described Hortonian overland flow as the runoff resulting from above ground saturation.

Horton (1933) stated that "Neglecting interception by vegetation, surface runoff is that part of

the rainfall which is not absorbed by the soil by infiltration" and considered sutface runoff to

take the form of a sheet flow whose depth increases as flow accumulates down a slope until it

discharges into a stream channel. It was considered that when the rainfall intensity exceeds

the infiltration capacity of the soil or the surface onto which it is falling, surface runoff and

ovelland flow will occur. At this time it was postulated that this was the primary, if not only,

mechanism responsible for event response. Horton (1933) suggested that overland flow due

to saturation from above would occur from viftually an entire catchment. This view has since

been modified through the proposition of the partial-area concept (Betson, 1964) whereby

event response occurring as Hortonian overland flow will originate from only a limited

contributin g area that generally remains constant within a catchment and within a rainfall

event (Dingman, 1994). It is now accepted that Hortonian overland flow rarely occurs on

natural surfaces since typical rainfall intensities are less than the infiltration capacities of

many soils. The theory is more applicable to impervious surfaces in urban areas and natural

surfaces with thin soil layers and low infiltration capacities such as in arid and semiarid lands

(Chow et a1.,1988; Dingman,1994).

Saturation overland flow is overland flow that occurs due to saturation from below (Dingman,

1994) and is produced when sub-surface flow (discussed below) saturates the soil near the

bottom of a slope and overland flow then occurs as rain falls onto saturated soil (Chow et al.,

1988). It differs from Hortonian overland flow in that it is produced by saturation from below

and occurs primarily at, but is not restricted to, the bottom of hill slopes and near stream

banks. Saturation overland flow is also contributed to by return flow. The importance of

near-stream saturation overland flow as a stream-response mechanism in humid regions has

been well established (Dingman, 1994). The variable-source-area concept (Dunne et al.,
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I9l5) is based on the presumption that within a catchment the extent of areas saturated from

below can vary over time, in order to better reflect the overall catchment wetness. This

mechanism goes some way to describing the temporal variability of the proportion of rainfall

excess that results from a certain amount of rainfall, which has been observed in many regions

(Dingman, 1994). The variable source area generally expands during a rainfall event and

contracts thereafter (Chow et a1.,1988). This mechanism is considered the most appropriate

for event response in humid regions.

Sub-Surface and Groundwater Flow

Groundwater flow, or baseflow, is generally considered the main source of water for a stream

between rainfall events. This water infiltrates the soil during a rainfall event and moves

through groundwater reservoirs with residence times that are large enough not to contribute

significantly to an event response (Dingman, 1994). However, when the infiltration capacity

of the soil exceeds the rainfall intensity, sub-surface flow may become a more significant

mechanism for the transport of water to a stream (Dingman, 1994)- While the velocities are

usually lower than those of surface flow, hence contributing a less significant portion of a

rainfall event to the stream, flow through root holes in forested soil can be more rapid (Chow

et a1.,1988). Sub-surface flow is generally a more important runoff mechanism that needs to

be considered in humid regions.

7.1.2 Types of Modelling Approaches

Modelling approaches for the estimation of runoff output from rainfall and evaporation inputs

can be broadly classified into the following types:

(a) black box models;

(b) process models; and

(c) conceptual models.

Black Box Models

Black box modelling approaches generally use empirical equations that relate the inputs and

outputs. These may be simple polynomial functions (Chiew et al., 1993) such as

R=a+br+cr'+dr3 +era (i.l)

where:
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R = runoff (mm);

r : rainfall (mm); and

a-e = parameters.

In this type of model, only the rainfall input and runoff output have physical meanings.

A more complex black box type model is a time series model such as the IHACRES (Jakeman

and Hornberger,1993; Chiew eî a1.,1993), which is defined as:

R, =- arR,-, - arR,-, +boEX¡+4EXit Q'2)

where:

R¡ = runoff in time period f (mm);

EX, = rainfall excess in time period i (mm); and

ar,r,bo,, : Parametefs.

The rainfall excess is calculated by a non-linear relationship incorporating rainfall, catchment

wetness and temperature in current and preceding time periods. While the components of the

model are given physical interpretations, the parameters are not quantities that can be

physically measured or interpreted for particular site conditions. Chiew et al. (1993) found

that black box models such as the IHACRES model did not satisfactorily estimate daily

runoff.

Process Models

Process models attempt to simulate the hydrological processes for a catchment and generally

describe the movement of water within catchments using either numerical solutions of pal'tial

differential equations governing various physical processes or experimentally derived

empirical equations representing flow processes (Jayatilaka et al., 1998). An example is the

Systeme Hydrologique Europeen (SHE) model (Abbott et al., 1986a, 1986b), which is a

deterministic, distributed and physically-based model. This model uses an ofthogonal grid

network in the horizontal dimension and columns comprising a series of nodes in the vertical

dimension at each grid cell to allow for the spatial variation of catchment parameters,

hydrometeorological input and hydrologic response with the nodes in the vertical scale

representing various soil zones.

Other process type models have included the IHDM model (Beven et al., 1981) and the

TOPOG (Vertessy et al., 1994) model. Process models require the use of many parameters.
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Generally data limitations and the difficulty in relating theoretical equations that describe

hydrologic processes to large scale catchments means that the use of these models is not

justified (Chiew et al., 1993; Jayatilaka and Connell, 1995). In Australia, data is limited and a

simple model with easily calibrated parameters is preferred for engineering design work.

Conceptual Models

Conceptual models provide a simpler approach. The catchment is conceptualised by a

number of interconnected storages with mathematical functions describing the movement of
water into, between and out of them. They attempt to represent catchment physical processes

but often include black box treatment where empirical equations and parameters are used to

describe a process (Chiew et al., 1993). Conceptual rainfall-runoff models simulate the

physical processes that comprise the land phase of the hydrologic cycle. The transformation

is modelled by a set of transfer functions that generally link several interconnected conceptual

water stores. The parameter estimates for the model must be obtained by fitting computed

hydrographs to observed hydrographs as direct physical measurements of the parameters are

either difficult or impossible.

There are numerous conceptual models in use, varying from simple daily rainfall-runoff
models such as the SFB model (Boughton, 1984) to complex models such as

MODHYDROLOG (Chiew and McMahon, 1993a, 1994). In these models, an accurate

estimate of the antecedent catchment conditions (or the initial loss) prior to rainfall events is

obtained through a continuous account of the catchment soil water. Because of the large

number of conceptual models available, an examination of alternative approaches in this study

was restricted to models that have been extensively tested on Australian catchments. The

conceptual flow mechanisms in such models are more likely to be appropriate for Australian

hydrological conditions.

The Streamflow-lnfiltration-Baseflow (SFB) Model was initially developed by Boughton

(1984) as a simple method for estimating the water yield on ungauged catchments. This

lumpcd conceptual model ìs illustrated in Figure L2. The model has three parameters, a

surface storage capacity (S), a daily infiltration capacity (F) and a baseflow factor (B). These

parameters can be related to physical catchment characteristics and the model uses rainfall (P)

and evaporation (E) as required input data.
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P EJ1
Drainage
=0.5S

Non-drainage
=0.5S

Surface runoff (R)

Baseflow
= B(0.005(ss-2s))

F

Lower
Storage

Deep Percolation
= (1-B)(0.005(ss-25))

Figure 7 .2 Streamfl ow-Infiltration-Basefl ow (SFB) Model
(adapted from Nathan and McMahon, 1990a).

Rainfall is added and evaporation subtracted from the surface store, which has two

components. The first is an upper drainage store that represents soil moisture levels between

saturation and field capacity and it also represents the loss of any rainfall by interception or

ponding. A lower non-drainage store represents soil moisture levels between field capacity

and the wilting point. Once the surface store is full, runoff (R) is generated. When the

surface store is full, evaporation will occur at the potential rate. However, when the non-

drainage component of the surface store is not full, evaporation is estimated as a function of

the water remaining in storage. When the drainage component of the surface store contains

water, drainage into a sub-surface store can occur at a maximum rate of F mm/day. Once a

minimum water level is reached in this sub-surface store (often 25 mm), baseflow and deep

percolation can occur at a fixed fraction of 0.005 of the water remaining in the store. The

baseflow parameter (B) determines how much of this water appears as baseflow and how

much is lost to deep percolation.

The SFB model has been extensively applied to Australian catchments by researchers

incluciing Boyd et al. (1986), Nathan and McMahon (1990a, 1990b), Chiew et aI. (1993),

Sumner et al. (1997), Ye et al. (1997) and Thyer et al. (1999). In addition, modifications

have been made by some of these researchers such as that shown in Figure 7.3.

229



Model of the Catchment Water Bolance

Drainage
= (1-NDC)S
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Figure 7.3 Modified Streamflow-Infiltration-Baseflow (SFB) Model
(adapted from Sumner et al.,l99l).

The first modification of the original modeì involved calibrating the previously constant

parameters that controlled the drainage and non-drainage proportions of the surface store and

the sub-surface depletion rate. A non-drainage component (NDC) parameter was then defined

as the proportion of the surface store that is non-draining. Nathan and McMahon (1990a,

1990b) applied the original and this modified model to 33 catchments in New South Wales

and Victoria and showed that the value of NDC and DPF varied considerably between

catchments. Sumner et al. (1997) allowed the minimum threshold value before baseflow

occurs to vary and showed that this varies quite significantly between catchments, ranging

from no minimum water content to over 80 mm on one catchment. In the original

formulation of the model, if B<1 then water was assumed to be lost to deep percolation and

accumulated in an unrestricted groundwater store, resulting in an open water balance. Sumner

et al. (1997) commented that in many Australian catchments, deep rooted vegetation draws on

such stores. Therefore, an additional conceptual process was added to the model that allowed

groundwater storage to contribute to the evaporation process by rehlling the non-drainage

component of the surface storage at a rate proportional to the deficit in that store. Results

presented by researchers using this model have showed good representation of the process for

waler
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monthly and annual yield applications

The Australian Water Balance Model (AWBM) is a saturation overland flow model developed

by Boughton (1993, 2000a) and Boughton and Carroll (1993). Shown in Figure J.4, it

incorporates an explicit water balance model which uses recorded rainfall and estimates of

evaporation to simulate losses and runoff from a catchment area.

'+ I E

OVERFLOW
RAINFALL EXCESS (RE)

= (1-BFt) . OVERFLOW

SURFACE RUNOFF
S ----->_ (1 - Ks).S

BASEFLOW RECHARGE

= BFI " OVERFLOW
A

BS BASEFLOW----_>- (1 - K).BS

Figure7.4 The Australian Water Balance Model (AV/BM)
(adapted from Boughton, 1993).

The AWBM allows for spatial variability of the catchment by using three surface stores.

These storage capacities (Cl, C2 and C3) represent partial areas of a catchment (41, A2 and

A3), which allows the simulation of partial area runoff. The initial loss from each partial area

is therefore dependent on the storage available in each of the surface stores at the

commencement of the rainfall event and any evaporation that occurs during the event. The

water balance of each surface store is calculated independently of the others. As with the SFB

model, rainfall is added and evaporation subtracted from these surface stores. If the value of

moisture in the store exceeds the capacity of the store, the moisture in excess of the capacity

becomes runoff. Part of the runoff from each store becomes recharge of the baseflow store (if

there is a baseflow component in the streamflow) with the remainder becoming rainfall

excess. This means that water only infiltrates to the lower soil store when surface runoff

occurs, in contrast to the SFB model where infiltration can occur at any time so long as there

is sufficient water in the surface store.

î
c3

T
c2

-T-
c1
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A baseflow index (BFI), defined as the ratio of the amount of baseflow to the total amount of
streamflow, controls the recharge to the baseflow store. This store volume is then reduced at

each time step by the proportion of the water remaining in the store using a baseflow

recession constant (K). Surface runoff routing is carried out using a single store with a linear

discharge function, similar to the baseflow store. All surface runoff enters the surface routing

store with discharge from this store occurring in the same manner as the baseflow store, with
a surface runoff recession constant (Ks). This routing simulates the delay of surface runoff
reaching the outlet of a medium to large catchment and allows a more meaningful comparison

between observed and predicted streamflow values.

While the model was originally developed for both water yield and flood studies, it has

quickly become widely accepted for water yield studies (Sharifi and Boyd, 1994; James et al.,

1999). Its use in flood studies has progressed much more slowly. More recently it has been

applied with some success in a number of flood estimation studies including Boughton and

Hill (1997), Boughton et aI. (1999) and Boughton et al. (2000).

MODHYDROLOG (Chiew et al., 1993) is another model that has been applied to Australian

catchments. It is a complex conceptual model that incorporates a number of soil stores and

flow paths. Chiew and McMahon ( 1994) showed that a number of model parameters can be

related to catchment characteristics. V/hile it is purported to be physically based and produce

good results when estimating catchment yield (Chiew et al., 1993), it requires the estimation

of 19 parameters. Therefore, its application is restricted to areas with a reasonable length of
good quality data. In many Australian locations data is limited and therefore calibration can

be difficult. For these reasons and because other models with fewer parameters have been

shown to produce reasonable results, it has not been pursued further for use in this study.

7"1.3 Model Choice

The main deficiencies with most previous Australian research examined is that the surface

routing stores used have not often allowed successful comparisons between observed and

predicted results at a daily time scale, with monthly time scales generally preferred. While

this is acceptable for studies involving yield, a smaller time scale is required for it to be used

for design flood applications. In addition, many of the published parameters are only suitable

for use at monthly time scales as they do not produce the shape and peaks of observed

hydrographs when comparisons are made at a daily scale.
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Before a choice of model was made for this study, both the AWBM (Boughton, 2000a) and

modified SFB model (Sumner et al., 1997) were calibrated to a number of catchments. From

these initial results, the AV/BM model was found to be the more flexible. V/ith an identified

potential for improvement to obtain a suitable relationship between observed and predicted

streamflow hydrographs, this model was chosen.

7.2 DnvnropMBNT AND CALTBRATToN oF A CatcnuENT WATER BALANCE

Monnl

In this section, the catchment water balance developed for this study and the method used for

calibration is described. Following this, the characteristics of the catchments used to calibrate

the model are described. One of the major limitations to calibrating each component of the

process is the lack of available data and often high levels of missing data within the available

records. The methods used to estimate missing values and for confirming data consistency

are presented and discussed, along with the results of the water balance model calibration.

7.2.1 The ModifTed AWBM

A number of modifications were made to the original AWBM. The features of the modified

model are shown in Figure 7.5, with the parameters and units def,ined in Table 7.1. The

algorithm developed for this model is contained in Appendix L1.

min(P,maxnain) I I r=rP. rmVI
OVERFLOW

RATNFALL excrss (ne)
= (1-BFl). OVERFLOW + [P - min(P,maxRain)]

SURFACE RUNOFF

-T-
Cr

î
c3

T
c2 s ----->

=RE*, * (RE - KsxS)(e K'-' - l)
Ks

BASEFLOW RECHARGE

= BFI * OVERFLOW

BASEFLOW---_>_ (1 - K)"BS
BS

Figure 7.5 The modified AWBM
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Table 7.1 Description of modified AWBM parameters

Parameter Description Symbol Units
Rainfall P mm

Capacity of surface store I C1 mm
Capacity of surface store 2 C2 mm
Capacity of surface store 3 C3 mm

Partial area of store I AI
Partral area of store 2 A2
Partial areaof store 3 A3

Evaporation multiplier Em
Actual evaporation E mm

Basefl ow infiìtration index BFI
Surface routing store coefficient Ks

Sub-surface routing store coefficient K
Maximum daily infiltration maxRain mm

Current water level in sub-surface store BS mm
Current water level in surface routing store S mm

Rainfall excess RE mm

The original AWBM was modified to explicitly calculate the size of the soil stores and partial

areas as opposed to using an average soil store capacity. In previous research a linear store in

the same form as that used to determine baseflow has sometimes been incorporated. A linear

store is required in order to simulate routing of the surface runoff and allow better

comparisons with the observed streamflow. However, this form of representation of the linear

store was found to produce poor results because the value of the discharge constant Ks does

not always remain small. To improve the representation of the observed hydrograph, in

particular the recession immediately following the peak, a different formulation was required.

From first principles a function for the operation of the linear store was derived to allow a

delay between the occurrence of surface runoff and its appearance as streamflow, which also

allowed for fast runoff from small catchments. The full derivation of this equation is

contained in AppendixL2 and is defined as:

e = RE* / + (R¿' - K.ç . t, [{1) Ks>0

= surface runoff at time period t (mm);

: rainfall excess entering the store at time period / (mm);

= recession constant,

: height of water in the store at the start of time period t; and

(7.3)

where:

O

RE

Ks

s
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t - time step in hours.

Lindsey and Farnsworth (1997) suggested that a limitation of the use of mean monthly values

for evaporation is the large day-to-day variance in evaporation during Spring and Autumn. In

addition, the seasons may begin early in some years and late in others, causing serious effors

in the estimates of evaporation and hence the resulting water balance. Significant variations

from the mean monthly values may also occur at any time during the year. For example,

during a rainy period in the middle of Summer evaporation may be suppressed by lower

temperatures and high humidity, or alternatively, hot and dry periods may cause the

evaporation to be very high during some years. Both of these situations can cause signihcant

deviations from the daily average evaporation values for a month (Lindsey and Famsworth,

1997). To accommodate these deviations, the AWBM was modified to accommodate inputs

of daily evaporation, as opposed to a monthly aveÍage, using either pan evaporation or

potential evaporation (refer Chapter 6).

In the SFB model a wilting point is specifîed and potential evaporation can be converted to

actual evaporation using Equation 6.1. However, as groundwater recharge in the AWBM can

not occur from the soil stores directly, there is no requirement to calculate actual evaporation

by this equation. This means that the actual value of evaporation (,E) is not reduced when

there is moisture stress. To accommodate some reduction, an evaporation multiplier (Em)

was used to convert both the pan or potential evaporation to actual evaporation. ff the

reduction of evaporation during moisture stress is identified as being important at particular

sites, then the model could be modified to incorporate this process. However, the use of Em

in this study was considered satisfactory.

It was identified that during the simulation of some large events (high rainfall and runoff) a

large amount of the rainfall entered the soil stores and not enough runoff was taking place.

To address this problem a maximum rainfall depth (mnxRain) was used such that any daily

rainfall above this amount moved directly into the surface store and was not able to contribute

to baseflow. The use of this parameter was based on the concept of infiltration curves (Chow

et al.,l9SS) where a given soil has a maximum or potential inhltration depth and was defined

AS

maxRai n = (l - B F I ) * Ov e (I ow + [ P - min( P, maxRain)l (7.4)

where
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BFI = baseflow infiltration index;

Overflow = rainfall depth in excess of available depth within surface stores during period r

(mm); and

P = rainfall during time period / (mm).

Although the use of this parameter provides a very simplified implementation of the

inhltration curve concept, it did allow a better representation of some of the higher runoff
events.

7.2.2 Description of Study Catchments

Many of altemative design flood estimation techniques developed recently in Australia have

been tested on Victorian and some New South Wales catchments. This study sought to test

the approach on a number of catchments in different states with varying conditions. Six

catchments were chosen, two in Victoria to allow reference with previous studies and one

each in South Australia, Queensland, Tasmania and New South Wales. Figure 7.6 shows the

location of each of these catchments.

Alligator Creek

yn River

Scott Creek

Avon River 0
Boggy Creek

Davey River

N

1
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Alligator Cre ek, Que ensland

Alligator Creek enters Cleveland Bay approximately 10 km south-east of Townsville in

northern Queensland. The catchment draining to the streamflow gauging site at Allendale,

station number 118106, is 69km2 and consists primarily of national park where the average

height of native vegetation is 15 m. The climate is tropical with distinct wet and dry seasons

with most rainfall occurring in the summer months and evaporation is high throughout the

year. The topography ranges from l2O0 m in the steep hills at the top of the catchment to

10 m in the slight slopes near the gauging station. The average annual rainfall is 1 135 mm

and the average annual runoff is 480 mm.

Allyn River, New South Wales

The Allyn River catchment is a sub-catchment of the Lower Hunter River, joining the

Patterson River before entering north of Newcastle in New South Wales. A large portion of

the upper catchment is in State Forest and National Park, and is heavily timbered. The

remainder is open forest, cleared grazing land and some arable land close to the river.

Elevation ranges from I 500 m at the Barrington tops in the northern part of the catchment to

250 m at the gauging station at Halton, station number 210022. Rainfall largely occurs during

Summer and large orographic effects over the catchment controls the distribution of rainfall,

with heavier rainfall occurring at higher elevations. Summers are warm and winters cool to

cold with an occasional snow fall. The catchment has an area of 205km2, average annual

rainfall of I 440 mm and average annual runoff of 350 mm.

Avon River, Victoría

The Avon River catchment is a sub-catchment of the Wimmera Basin and is located in south-

western Victoria. It is a mainly rural catchment with grazing and timber the major land uses.

The climate of the catchment is temperate with high evaporation in Summer. Annual rainfall

is relatively low and occurs mainly between late Autumn and early Spring. The topography

ranges from hills of moderate relief to open plains in the lower reaches. Catchment elevation

ranges from 500 m in the top of the catchment to 220 m at the streamflow gauging at

Beazleys Bridge, station number 415224. The catchment has an area oÍ 259 km2, average

annual rainfall of 566 mm and an average runoff of 52 mm.
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Boggy Creek, Victoria

The Boggy Creek catchment is a sub-catchment of the Ovens River and is located in north-

eastern Victoria. It is a mainly rural area with state forests occupying a large portion of the

catchment. The climate is temperate with high evaporation during the summer months with
the majority of the annual rainfall occurring from late autumn to early spring. The

topography ranges from steep hills in the west and east, grading to undulating slopes around

the creek itself. Catchment elevation ranges from 900 m at the top of the catchment to 190 m

at the streamflow gauging station at Angleside, station number 403226. The catchment has an

area of 108 km2, average annual rainfall of 1 100 mm and average annual runoff of 290 mm.

Døvey River, Tasmanía

The Davey River catchment is located in the Southwest National Park in Tasmania, flowing
into Payne Bay at Port Davey approximately I25 km south west of Hobarl. The catchment

draining to the streamflow gauging site downstream of Crossing River, station number

307001, is 686 km2 and the topography contains steep hills and ranges. Catchment elevation

ranges from I 100 m ìn the upper reaches of the catchment, to 25O m at the gauging station.

The climate is temperate with most rainfall occurring during cool to cold Winters. The

catchment has an average annual rainfall of 213Omm and average annual runoff of
2 000 mm.

Scott Creek, South Australía

The Scott Creek catchment is a sub-catchment of the Onkaparinga River and is located in the

Mount Lofty Ranges approximately 25km south-east of Adelaide. It is a mainly rural

catchment with native vegetation and grazing the major land use. The climate of the

catchment is typically temperate with high maximum daily temperatures and high evaporation

in summer. Rainfall is seasonal, occurring mainly in 'Winter and Spring. The topography

ranges from steep to rolling hills in the west and east, grading to undulating slopes around the

creek itself. Catchment elevation ranges from 500 m at the top of the catchment to 220 m at

the streamflow gauging station at Scott Rottom, station number 503502. The catchment has

an area of 26.1km2, average annual rainfall of 992 mm and average annual runoff of 150 mm.

7.2.3 Available Data

The lack of data availability at time scales of less than a day for all inputs, generally precludes
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calibration at sub-daily time scales. As such, calibration was undefiaken at a daily time scale.

Streamflow

There were varying lengths of daily streamflow data available for each of the catchments, as

described in Table '7.2. These records were of good quality and very little data were missing.

Full details of the location of each gauging station is contained in Appendix M.

Table 7 .2 Available data for each of the study catchments.

Catchment Years of data at
streamflow gauging Missing (7o)

Alligator Creek' 24
Allyn River' l0 0_8

Avon River' 14
Boggv Creek' t1
Davey River' 17 2.O

Scott Creeka 24

Data Source: I 
Queensland Department for Natural Resources; t Chi.* and McMahon ( 1993a);

3 Boughton (2000a); a South Australian Department for Water Resources.

Raínfall

For each of the catchments, the spatial representation of daily rainfall was considered. In each

case a number of sites were required to adequately represent this spatial variability. Table 7.3

shows the proportion of each station used to calculate the catchment average rainfall and

Appendix M contains details of the location of each gauge, the quality of each data set and the

proportions accumulated or missing.

Table 7.3 Contribution of rainfall stations to catchment average rainfall for each catchment

Catchment Contributin g Rainfal I Gau ge(s) Proportions

Alligator Creek 032040' 0.10j
033028 0.90

Allyn River complied dataset'
Avon River 079086' 0.40*

019079 0.60
Boggy Creek 082032' 0.17'

082033 0.47
08303 I 0.13
083032 o.23

Davey River complied datasetr
Scott Creek 023709' 0.443

023121 0.41
o23',734 0.15

Data Source: ' Bureau of Meteorology; t Chi.* and McMahon (1993a).

Proporrions: t Chi"* and McMahon (1993a);t Mein et al. (1995);s Htll et al. (1996a)
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The exceptions were the Allyn and Davey River catchments where catchment average rainfall

was obtained directly and rainfall factors of 1.3 and 1.2 were applied to the catchment average

rainfall at these locations respectively, to account for rainfall gradients as described in Sumner

et al. (1997).

Evøporatíon

Examination of pan evaporation stations for each catchment showed that estimates of daily

evaporation were available at all but the Allyn and Davey River catchments. For these sites,

daily potential evaporation was calculated by the method described in Chapter 6, using

records of temperature and sunshine hours. All data was obtained from the Bureau of
Meteorology. Appendix M contains details of the location of each record, the quality of each

data set and the proportions accumulated or missing.

7.2.4 Estimation of Missing Data

The majority of data sources contain missing segments. Missing data in daily rainfall and pan

evaporation records may occur in two forms: when a value has not been recorded on a

particular day but the cumulative total has been recorded on a subsequent day; or where the

data is missing due to a recording error.

The first type are referred to as accumulated records and may be disaggregated over the total

number of days missing data using proportions from a nearby site. In this study, the choice of
site was made by developing a linear relationship between the data from the station in

question with nearby sites and using the neighbouring site that was best able to reproduce

records for the days when data was not available. This assessment was carried out by

examining the coefficient of determination ( R2 ) and the coefficient of efficiency ( E ).

The coefficient of determination is the square of the Pearson's product moment correlation

coefficient and describes the proportion of the total variance in the observed data that can be

explained by the model, in this case, the linear relationship described above. R2 is defined

(Legates and McCabe, 1999) as:

2

Ë(r, -o)(r,-r)
2R

[åt ]" [å(¿-F)']
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where:

Oi : ith observed data point;

O = mean of the observed data;

Pi = ith observed data point; and

P = mean of the predicted data.

The value of R2 ranges from 0.0 to 1.0 with values close to 1.0 indicating better correlation.

While a high value of R2 only indicates high correlation it does not necessarily mean that the

predicted values are equal to the observed values. For this reason the coefficient of efficiency

is often considered a better comparison tool because it is sensitive to differences in the

observed and predicted means and variances. This is defined (Legates and McCabe, 1999) as:

Z@,-P,)'
E =I.0 - i=l (1.6)

N

I(o, -o)'

E ranges from minus infinity to 1.0, with values close to 1.0 again indicating a good

approximation of the observed data by the model. A value of E less than zero indicates that

O is a better predictor than { (Legates and McCabe,1999).

For rainfall data that is completely missing due to instrument failure or another record

generating fault, a number of methods have been developed to calculate the missing values.

The station-average method uses nearby gauges to estimate the missing point rainfall ( Þ ) on

a given day at the gauge of interest using (McCuen, 1998):

u=:ä, (7.1)

where:

P¡ : rainfall at gatge i.

While this is a simple method it may not be accurate when the total annual rainfall at any of

the n regional gauges differs from the annual rainfall at the gauge of interest by more than
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lOVo (McCuen, 1998)

The normal-ratio method uses the annual average rainfall of rz regional gauges to derive

weights to calculate the rainfall on a particular day at the gauge of interest using (McCuen,

1998):

Þ: \a, P, (7.8)
i=1

where:

ú)

A, : âverâge annual rainfall at the station of interest; and

Ai : average annual rainfall at gauge l.

If differences between the average annual rainfall at the gauges are larger fhan lUVo then this

method is preferred (McCuen, 1998). Chiew and McMahon (1993a) have used this method to

infill missing records for a number of Australian sites.

The quadrant method takes into account the closeness of other regional gauges to the gauge of
interest when calculating missing rainfall. The method assumes that the rainfall at gauges

located close to each other are not independent of the rainfall at the unknown point. Weights

are assigned to each gauge, which decrease as the distance from the gauge in question

increases. To estimate the rainfall on a given day, the region surrounding the site is divided

into four quadrants. The gauge in each quadrant that is closest to the gauge of interest is used

to ensure that the gauges used to estimate the missing rainfall are independent (McCuen,

1998)" For each quadrant that contains a gauge, the weight for each gauge is given (McCuen,

1998) by:

(7.e)

d

where:

di

A difficulty with the use of the data available for this study was that there were limited nearby

A-t

nA.

a 1

: distance between gauge i and the gauge of interest.

2d
4I

i=1
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sites that could be used to infill a missing record. In addition, many of these sites also had

large quantities of missing or accumulated data, making the use of the above methods

difficult. As such, an alternative method was used that involved establishing a linear

relationship between the site with missing data and a nearby site, similar to that for estimating

missing temperature records in Section 6.5. If more than one neighbouring site was available

then the site with the better correlation values of R2 and E was used. Often, more than one

site was used to complete the record of interest because of large quantities of missing data

from the neighbouring sites. Missing values of pan evaporation were also calculated using

this method. Missing values in records of sunshine hours were calculated using cloud cover

data as described in Section 6.5.

Results for Study Sites

The correlation between the rainfall gauges with a missing or accumulated record and those

used to calculate the missing values or distribute the record over a period was generally good

for all sites and catchments. Figure 7.7 shows the relationship between sites in the Avon

River catchment and Figure 7.8 between sites in the Boggy Creek catchment. In both cases,

the description of the relationship between the sites as linear was considered satisfactory.

Figure 7.9 suggests that the relationship between the two sites in the Alligator Creek

catchment was not as good as for other sites. However, in this case, there was very little

missing data from this site, with mainly accumulated data, so the relationship was considered

acceptable.

The correlation between pan evaporation stations was generally lower than for the rainfall

stations, although satisfactory relationships were obtained. Figure 7.10 to Figure 7.12 show

these relationships for stations representing evaporation for the Avon River, Boggy Creek and

Scott Creek catchments.

Appendix M contains location details of the reference sites used for each of the rainfall and

evaporation gauges within the study catchments and the relationships developed to de-

accumulate or calculate this missing data. The regression relationships developed for the

temperature and sunshine hours data to allow the subsequent generation of potential

evaporation are also shown.
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Figure 7 .7 Avon River catchment: linear relationship between rainfall data from Tottington
(019019) and Supple (079086).
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Figure 7.9 Alligator Creek catchment: linear relationship between rainfall data from sites
Ayr Research Station (033002) and Giru Post Office (033028).
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Figure 7.11 Boggy Creek catchment: linear relationship between pan evaporation data from
sites Hume Reservoir (072023) and Rutherglen (082039).
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7.2.5 Data Consistency

To identify the occurrence, magnitude and nature of trends within long time series records the

double mass curve technique (Grayson et aI., 1996) is often used. It is constructed by plotting

the accumulated values of two time series against each other. A break in slope or a gradual

change in curvature will reveal a change in the constant proportionality between the two sets

of data" This indicates the presence of a trend such as changes in measured rainfall due to the

growth of obstructive vegetation at a site. Grayson et al. (1996) suggests that a double mass

curve is only useful if the two variables being accumulated are proportional and that at least

one of the data sets is stationary over the period examined. The method is often used to

establish the presence of changes within rainfall or evaporation records and adjustments can

subsequently be made to affected data sets to ensure consistency of record.

In this study the consistency of each rainfall and evaporation record was confirmed by

constructing a double mass curve with a neighbouring site. Figure l.I3 and Figure 7.14 show

this curve with a fitted linear relationship for rainfall stations used for the Alligator Creek and

Scott Creek catchments respectively. Figure 7.15 and Figure 7.16 show similar results for

evaporation stations for the same study catchments. Appendix M contains the results from

the period of record examined.
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Figure 7.13 Alligator Creek catchment: double mass curve analysis between rainfall data for
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Figure 7.15 Alligator Creek catchment: double mass curve analysis between pan evaporation
data from sites Ayr Research Station (033002) and Townsville Airport (032040).
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Figure 7.16 Scott Creek catchment: double mass curve between pan evaporation data from
sites Lenswood Research Centre (023801) and Mount Bold Reservoir (023734).

7.2.6 Calibration Method and Error Model

Calibration of the modified AWBM was carried out using the SCE algorithm (refer Section

3.4.8) in the NLFIT program (Kuczera, 1994a). NLFIT is a Bayesian non-linear regression

program (Kuczera, I983a, 1983b) to which specific model algorithms can be added and

subsequently calibrated. The daily runoff values and the maximum daily runoff values in

each month were simultaneously calibrated. The latter is often undertaken when comparisons

of total monthly flows are carried out (Boughton and Hill, 1991: Boughton et al., 1999) to

ensure maximum daily flows are represented. It was used in this study to provide a second

validity check for the model.

The least squares error model is widely used to describe errors in conceptual rainfall runoff

models. A consequence of this error model is that model parameters are calibrated by

searching the parameters which minimise the sum of squares of the residuals (Kuczera,

1994a; Sumner et al., 1997), the residual being the difference between the observed and

predicted data. In this case there are two responses and the relationship between the observed

and predicted data was defined (Kuczera, 1994a) as:

0i

V = 1.302x; R2=0.9998

0i +€ i=7,... ,n
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j =1,"',m (7.10b)

where:

0i : observed daily runoff on day i;

O! = predicted daily runoff on day i;

ei = residual or random error in daily runoff on day i;

n = number of observations in the daily runoff response;

Q'i = observed daily runoff in monthT;

O'; - predicted daily runoff in monthl;

t';' = residual or random error in daily runoff of month j; and

m : number of observations in the maximum daily runoff in each month response.

The residuals are estimates of e (Ktczera,l994a). The least squares model assumes that the

expected value of s is zero, the variance of g is constant and that the residuals are

statistically independent. There aÍe a number of diagnostic methods to check these

assumptions including:

(a) predicted response versus standardised residual plot; and

(b) residual auto-correlation plot.

If the least squares model is adequate, the points of each predicted response versus

standardised residual plot should appear to be normally scattered and contained largely within

a parallel band (Kuczera, 1994a). An auto-comelation plot displays the time dependence

between residuals. If most of the auto-correlation at various lag times lies within the 95Vo

confidence limits for white noise the assumption that the residuals are statistically

independent can be confirmed (Kuczera, 1994a). In order to ensure that both responses

considered here were concurrent, the method used to define the maximum daily runoff values

in each month data meant that there was no correlation between the residuals. Therefore, only

the auto-correlation between the residuals of the daily runoff response was considered.

If the residual versus predicted response relationship does not display randomly scattered

behaviour, a Box-Cox transformation (Box and Cox, 1964) can be used to stabilise the

variance of the residuals to produce a more satisfactory pattern. The general Box-Cox

transformation of an observed response is defined as:

Q'l' = Ô'';' *t|
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(Q, + x)A -t
T^ A

q )"+O (7.rr)

where :

2,K : transformation parameters; and

e¡ : transformed response at time i.

The predicted response is transformed using the same transformation, which produces a

transformed residual at time i defined as Q¡-Q¡. When ),=l the transformation is linear and

has no effect on the response data. As ), is reduced below 1, the transformation tends to

decrease the scatter of residuals for large predicted responses and increase the scatter for

small predicted responses (Kuczera, I994a). The residual variance can be approximately

stabilised by trial and error and two values of ), (,î,,2r), one for each response, were chosen

here.

An auto-regressive (AR) model can be applied to the residuals to remove any time dependence

and ensure that the auto-correlation between residuals lies within tbe 957o confidence limits

for white noise. A general AR model with p parameters and the transformed residual at time f,

is defined (Kuczera, I994a) as

Q,-â,:h(Q¡,-â,-,)+"'+Q,,(4,-,,-â, ,,)+t (l'12)

where:

Q,,-.' ,Q, = auto-regressive parameters for an AR(p) model; and

€ i : random independent disturbance at time i.

In order to simultaneously calibrate the daily runoff values and the maximum daily runoff

values in each month, the error model was generalised. This generalisation is done within

NLFIT using a generalised least squares approach. In the context of this application the

generalised least squares is implemented by dividing for each response the sum of the squares

of the disturbances er by an estimate of the disturbance variance, thereby standardising or

nondimensionalising the disturbances. It is then meaningful to add these standardised sum-

of-squares terms together to form a joint objective function.

7.2.7 CalibrationResults

The calibration of the modified AWBM was undertaken using the complete sets of rainfall
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and evaporation for each catchment. The fitted model parameters and initial conditions for
each of the soil stores are shown in Table 7.4. An initialisation period of three months was

used to remove the effects of initial store conditions on the parameter estimates. The

appropriateness of the calibrated parameters was assessed by comparing the values predicted

by the model against the observed daily runoff.

Table L4 Calibrated parameter values and initial conditions for study catchments.

Model Parameter Values

Alligator
Creek

Allyn
River

Avon
River

Boggy
Creek

Davey
River

Scott
Creek

Cl (mm) 28.9 49.5 17.7 9.9 5.4 11.4
C2 (mm) 189.2 126.4 94.s 180.5 173.7 206.6
C3 (mm) 351.1 223.1 173.4 405.9 434.O 520.8

A1 0.17'7 o.282 0.075 0.084 0.746 0.r08
A2 0.568 0.335 0.616 0.485 o.134 o.464
A3 0.255 0.383 0.249 0.431 0.120 0.428
Em
BFI

0.58
0.34

1.35
0.39

0.991 0.70 1.26 0.93
0.18 0.40 0.70 0.37

Ks 6.10 2.44 1.17 0.35 1.93 2.20
K 0.52 o.2t 0.999 0.98 0.540 0.95

maxRain (mm) 148.6 133.2 200.0 95. r 78.4 59.6

Initial Conditions
Initial Cl (mm) l0 0 0 1.5 0 0
Initial C2 (mm) 100 50 50 100 20 50
Initial C3 (mm) 200 100 r00 200 150 100
Initial BS (mm) 0 0 0 0 0 0
Initial S (mm) 0 0 0 0 0 0

Figure 1.ll and Figure 7.18 show these forAlligatorCreek, Figure l.l9 and Figure'7.2Ofor

Allyn River and Figure I .21 and Figure '7.22 for Avon River. The observed rainfall is also

shown and this indicates numerous events that did not produce a runoff response. This type

of pattern often makes the water balance of the catchment more difficult to model and on

occasions, small events such as in Figure 7.18 and Figure J.22, are not reproduced by the

model. However, the reproduction of the runoff traces for these sites is considered

satisfactory.

Figure 7.23 and Figule 7.24 slrcw Lhe observecl ancl predicted daily runoff for Boggy Creek

Similarly, Figure 1.25 and Figure 7.26 shows these comparisons for Davey River and Figure

l.2l andFigurel.2Sfor ScottCreekrespectively. Thereproductionof theobservedrunoff is

very good for these sites. Boggy Creek and Scott Creek each produce a runoff response to

almost all rainfall events and there is observable streamflow for most of the year, unlike
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Alligator Creek and Avon River where the streams are dry for much of the year. Davey River

has observable streamflow throughout the year and responses to each rainfall event.
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Figure7.77 Alligator Creek: Observed and predicted runoff - 30/11/1916 to 18161197l
(4 = 0.95;AR(1) = 0.30; AR(2) = 0.05; 2z =0.95).
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Figure 7.19 Allyn River: Observed and predicted runoff - 16/12/1971 to 4/1/1978
(1, = 0.80; AR(l) =0.20; AR(2) = 0.10; 2z = l.OO).
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Figure 7 .21 Avon River: Observed and predicted runoff - 4/1 /I9l 5 ro 20/l/191 6
(1, = 1.50; AR(l) = -0.40; 1z = l.5O).
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Figtre 7 .23 Boggy Creek: Observed and predicted runoff - 2914/1918 to 4/l/1979
(4, = 0.70; AR(l) = 0.50; lz = 1.25).

50 100 150 200

Time (days)

250 300 350 400

Figure 7 .24 Boggy Creek: Observed and predicted runoff - 12/l l/1988 to 17 /12/1989
(2, = 0.70; AR(l) = 0.50; 2z = 1.25).
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Figure 7 .26 Davey River: Observed and predicted runoff - 24/11/1986 to l/811981
(1, = 0.95; AR(1) = 0.55; AR(2) = -0.05; 2z = 1.20).
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Figure 7 .27 Scott Creek: Observed and predicted runoff - 26/3/1971 ro l2/lO/I911
(1, = 0.90; AR(l) = 0.20; 1z = 1.25).
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The addition of the alternative surface routing equation to the AWBM aided significantly in

the calibration of the model to Scott Creek. Because of the small catchment area, surface

runoff response is fast and this parameter allowed the model to capture the often steep

recessions after the peaks. Appendix M shows the observed and predicted daily runoff for

four events at each location, further demonstrating the ability of the model to reproduce the

observed data.

Figure 7.29 to Figure 7.34 show the relationship between the observed and predicted daily

runoff and maximum daily runoff in each month. It can be seen that the R2 and E values

obtained for each site are reasonable. The model often underestimates the higher runoff

values, which is a limitation of this and other lumped models when there are more low runoff

values than high runoff values. During calibration, the parameters were determined to obtain

the best representation of the entire time series, which may sometimes be to the detriment of

obtaining a good representation of the higher runoff values. The higher values of the Box

Cox ), ( 1, ,1r) parameters used below, attempted to compensate for this as much as possible,

without overestimating the lower runoff values and hence the antecedent moisture conditions

before subsequent rainfall events.
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FigureT .29 Comparison of observed and predicted data for Alligator Creek
(a) Daily runoff values; (b) Maximum daily runoff in each month
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Figure 7.30 Comparison of observed and predicted data for Allyn River
(a) Daily runoff values; (b) Maximum daily runoff in each month

(1, = 0.80; AR(l) =0.20; AR(2) = 0.10; 1z = 1.00).
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Figure 7.31 Comparison of observed and predicted data for Avon River
(a) Daily runoff values; (b) Maximum daily runoff in each month

(1, = 1.50; AR(1) = -0.40; 2z = 1.50).
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R2 = 0.847; E = 0.837
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Figure 7 .32 Comparison of observed and predicted data for Boggy Creek:
(a) Daily runoff values; (b) Maximum daily runoff in each month

(1, = 0.70; AR(l) = 0.50; 2., = 1.25).
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Figure 7.33 Comparison of observed and predicted data for Davey River:
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Figure 7 .34 Comparison of observed and predicted data for Scott Creek:
(a) Daily runoff values; (b) Maximum daily runoff in each month

(1, -- 0.90; AR(1) =0.20; 1, = 1.25).

It should be noted that Sumner et al. (1991) fitted the SFB model to data from Alligator
Creek, Allyn River, Davey River and Scott Creek with comparisons between observed and

predicted runoff made at a monthly time scale. The results presented here for Scott Creek

show more satisfactory values of R2 and E for comparisons at a daily time scale than that

achieved by Sumner et al. (1997). The results in Sumner et al. (1997) are slightly better for

the Allyn River and Davey River and are similar to those shown here for Alligator Creek.

This suggests that the results produced here for comparisons at a daily scale are satisfactory

and the catchment water balance model is considered capable of adequately reproducing the

observed data.

Table 7.5 summarises the values of the Box-Cox transformation parameters ( 4,2r) adopted

to improve the representation of residuals and the peak values of both responses.

Table 7.5 Error model parameters

Site
Daily Flow Daily Maximum Monthly Fìows

)"1 AR(1) AR(2) 22

Alligator Creek 0.95 0.30 0.05 0.95
Allyn River 0.80 0.20 0.10 1.00
Avon River 1.50 -0.40 1.50

Boggy Creek 0.70 0.50 1.25
Davey River 0.95 0.s5 -0.0-5 1.20
Scott Creek 0.90 0.20 1.25

R'=0-786; E=0.785

B2=0.870: E=0.817
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These values were chosen based on an analysis of the objective function, the distribution of

residuals and the predicted runoff. A value of )"=1.0 results in no transformation, 1<1.0

places more emphasis on lower runoff values and ), > 1.0 on the higher runoff values.

For most sites, values of )", <1.0 were chosen for the residuals of the daily runoff, the

exception being Avon River where a value of ),, > 1.0 was required. For Alligator Creek and

Avon River, runoff is highly seasonal and the records contain small numbers of high-peaked

runoff events. Since the model is to be used for design flood estimation it was important to

obtain a good representation of the peak daily runoff values. This was not achieved with

lower values of A,, even though the distribution of residuals (Figure I .35 for Alligator Creek)

is not uniform. The distribution of daily runoff residuals is given for Boggy Creek in Figure

7.36 and for Scott Creek in Figure 1.31. Although a lower value of ),, may reduce the spread

of residuals further, a compromise between the representation of the residuals and

representing the higher runoff values within the daily runoff response was required.

A value of )", > 1.0 was required for the residuals of the maximum daily runoff in each

month at almost all sites to ensure that the highest runoff values were reproduced. Figure

7.38 to Figure 7.40 show the predicted maximum daily runoff in each month versus

standardised residual for the Allyn River, Davey River and Scott Creek. While the

distribution of residuals does not appear uniform, the results are considered reasonable,

particularly because there were limited data points and it was impofiant to obtain a good

representation of the higher runoff values. This was often at the expense of the lower values.

Appendix M shows the distribution of residuals for both the daily runoff and maximum daily

runoff in each month for each site.
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(1, = 0.90; AR(1) = 0.20; 1z = 1.25).
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Auto-regressive (AR) parameters were applied to the residuals of the daily runoff sequence to

remove the observed correlation. The parameters applied for each catchment can be seen in

Table 7.5. For Alligator Creek, an AR(2) model was required to ensure that the observed

correlation between the residuals is within the 95Vo confidence limits of white noise as shown

in Figure 7.41. The Allyn River also required an AR(2) model, with the resulting auto-

correlation shown in Figure 1.42. Tbe correlation atalag of three days in the datafromthis

site indicates that an AR(3) model may be required. However, the addition of the extra

parameter made little difference to the residuals or the parameter values.

A negative AR(l) parameter was required for Avon River, because in contrast to the other

sites where the residuals showed positive correlation, negative correlation was observed here.

The resulting residual auto-correlation can be seen in Figure 7.43. For Scott Creek, shown in

Figure 7.44, a single AR(l) model was required and although for this site the observed

correlation is outside Íhe 95Vo limits on white noise, the addition of an AR(2) parameter did

not improve the fit of the model to the data. Appendix M shows the auto-correlation between

residuals for all sites. An AR(l) parameter was also used for Boggy Creek, while Davey

River required an AR(2) model to adequately account for the auto-correlation.
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Figure 7 .47 Alligator Creek: Auto-coruelation of daily runoff residuals
(4 = 0.95; AR(1) = 0.30; AR(2) = 0.05; 2z = 0.95).

+ Auto-correlation
95% limits on white noise

267



Model of the Catchment Water Balance

0.3

o.2

0.1

0

c
.o
(ú
o)

oo
o
f

co
q
0)

o()
o
:l

-o.2

-0.1

-0.3

0.3

o.2

0.1

-0.1

-o.2

-0.3

1 2 3 4 5 6 7 I I 10 11 12 13 14 15

Lag

0

Figure 7 .42 Allyn River: Auto-correlation of daily runoff residuals
(1, = 0.80; AR(1) = 0.20; AR(2) = 0.10; 1z = l.O0).

Figure 7 .43 Avon River: Auto-coruelation of daily runoff residuals
(1, = 1.50; AR(1) = -0.40; 1z = l.5O).

1 2 3 4 5 6 7 I I 10 11 12 13 14 15

Lag

+ Auto-correlation
95% limits on white noise

* Auto-correlation
95% limits on white noise

268



Model the Catchment Water Balance

o.4

0.3

o.2

0.1

0

-0.1

-0.2

-0.3

-0.4
1 2 3 4 5 6 7 I I 10 11 12 13 14 15

Lag

Figure 7 .44 Scott Creek: Auto-correlation of daily runoff residuals
(2, = 0.90; AR(l) = 0.20; 2z = 1.25).

7.3 CITcUUBNT WATBR BALANCE SIMULATION AT SMALL TIMB SCALBS

The water balance model developed in this chapter has been calibrated using daily

streamflow, rainfall and evaporation data. In the next chapter, this will be combined with the

stochastic rainfall and evaporation models to generate rainfall excess at a six-minute time

scale. Before this is undertaken it is desirable to ensure that the parameters obtained at the

daily time scale are transferable to the six-minute time scale.

There is generally limited sub-daily streamflow data available for extended periods and often

the closest rainfall pluviograph records are not located on the catchment or the period of

record is not concurrent with that of the streamflow. However, in the case of Boggy Creek a

pluviograph is located at Whitfield, one of the daily rainfall gauges used to determine the

catchment rainfall, and this record is concurrent with most of the daily streamflow. To test

the use of the model at a six-minute time scale, the daily catchment average rainfall was

disaggregated using the proportion of rainfall occurring within each six-minute increment in

the Whitfield pluviograph record. If no rainfall occurred at the pluviograph site or the data

was missing, the daily rainfall was distributed uniformly over the day. The catchment water

balance model was then calibrated using this disaggregated daily rainfall record. Table 7.6

shows that the parameters obtained are similar to those using the daily rainfall data.

* Auto-correlation
95% limits on white noise
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Table I .6 Boggy Creek: Comparison between calibrated parameter values and initial
conditions using daily and six-minute rainfall.

Model Parameter Values

Daily Rainfall Six-Minute Rainfall
Cl (mm) 9.9 6.8
C2 (mm) 180.5 183.9
C3 (mm) 405.9 402.8

AI 0.084 0.087
A2 0.485 o.482
A3 0.431 o.431
Em 0.70 0.70
BFI 0.40 0.40
Ks 0.3-5 0.39
K 0.98 0.978

maxRain (mm) 95.1 95.0

Initial Conditions
Initial C1 tmm) 7.5 0
Initial C2 (mm) 100 100
Initial C3 (mm) 200 200
Initial BS (mm) 0 0
Initial S (mm) 0 0

Comparison between the observed and predicted daily runoff shown in Figure 1.45 and Figure

7 "46 indicate that the reproduction of the observed runoff is very good and that the use of six-

minute rainfall actually improves the reproduction of some peaks in these and two other

events shown in Appendix M.
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Figure 7.45 Boggy Creek: Observed and predicted runoff: 29/411918 to 4/ll1979
(six-minute rainfall) (tr, = 0.75; AR(l) = 0.60; AR(2) = 0.10; 2z = l.2O).
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Figure7.46 Boggy Creek: Observed and predicted runoff: l2/Il/1988 to l1/12/1989
(six-minute rainfall) (Ã, = 0.75; AR(l) = 0.60; AR(2) = 0.10; 1z = 1.20).

Figure 7.47 shows the relationship between the observed and predicted daily runoff and the

maximum daily runoff in each month. The R2 and E values obtained are reasonable and

slightly better than those obtained using daily rainfall.

30 30

25

20
(úõ
E
E

oc
l
(E
!
0)
¿
q)
Ø
-oo

¿3

o
SzoÈ
E

Prs
ffr
E)q)
¿10o
Ø
-o

5

0

0

t

0

5

o 5 .t0 15 20 25 30 o 5 '10 15 20

Predicted Runofl (mm/day)

25 30

Predicled Runoff (mm/day)
(a)

Figure 7 .47 Comparison of observed and predicted data for Boggy Creek:
(a) Daily runoff values; (b) Maximum daily runoff in each month

(six-minute rainfall) (1, = 0.75; AR(1) = 0.60; AR(2) = 0.101 lz = 1.20).

(b)

^

o Obseryed Runoff
Predicted Runoff

-----1-----------

À

R2=o-863; E=o.a47 B2=o.B4B; E=0.941

271



Model of the Catchment Water Bolance

As previously, the Box-Cox transformation parameters ( ), and ),r) for the daily runoff and

maximum daily runoff in each month were varied. Values of )",:9.75 and 2z=1.20 were

used to improve the representation of the residuals for both responses as shown in Figure 7.48

and Figure 7.49 respectively. These values are similar to those used for the calibration with

daily rainfall in Table 7.5.

When calibration was undertaken using daily rainfall, the auto-correlation at a lag of two was

outside the 957o confidence limits for white noise. Although an AR(2) parameter applied to

the daily runoff residuals did not make a significant difference to the residuals or the

parameter values, it made a more significant difference when six-minute rainfall was used.

An AR(1) parameter equal to 0.6 and an AR(2) parameter equal to 0.1 were applied and the

results in Figure 7.50 show the auto-correlation between residuals to be within the 95Vo

confidence limits for white noise.
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Figure 7.48 Boggy Creek: Predicted daily runoff versus residual
(six-minute rainfall) (1, = 0.75; AR(l) =0.60; AR(2) =0.10; 1z =7.20)
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Figure 7.50 Boggy Creek: Auto-correlation of daily runoff residuals
(six-minute rainfall) (2, = 0.75; AR(l) = 0.60; AR(2) = 0.10; 1z = I.2O).

The parameters for the water balance model, obtained by calibrating with daily rainfall

disaggregated to a six-minute time scale were similar to those obtained from calibration using

daily rainfall alone, with both sets of parameters providing a reasonable reproduction of the

observed runoff. This suggests that parameters obtained from a calibration with daily rainfall

+ Auto-correlalion
- - - - - 95% limits on white noise
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are suitable for use in a continuous simulation where the rainfall input is at a six-minute time

scale. Therefore, further use of the catchment water balance model in this study was

undertaken with parameters calibrated using daily rainfall.

7.4 CoNcT,UoTNGREMARKS

The results from calibrating the modified Australian Water Balance Model indicate its

suitability for modelling the catchment water balance and the generation of rainfall excess for

this study. In each case, the predicted runoff replicated the observed runoff adequately and

the values of ,R2 and E in the comparison of observed and predicted daily runoff was

considered very good for this time scale. Comparison of the predicted maximum daily runoff

in a month generally showed a good reproduction of the observed runoff. Using the routing

store in the form derived in this chapter allowed better comparisons with the observed runoff,

in particular improved representation of the recession immediately following the peak.

Comparison of the results from the observed and predicted runoff for Alligator Creek and

Scott Creek at a daily time scale showed a better representation in terms of the R2 and E

than that produced by Sumner et al. (1997) for comparisons at a monthly time scale,

highlighting the success of this routing store.

The chosen Box-Cox transformation parameters were generally able to reduce the variance of
the residuals. In some cases, lower values than those chosen may have reduced the valiance

further but higher values of the Box-Cox transformation parameters were required to

adequately reproduce the higher runoff events. This was identified as impoftant for design

flood estimation, particularly for Alligator Creek and Avon River where runoff is highly

seasonal and the record contains a small number of runoff events. For the Alligator Creek

catchment these are very high-peaked runoff events. The auto-regressive models applied to

the residuals were able to generally reduce the correlation between residuals to within the

95Vo confidence limits on white noise.

The catchment watel'balance model developed hele has been shown to plovide a suitable

deterministic model for converting rainfall into rainfall excess. In addition, it has been shown

that parameters calibrated at a daily time scale are suitable for use at a sìx-minute time scale

and thus can be used in conjunction with the stochastic rainfall and evaporation model

developed in previous chapters.
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8. DESIGN FLOOD ESTIMATION USING RAINFALL EXCESS

FREQUENCY DURATION PROPORTIONS

The preceding chapters have discussed the following aspects of this study:

. the development of a stochastic rainfall model to simulate synthetic rainfall that has

the same statistical characteristics of observed data;

. the combination of the rainfall model with a stochastic evaporation model to generate

daily evaporation, conditional on the rainfall state (wet or dry), which is then

disaggregated to the same time scale as the rainfall; and

. the development of a conceptual catchment water balance model that combined with

the rainfall and evaporation inputs, produces a continuous simulation model that can

be used to generate long concurrent series ofrainfall and rainfall excess.

As introduced in Chapter l, a technique for eliminating the need to select a value of initial

loss when calculating design flood frequency distributions is being examined. This chapter

develops such a technique by examining the relationship between the Intensity-Frequency-

Duration (IFD) curves of the simulated rainfall and the Rainfall Excess-Frequency-Duration

(REFD) of the simulated rainfall excess. This relationship is then described in terms of REFD

proportions (the ratio of the REFD to the IFD) for a design event of a given duration and

Average Recurrence Interval (ARÐ. The REFD proportions enable the design rainfall to be

converted directly to design rainfall excess, in effect providing a proportional loss model with

zero initial loss. This improves the design flood estimation approach by eliminating a

sensitive input parameter, but retains the overall simplicity of use of the design method.

Validation of this approach was undertaken using the rainfall excess calculated from the

REFD proportions as input into a flood estimation model to determine a flood frequency

distribution, which was then compared with observed distributions.

Validation of this method is presented for four of the sites calibrated using the catchment

water balance model in Chapter 7, these being Alligator Creek (Queensland), Avon River

(Victoria), Boggy Creek (Victoria) and Scott Creek (South Australia). Difficulties exist in

applying this method at the other two sites because of a lack of observed rainfall-runoff

events, which are needed to effectively calibrate the flood estimation model.
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8.1 Dnvnr,opMBNT oF REFD PnopoRrIoNS FRoM CoNuxuous
Sruulanon

The stochastic rainfall and evaporation models, together with the catchment water balance

model were used to simulate 250 years of synthetic rainfall and rainfall excess data for each

study catchment. A description of the pluviograph data used for each site is provided below.

The IFD and REFD curves for the simulated rainfall and rainfall excess respectively, were

determined using the same windowing technique and frequency analysis method described in

Section 5.2. The relationship between these curves was then examined in order to establish a

means of converting the IFD to REFD during design.

8.1.1 Available Pluviograph Data

The aggregated and IFD statistics of the available pluviograph data were compared with those

of the catchment average rainfall and the Australian Rainfall and Runoff (ARR, 1987) design

IFD curves respectively. If the statistics were consistent, no adjustments to the simulated data

was required. However, the pluviograph was not always located on the catchment and in one

case it was a considerable distance away. In this instance the simulated rainfall data based on

the pluviograph record required modification to adequately reproduce the observed statistical

characteristics of the catchment average rainfall and IFD relationships.

The pluviograph data used to simulate rainfall for the Boggy Creek, Alligator Creek and Avon

River catchments required no adjustment. For Boggy Creek, a six-minute pluviograph station

is co-located with one of the daily rainfall gauges used to determine the catchment average

rainfall which is located at Whitfield (083031). This record has approximately 30 years of
data. For Alligator Creek there is a pluviograph at Townsville (O32O4O), which is located

outside and approximately 20 km from the catchment with 46 years of data. For Avon River

there is a pluviograph at Tottington (O19Ol9), which is located within the catchment and has

approximately 28 years of data.

The closest six-minute pluviograph station to the Scott Creek catchment having a reasonable

length of record, approximately 28 years of data, is at Williamstown (023163), which is

45 km from the catchment. Comparison of the statistics revealed that higher rainfall occurs at

the Scott Creek catchment than at the pluviograph site and that the IFD bursts are more

intense, particularly at higher durations. This difference was accounted for by increasing the

simulated average event intensity at higher event durations. The average event intensity was
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increased by 57o for event durations less than six hours and by 60Vo for event durations

greater than six hours. The simulated aggregated statistics were validated using the observed

statistics from the catchment average rainfall data at a daily, monthly and annual scale. In

addition to the mean and standard deviation, it was important to ensure that the dry

probability statistics were well reproduced as this significantly affects the level of initial loss.

The simulated IFD characteristics were also compared with the ARR (1987) IFD curves and

the reproduction was considered satisfactory across all burst durations for both sites. In the

absence of a more satisfactory method to generate statistically suitable six-minute rainfall at

these sites this approach was considered reasonable. A comparison of simulated rainfall and

the catchment average rainfall statistics for each site is contained in Appendix N.

8.1.2 Generation and Analysis of Rainfall Excess

The modified AV/BM catchment water balance model was then used with the calibrated

parameters from Chapter 7 to generate 250 years of synthetic rainfall excess. A frequency

analysis of this synthetic rainfall excess was undertaken using a generalised exponential

distribution (GEV) to represent the annual maxima. Figure 8.1 to Figure 8.8 show the fitted

distribution for 3 and 72 hours at Alligator Creek, 3 and 24 hours at Boggy Creek, I and 24

hours at Scott Creek and I and 72 hours at Avon River respectively. Because the synthetic

rainfall excess is only 250 years in length, little reliance should be placed on the simulated

data for ARI values greater than 100 years. Fitted distributions for all durations are shown in

Appendix N and are considered satisfactory.

8.1.3 Analysis of Rainfall IFD and REFD Distributions

In order to identify a relationship between the IFD and REFD curves, the fitted distributions

were compared. These are shown for durations of 1,3, 12,24 and 72 hours for each site in

Figure 8.9 to Figure 8.12. As can be seen, for each duration the shape of the rainfall excess

REFD curve and the rainfall IFD curve has a similar pattern for increasing ARI. Therefore,

establishing a similar relationship for all sites between the two curves appeared plausible.

The form of scaling required to transform rainfall into rainfall excess, the ratio of the REFD

curve to the rainfall IFD curve was examined for each duration. Figure 8.13 shows this

relationship for Boggy Creek. The left vertical axis shows this ratio as the proportion of

rainfall excess that will occur for a given duration. The right vertical axis presents the

relationship in terms of the amount of rainfall that will become loss. For ARIs between 5 and
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100 years, this relationship appears to be relatively constant and varies little with duration
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Figure 8.3 Boggy Creek: Fitted GEV distribution to 3 hour simulated REFD data.
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Figure 8.7 Avon River: Fitted GEV distribution to t hour simulated REFD data.
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The ratio of the curves for Scott Creek is shown in Figure 8.14. For each ARI the relationship

is relatively constant with duration and as the ARI increases from 2 to 100 years, the ratio of
rainfall to rainfall excess increases slowly. For Scott Creek and Boggy Creek, the REFD

proportions suggest the possibility of using a fixed REFD proportion for all higher ARI

design considerations. Figure 8.15 and Figure 8.16 show the curve ratios for Alligator Creek

and Avon River respectively. For these sites it can be seen that this relationship increases,

and hence loss decreases, steadily with ARI. However, for each ARI the relationship is

relatively constant with duration.

The AWBM partitions overflow from the surface stores into surface runoff and sub-surface

recharge using a baseflow infiltration index (BFI). Therefore, 1-BFI defines the maximum

surface runoff that can occur for a given rainfall event, provided the rainfall is less than

maxRain. In this latter case, a higher proportion of rainfall may become surface runoff,

although it is likely that the REFD proportions would approach 1-BFI. For Alligator Creek

(Figure 8.15) the REFD proportions are close to I-BFI at an ARI of 100 years. For Avon

River (Figure 8.16) the REFD proportions are still increasing at an ARI of 100 years and may

approach the 1-BFI level at higher ARI values.

For Boggy Creek (Figure 8.13) and Scott Creek (Figure 8.14) the REFD proportions are more

constant and conceivably may not reach the 1-BFI level even at ARIs much large than 100

years. Because the simulated rainfall excess was only 250 years in length, it was thought that

this was perhaps not long enough to gain meaningful values for ARIs of 100 years. However,

the REFD proportions from longer simulations of I 000 years for these two sites produced

almost identical results. It would appear that the surface storages are not close to capacity

prior to higher ARI events and hence more initial loss occurs during these higher ARI events

than may occur for Alligator Creek and Avon River. In these cases, there may be a maximum

proportion of the rainfall that can become runoff. In addition, if the sub-surface storages at

these sites are sufficiently reactive, a large proportion of total flow may occur by this

mechanism. Further investigation into the mechanisms that cause the higher runoff events

may be warranted.
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The amount of surface runoff is related to the storage properties of the catchment and the

levels of baseflow. Because initial loss is taken into account during continuous simulation by

the surface stores, it is clear from the generally increasing nature of the REFD proportions

with ARI that the initial loss and hence the level of surface runoff is dependent upon ARL

For smaller ARI events, the level of water is lower in the stores indicating that higher levels

of initial loss are occuring while for higher ARI events, the stores are able to hold less of the

incident rainfall and more run off occurs. In current design flood estimation the ARI of the

initial loss is not considered. However, these results suggest that it should be taken into

account.

The ratio of REFD to the rainfall IFD can be defined as a set of proportional loss-frequency

curves, which define the separation of the design rainfall into rainfall excess and infiltration,

or loss, that occurs after runoff has commenced. It was proposed that these curves could be

used in a runoff-routing model, which is effectively the equivalent of assuming a proportional

loss model for the entire rainfall burst. This approach removes the need to assume an initial

loss because it has already been taken into account within the continuous simulation of

rainfall excess and hence within the REFD curr/es. The suitability of this approach is further

examined in Section 8.3.

8.2 SnrpcrroN AND Cnuen.arloN oF A FLooo Esrur,rRuoN MoDBL

To validate the use of the proportional loss-frequency curves developed in the previous

section, a flood estimation model such as a unit hydrograph or runoff-routing model must be

chosen and calibrated. The proportional loss-frequency curves can then be used to transform

the rainfall into rainfall excess, which is then routed through the catchment to the outlet using

the chosen model. The flood frequency distribution can then be determined and compared to

the observed distribution. In this section, some of the available models are discussed,

including the one selected for use in this study. The results from the calibration of the chosen

model using observed flood events and associated concurrent rainfall data are then presented.

8.2.1 Unit-Hydrograph Methods

A unit hydrograph is defined (ARR, 1981) as the hydrograph resulting from a unit depth of

rainfall excess produced by an event of uniform intensity and specified duration occurring
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over a catchment. The unit depth is generally taken as I mm. The unit hydrograph is applied

to the rainfall excess hyetograph to estimate the hydrograph of the surface runoff. Baseflow

must then be added to produce the total runoff hydrograph. This method assumes that the

catchment response behaviour is linear. The unit hydrograph for a catchment is generally

derived from large flood events to ensure this assumption is met (ARR, 1987). Minimisation

procedures are used to derive a unit hydrograph, which involves matrix manipulation of a

series of equations to relate the ordinates of the surface runoff hydrograph to the rainfall

excess hyetograph and unit graph.

There are a number of advantages of using unit hydrographs, compared to runoff-routing

models, in that the procedure is relatively simple to apply and is based on the integrated

response of the catchment so that no assumptions are required regarding storage effects.

Alternative unit hydrographs can be derived for different types of conditions on a catchment

or for different antecedent moisture conditions. However, the method is limited to a linear

response, which is adequate fol large events on most catchments (ARR, 1987) but may not

always be a reasonable description of the actual rainfall-runoff process, particularly if large

storages such as dams or reservoirs are present within the catchment. Also, the unit

hydrograph is derived for gauging station locations, so that if a flood estimate is required at a

different location within the catchment, it must be adjusted.

8.2.2 Runoff-Routing Methods

The estimation of a flood hydroglaph by runoff-routing involves the routing of rainfall excess

through a model that represents the catchment storage characteristics. This method provides

an alternative to the use of a unit hydrograph as it is not restricted by the assumption of linear

behaviour that may result in underestimation of the peaks for major flood events (ARR,

l98l). Other advantages of runoff-routing models over unit hydrograph methods include the

use of the actual stream network, which results in a better representation of the spatial

distribution of catchment storage, and the ability to include the effects of any significant

storages such as dams or reservoirs.

Developing a runoff-routing approach involves the selection of an appropriate conceptual

model of catchment storage, development of a storage model network and the calibration of
model parameters for the catchment concerned. The complexity of these models can often

lead to difficulties in parameter estimation during calibration. The storage model network for
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a particular catchment is determined by sub-dividing the catchment into a series of sub-

catchments that contain major tributaries or reaches of the stream. Model parameters are

calibrated using available flood records and concurrent rainfall data. Discussed in the

following are a number of runoff-routing models commonly used in Australia. The output

from a model can be either the surface runoff hydrograph at the catchment outlet to which

baseflow must be estimated and added, or the total runoff hydrograph if baseflow is

incorporated into the model and is routed through the catchment storage with the rainfall

excess (ARR, 1987).

RORB

The RORB runoff-routing model (Laurenson and Mein, 1985, 1990) is widely used and

recommended for Australian design flood estimation (ARR, l98l). RORB is sttuctured so

that each sub-catchment between specified nodes of the storage model network is represented

by a non-linear concentrated storage that is assumed to have a storage discharge relationship

described (ARR, 1987; V/alsh, 1991) by the following:

S:3600kQ"' (8.1)

where:

s

O

m

k

: storage (m3);

: outflow discharge 1m3/s);

= exponent parameter; and

: empirical coefficient.

The parameter m is a measure of the non-linear behavioural properties of the catchment and

is dependent on the size of the flood plain storage. The greater this storage and the closer the

value of m is to 1.0, the closer the catchment response is to a linear system (ARR, 1987).

The coefficient k is determined for each sub-catchment by the product of a catchment

parameter (k.) applicable to the entire catchment and a relative delay time ratio (ft,)

applicable to each sub-catchment. The value of k, is the more important of the two

parameters of k when attempting to reproduce observed hydrographs. Small values of k.

will result in a decreased delay of catchment runoff and hence an increase in peak discharge

('Walsh, 1991).

Two alternative loss models are used to model loss to determine the rainfall excess
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hyetograph, an initial loss followed by either a runoff coefficient or a constant loss rate

Baseflow must be estimated separately and added to the surface runoff hydrograph.

Watershed Bounded Network Model (WBNM)

The structure of the WBNM (Boyd et al., I9l9a; 1979b;1987) is similar to RORB, but is
based on more detailed consideration of geomorphological relations. For each sub-catchment

defined within the model network, the WBNM uses a storage to route the rainfall excess to

the sub-catchment outlet and a second transmission storage to route any upstream runoff
through the catchment. Because the characteristics and delay times of each storage type is

different, the resulting model behaviour is physically realistic (ARR, 19S7). The storage used

to route the rainfall excess on a given sub-catchment is described (ARR, 1987) as:

S=KaQ (8.2)

wherc:

KB = storage parameter (hours)

: c Aot' Qu" ;

: sub-catchment area (km2);

= outflow discharge at downstream end of the sub-catchment(m3/s); and

: empirical coefficient that applies to all sub-catchments.

The corresponding transmission storage parameter ( K, ) for routing upstream runoff is equal

fo O.6Ko (ARR, l98l). Because there is only the parameter c to calibrate, ARR (1987)

considers this model easier to apply than RORB. Both models produce similar results and as

with RORB, baseflow must be calculated separately and added to the surface runoff
hydrograph.

KínDog

KinDog (Kuczera et a1.,2000) is a kinematic runoff-routing catchment model based on the

Field-Williams Kinematic Catchment Model (Field and Williams, 1983, 1987). It
conceptualises rainfall excess as Hortonian overland flow routed through a non-linear storage

into a channel. Infiltration recharges a sub-surface linear store which then simulates the

baseflow or the sub-surface event-flow process. Flow in channels is modelled using a

kinematic wave. The model incorporates both the initial loss-continuing loss and initial loss-

proportional loss models to determine infiltration. Initial loss does not infiltrate but is

A

O

C
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removed from the system. Because the model incorporates sub-surface flow, there is no need

for baseflow separation, nor to add baseflow to a design event

The parameters that require calibration relate to the following components of the model:

r channel conveyance (C, and m);

. surface supply (C- and y);

. infiltration (initial loss and continuing loss (CL) or proportional loss (PL)); and

. sub-surface supply ( C, ).

The kinematic wave approximation for flow through the channel equates the friction and bed

slopes and then uses Manning's equation to define the discharge as:

Q: K So.5 (8.3)

where:

s

K
= bed slope;

= channel conveyance 1m3/s¡

= C,A'i ;

m = channel conveyance exponent;

C, : channel conveyance coeff,rcient (¡¡(3-2'n)t-l); and

A, = flow area (m2).

The rate of surface supply ( S, ) is related to the depth of water stored on the hillslope by:

h BvJ

hr--CrBs,

C vs

where:

C, : surface supply parameter 1¡¡(l-2T)sT); and

Y : hillslope flow exponent.

The rate of sub-surface supply ( s, ) is related to the depth of the sub-surface store ( hr)bV

where

: sub-surface supply parameter (sm l); and

: width of the catchment element (m).

CI

B

(8.4)
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The different components of the model influence the ability to reproduce an observed

hydrograph in different ways. C, influences the timing of the hydrograph peak, C,, the peak

flow and C, the recession limb.

The advantages of KinDog over other established models such as RORB is that it incorporates

sub-surface flow directly and explicitly distinguishes between hillslope runoff and channel

flow. In addition, overbank flow along channels can be modelled using dffirence conveyance

relationships that may allow a more reliable extrapolation to extreme events (Kuczera, 2001).

Dis cus sion of Runoff-Routing M o dels

Runoff-routing models and unit hydrograph methods are the two main approaches

recommended in ARR (1987). Guided by this, the review options were limited to these.

However, it is also noted that there are models, such as the US Army Corps HEC-1 model,

which combine both techniques in the same model. There are a number of advantages of
using runoff-routing models over unit hydrograph methods, particularly as the arrangement of
a catchment storage network provides a realistic physical basis to take account of the

characteristics of a given catchment (ARR, 1987). Hydrographs can be determined at almost

any location within the catchment and catchment changes such as additional storages or

urbanisation can be easily incorporated. Also, the nonlinearity of catchment response can be

modelled along with the spatial variation of rainfall over a catchment. However, while the

models have an overall physical realism, they all incorporate assumed relationships (such as

the power law relation that provides for non-linear response) that may differ from observed

rainfall-runoff behaviour (ARR, 1987). Data errors can have a greater effect on a non-linear

model, especially if the design events being investigated are much larger than the events

available for calibration (ARR, 1981).

In recent design flood estimation studies, Boughton (2000a) applied a combination of the unit

hydrograph method and a runoff-routing model. Each hour of rainfall excess had its arrival at

the catchment outlet spread into a fixed pattern in the manner of a unit hydrograph. The

spatial pattern of rainfall excess was then routed to the catchment outlet using a single non-

linear concentrated storage in a form similar to Equation (8.1), to determine the hourly

hydrograph of runoff. Rahman et al. (20O1) also used a single non-linear storage model.
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8.2.3 Model Choice

Of the models discussed, the KinDog (Kuczera et a\.,2000) was chosen as the rainfall-routing

model for this study. This choice was made as this model allows sub-surface flow to be

routed through the catchment, removing the need to separate observed streamflow into surface

runoff and baseflow to calibrate the model, and the need to determine the baseflow to

generate the total runoff hydrograph. The generation of baseflow for design situations

introduces uncertainty into the appropriateness of the selected ARI of the resulting flood

event, as discussed in Section 8.3.1. The KinDog model has been tested on a number of

Australian catchments with good results (Kuczera, 2002).

8.2.4 Runoff-RoutingModel Calibration

The study catchments were each divided into a series of nodes and associated sub-catchments.

For example, Scott Creek catchment was definedby 7 sub-catchments as shown in Figure

8.17. Each node defines the upper end of the main stream length of a sub-catchment and the

drainage paths within the catchment. Node 1 defines the outlet and location of the streamflow

gauging station. Node P defines the relative position of the rainfall pluviograph. Appendix O

contains a map of each catchment, catchment layouts, sub-catchment areas, main stream

lengths and elevation of nodes.

Figure 8.17 Layout of sub-catchments in the Scott Creek catchment

For each catchment, a number of flood events with the associated high resolution pluviograph

data were used to calibrate the model with the aim of determining common, event

independent parameters for the catchment. Of the six common KinDog model parameters,

two were assumed to have fixed values for the four catchments. Kuczera (2001) recommends

that the channel conveyance exponent parameter m=7.4 and the hillslope flow exponent

P
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T=0.5 because of high correlation with C, and C, respectively. Table 8.1 shows the values

of the six common model parameters obtained for each catchment. Although the model

allows different parameters to be used for each sub-catchment, in this study the parameters

determined were applied over the entire catchment to assist with simplicity of application to

design situations.

Table 8.1 Common model parameter values obtained from concurrent calibration of events.

Alligator Creek Avon River Boggy Creek Scott Creek
Cs 0.40 0.46 1.05 0.80
v 0.50 0,50 0.50 0.50

Ce 50 990 1 800 600
PL o.43 o.28 0.54 0.34
Cr 9.00 4.10 19.0 r 0.0
m 1.40 1.40 1.40 1.40

The final KinDog parameter that needs to be calibrated is initial loss, which is event specific.

Because rainfall pluviographs are not usually located near the catchment outlet, the rainfall

event may move over the pluviograph location at a different time to when it moves over the

catchment. Therefore, a hydrograph offset adjustment factor was used to adjust the rainfall

and streamflow so that the records were concurrent. Another adjustment factor for specific

events is a rainfall multiplier, which is used to allow the event rainfall to be increased or

decreased. This may be required to address the issue of spatial variability of rainfall over a

catchment, particularly where there is a high rainfall gradient, as is the case for Scott Creek

and Avon River. Table 8.2 shows the initial loss parameter obtained and the adjustment

factors for rainfall and the hydrograph used for each catchment.

There were five flood events from the Boggy Creek catchment suitable for calibration, the

most of any site. The results from two of these events are shown in Figure 8.18 to Figure

8.19. It must be emphasised that because model parameters were obtained from the

concunent calibration of a number of events, the resulting parameters and relationships

between the observed and predicted outflow may not be as good as if each event was

calibrated independently, allowing different parameters to be found for each event. However,

as can be observed in the figures, this approach results in a set of event independent

parameters that can be used for a range of simulated events, while still providing an adequate

representation of actual events.

296



Catchment Event Initial Loss (mm) Hydrograph Offset (hrs) Rainfall Multiplier
Alligator Creek 1917 20 -2.O0 0.s7

1918 50 -4.30 1.96
1990 27 -0.75 0.55

Avon River 1913 9.0 -3.00 t.4l
1975 0.0 -5.00 o.92
l98l 8.2 -3.00 1.22
1 983 2.8 -5.00 o.94

Boggy Creek 1978 0.0 -1.15 r.00
1979 1 1.5 -1.25 1.07

1980 0.0 -1.39 0.825
1981 14.O -4;75 1.33
1983 0.25 0.75 1.23

Scott Creek 1992 8.5 -1.00 1.10
t99s(t) 25.0 -1.1 5 2.15
1995(2) 0.0 -1.46 0.98

1996 0.0 0.00 0.85

Design Flood Estimation Using Rainfall Excess Frequency Duration Proportions

Table 8.2 Event dependent parameters and adjustment factors obtained from concurrent
calibration of events.

Four flood events were available for the Scott Creek and Avon River catchments. The

calibrated parameters produce a satisfactory representation of each event, as shown for two

events in Figure 8.20 and Figure 8.21 for Scott Creek and Figure 8.22 and Figure 8.23 for the

Avon River. There were only three flood events with associated high resolution pluviograph

data for Alligator Creek. Other flood events were available in the streamflow gauging record,

but unfortunately the associated rainfall data was not satisfactory. Figure 8.24 and Figure

8.25 show the results for two of these events. Although the recession curves for this site are

not as well reproduced as for Boggy Creek and Scott Creek, the flood peaks at the Alligator

Creek gauging station are much higher and have been reproduced using the calibrated

parameters. It was considered important that these peaks were predicted adequately.

In Table 8.2,it can be seen that there were large differences in the value of the hydrograph

offset parameter between events at the same site. This may be due to a number of factors.

For tropical locations, rainfall events can be caused by a number of mechanisms including

cyclonic activity, which may result in rainfall events approaching and moving over a

catchment from varying directions. Hence, rainfall may be recorded at different intervals

relative to the actual start of each event over a catchment. The speed of rainfall events may

also be a factor, with some events moving more slowly over a catchment than others, causing

timing differences. Timing errors are another factor that is widely acknowledged to have

caused differences between the observed hydrograph trace or rainfall and the actual times at

297



Design Flood Estimation Using Rainfall Excess Frequ ency Duration Proportíons

which they occurred. These errors were particularly prevalent in the 1970s and 1980s when

chart recorders (for example, circular or strip charts) attached to clocks were used. These

clocks were not always reliable and discrepancies often occurred, pafiicularly because the

clocks were generally re-set during each site visit.
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Figure 8.18 Boggy Creek: Calibration of event from26/9/1978 to 30/9/1918
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Appendix O presents the calibration results for all events. The concurrent calibration of
events at each site was very successful and in almost all cases the predicted hydrograph

closely replicated the observed hydrograph. This suggests that the model provides a good

description of the catchment processes and that the parameters chosen were indeed able to

represent these processes for the given catchment. This latter point is related to the

differences between determining parameters for each individual event compared to the

concurent calibration. When the events for a given site were calibrated independently, the

replication of each observed hydrograph was slightly better than for the concurrent calibration

but the parameters were very different. This suggests that the parameters obtained for each

individual event may not actually be representative for a given catchment. Because the

concurrent calibration of model parameters carried out was successful, it indicates that the

method is more robust for determining actual parameters for the model and it allows better

estimates of parameters to be used for the regionalisation of the model. More importantly for
this study, the use of these common parameters with design rainfall input allow a reliable

estimate of the outflow from the catchment to be obtained for design events.

8.3 V.qlmrrroN oF THE PRopoRTroNAL Loss-FRBeUBNCy CURVES

The proportional loss-frequency curves developed in Section 8.1 are intended to be used to

transform design rainfall into design rainfall excess and associated infiltration loss. The use

of the proportional loss-frequency curves in this way makes use of the existing design flood

estimation framework but eliminates the need to estimate initial loss. To validate the use of
the curves (and associated REFD proporlions) the rainfall excess and infiltration resulting

from the use of the curves was routed to a catchment outlet using the KinDog flood estimation

model. The resulting flood frequency distribution was then compared with the observed

distribution. As with the existing design method, the flood estimation model input parameters

such as intensity, baseflow and the rainfall temporal and spatial distributions must be selected.

The choice of these flood estimation model input parameters is discussed in the following,

along with the choice of REFD proportions (from the proportional loss-frequency curves) for
each study catchment. Flood frequency distributions for each catchment are presented and the

use of the proportional loss-frequency curves is validated by comparison with the observed

distribution and that obtained using the recommended design event method and input
parameter values from ARR (1987).
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8.3.1 Design Input Parameters

In Chapter 1, the sensitivity of design flood estimation to the selected values for the input

parameters were discussed. Rainfall loss, in particular initial loss, was established as having

the second largest influence on the design flood, the first being rainfall intensity. The use of

proportional-loss frequency curves eliminates the need to assume a value of initial loss. The

effect and selection of the input values of rainfall intensity, baseflow and the spatial and

temporal distributions of rainfall are discussed in the following.

Rainfall Intensity

Rainfall intensity is the most important design input parameter because it directly determines

the maximum size of the flood event. In Australia, the design rainfall intensities presented in

ARR (1987) are generally used. However, in Section 5.2 it was shown that these intensities

are not always comparable to those obtained from long observed records, in part due to the

very few long-term six-minute pluviograph records that are available in Australia. Because

each of the pluviograph records used needed to have only a minimum of six years of data, the

assumption that this period of observation was representative of long term conditions at that

station may not have been reasonable. Walsh (1991) showed that the ARR (1987) design

intensities may underestimate the observed intensities at a range of sites in New South'Wales

and that the adequacy of the current IFD data in regions with relatively short rainfall records

needs to be addressed.

There is now up to 20 years more data available at many sites than that which was used in

deriving the rainfall intensities in ARR (1987). As such, it is likely that analysis will show

differences in estimates of intensity, particularly for higher ARIs. The continuous simulation

of synthetic rainfall records offers an alternative to using design rainfall intensities and may

provide a better estimate of the probabilities at higher ARI values. The intensities from ARR

(19S7) have been used here but improved estimates of rainfall intensities should be obtained

from a combination of longer observed pluviograph records and continuous simulation for

future work. This would provide more confidence for the use of rainfall intensities for high

ARI values in applications including the derivation of flood frequency distributions for

design.

Baseflow

Many runoff-routing models do not incorporate sub-surface event flow or baseflow and as
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such it must be estimated and then added to the surface runoff hydrograph. It is difficult to
know whether the value estimated will be ARI neutral and there is little guidance as to the

probabilities associated with the choice of value. Because the runoff-routing model used in
this study contains a sub-surface flow component, estimation of baseflow was not required.

Spatial Variabilíty of Rainfall

The rainfall IFD values assumed from ARR (1987) are applicable only at a point, although

they may be used to represent IFD values over small areas (ARR, 1987). For larger areas, it is
not realistic to assume that the same intensity can be maintained over the entire area and some

reduction has to be made. For design flood estimation the effects of areal variability are taken

into account through the use of areal reduction factors (ARF). Rahman et al. (1998)

suggested that the random nature of this variable may have a lesser effect on the results than

the effect from the random nature of other variables. In addition, due to limited data, it is
often difficult to derive its probabiliry distriburion.

ARR (1987) states that very little research has been done in the area of ARFs in Australia and

recommends values derived from the United States National Weather Service. The values of
the ARF are in the form of a depth to area ratio, which are related to catchment area and the

duration of the rainfall burst. The ARF decreases (and hence the total depth of the rainfall
burst decreases) with increased catchment area and decreased burst duration.

In this study, the catchments examined are small (less than 260 km2) and the design rainfall
IFD was estimated at a location on the mean rainfall isohyet within each catchment, allowing
the spatial variability of rainfall to be taken into account. For the study catchments with areas

less than 100 km2 the ARR (1987) ARF values are close to one for all burst durations. For the

larger of the study catchments examined, the maximum flood hydroglaph peaks for a given

ARI resulted from burst durations longer than 24 hours. Using ARR (1987), the ARF for
these burst durations and catchment areas are also close to one. Therefore, an areal reduction

factor of 1.0 was chosen for all catchments and burst durations.

Temporal Distribution of Rainfall

In Chapter 4 the influence of the temporal distribution of rainfall on design flood estimation

was discussed and shown to be important. Current design flood estimation uses a series of
temporal patterns described in ARR (1987), which are applied deterministically to the design

rainfall. Australia has been divided into eight zones on the basis of climatology with the
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boundaries generally following major drainage divides. It is assumed that rainfall patterns

within these zones are similar and a series of patterns were determined from available data in

each zone. However, these zones cover large areas, for example, Zone I ranges from the

north of coastal New South Wales to the very south of Tasmania, and it is highly unlikely that

such large regions could be classified as being climatically homogeneous (Walsh, l99I). In
addition, the databases for a number of zones are often dominated by a small number of sites,

namely the state capital cities. This may incorporate bias into the derivation of the patterns

for a particular zone. Rahman et al. (2001) showed that the chosen ARR (1987) temporal

pattern has considerable influence on the derived flood frequency distribution. The sensitivity

of these patterns and whether they are representative of observed patterns requires more

detailed investigation. An initial investigation was carried out in this study. The method used

to derive the ARR (1987) temporal patterns was used to derive at-site patterns using the six-

minute pluviograph data for each of the study sites.

The regional temporal patterns provided in ARR (1987) for design flood estìmation were

derived using the average variability method (Pilgrim et al., 1969; Cordery et al., 1984;

Kennedy et al., I99l). This procedure determines the most likely order of k periods of an

event burst within a hyetograph and then determines the average magnitude of rainfall

associated with this order.

For this study, a series of rainfall bursts for each site were selected using the following criteria

(Kennedy et a1.,1991):

(a) each rainfall burst was one of the n highest in n observed years of record;

(b) bursts were independent in time such that there was no overlap;

(c) a burst was rejected if for a duration with m periods, at least m l3 periods had an equal

rank. This occurred when a large portion of the burst had no rainfall; and

(d) the first period within the bulst had rainfall.

The series of bursts for each site were then analysed using the average variability method

procedure (Kennedy et aI.,l99l), which involves:

(a) rainfall amounts in each period of each burst being expressed as a percentage of the

total rainfall in the burst and these percentages ranked within each burst;

(b) each period number of the burst is assigned a rank using these percentages, for

example, if period 3 of a particular burst has the highest rainfall then this has rank 1;
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(c) the rank numbers for each period are averaged over the sample, for example, all the

ranks in period I are averaged;

(d) the period with the lowest average rank are designated as rank 1, the second lowest as

rankz and so on; and

(e) the average of the percentages for rank 1, rank 2 and so on calculated in part (a) are

averaged and assigned to the designated ranked period from part (d), that is, rankl,
rank2 and so on to produce the temporal distribution.

The average variability method was applied to each of the six-minute pluviograph sites used

for the study catchments, namely Whitfield, Williamstown, Townsville and Tottington. Of
these sites, only the Townsville pluviograph has been used in the derivation of the ARR
( I 987) regional patterns.

Kennedy et al. (1991) stated that the top I5Vo of the sample for each zone could be used to

estimate the temporal patterns for ARIs greater than 30 ye¿rs, as suggested in ARR (1987).

However, l007o of the sample was used to determine temporal patterns for ARIs less than 30

years, with adjustment ratios used to transform this to temporal patterns for ARIs greater than

30 years. This was done because of sample bias in that the small number of large ARI events

in the records were not able to generate realistic high ranking intensities within extreme

events (Walsh, 1991).

For durations of one hour or less, the ARR (1987) design patterns are identical for each zone.

In addition, the differences between the patterns for ARIs greater than 30 years and for ARIs

less than 30 years is small. A comparison of the one hour pattern for the study sites is shown

in Figure 8.26. It can be seen that while Williamstown and Tottington follow the general

shape of the design patterns, none overlap. The at-site patterns for V/hitfield and Townsville
are quite different. The large differences in the one hour patterns for the four sites highlights

the inadequacy of a single pattern for all one hour durations across Australia.

At-site temporal patterns were derived from the available pluviograph for a range of
durations. These were compared with the selected zonal design patterns indicated in Table

8.3 and are shown in Appendix P.
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Figure 8.26 Comparison of I hour at-site and ARR (1987) temporal patterns for all sites

Table 8.3 Regional design temporal patterns

Site Zone
Whitfield I

V/illiamstown 6
Townsville 3
Tottington 2

These comparisons show that the ARR (1987) regional patterns do not adequately describe

the observed patterns. For example, the design pattern for Whitfield should be selected from

zone 2 in ARR (1987). However, because Whitfield is close to the boundary of zones I and

2, the observed patterns were compared with design patterns from both zones to determine

which was the more appropriate pattern. The comparisons for fou¡ selected durations are

shown in Figure 8.2'7 to Figure 8.30. The patterns for 2 and 12 hour durations show that

neither zone I or 2 design patterns provide a satisfactory representation of the observed data.

Similar poor fits between the at-site patterns and the design patterns were observed for most

of the durations examined. The only exceptions were the 18 and J2bour duration patterns,

which were close to the zone 1 and zone 2 design patterns respectively. However, neither

zonal pattern can satisfactorily reproduce the observed data across a range of durations.

Because the zone I patterns were closer to the observed at-site patterns than those from zone

2, these were adopted. In addition, the zone 2 paÍtern underestimated the design flood

Whitfield
Williamstown
Townsville

- - Tottington
All Zones ARR: ARI > 30 yrs

--- All Zones ARR: ARI <= 30 yrs

.t-)-'
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significantly. Rahman et al. (2001) has also showed that the zoîe 2 temporal pattern

produced lower design floods than the zone I pattern when used for Boggy Creek.

Similar discrepancies were found between the at-site and zonal patterns for Scott Creek. For

Avon River, a number of the at-site temporal patterns were similar to those for zone 2, namely

for burst durations of 24 to 72 hours. The patterns for Townsville were similar to those for
zone 3 for a number of burst durations. However, for other burst durations, both sites

exhibited similar discrepancies to those at Scott Creek and Boggy Creek. The comparison of
temporal patterns at all sites and for all burst durations are shown in Appendix P. Walsh

(1991) showed that further investigation of the design temporal patterns is required, but that

until such time as an alternative procedure is identified that can produce superior pattern

estimation that makes full use of available data and are typical of observed rainfall, the

patterns described in ARR (1987) should continue to be used for design flood estimation.

Therefore, the ARR (1987) patterns have been used in this study.
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Figure 8.27 Comparison of 2 hour at-site and ARR (1987) temporal patterns for Whitfield.
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Figure 8.28 Comparison of 12 hour at-site and ARR (1987) temporal patterns for Whitfield.
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Figure 8.29 Comparison of l8 hour at-site and ARR (1987) temporal patterns for Whitfield.
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Figure 8.30 Comparison of '72 hour at-site and ARR (1987) temporal patterns for Whitfield.

8.3.2 Selection of Proportional Loss

The method for determining the REFD proportions and hence proportional loss in this study

was discussed in Section 8.1. Forincreasing ARIs between 5 and 100 years the proportional

loss-frequency curves appear to be approximately constant (Boggy Creek), have small

increases over this frequency (Scott Creek) or increase steadily with ARI (Alligator Creek and

Avon River), but provide a duration independent relationship. The REFD proportions used

for this study were obtained directly from these curves and are shown in Table 8.4. Although

not undertaken during this study, the similarities in the relationships between sites show the

potential to either use constant values over the ARI range of 5/10 to 100 years or to fit a

general function to the ratio of the REFD and the rainfall IFD.

Table 8.4 Proportional-loss values used for this study

ARI Alligator Creek Avon River Boggy Creek Scott Creek
1 o.72 0.84 0.84 o.96
2 o.62 0.63 0.6r 0.11
5 0.53 o.54 0.51 0.67
10 0.48 0.50 0.55 0.64
20 0.44 0.46 0.55 0.62
50 0.42 o.42 0.55 0.6
100 0.40 o.41 0.55 0.58

Observed (at site)' 
- 

Zone 1 ARR: ARI > 30 yrs
- ' ' - - Zone 1 ARR: ABI <= 30 yrs
- - Zone 2 AFR: ARI > 30 yrs

--'--'--' Zone 2 ARR: ARI <= 30 yrs

'-*+"-'
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S.3.3 Comparison of Observed and Derived Flood Frequency Distributions

The ARR (19S7) design rainfall burst for each site was converted into rainfall excess using

the REFD propofiions and then used as input into the KinDog runoff-routing model. In other

words, an IL-PL model with an initial loss equal to zero and a proportional loss equal to one

minus the REFD proportion was used as the loss model within the KinDog model. It is noted

that the REFD proportions, the design rainfall and the ARR (1987) design temporal patterns

were all obtained using rainfall burst data, which minimises any inconsistencies that may arise

from using data obtained from full events.

Rainfall events over a range of burst durations and ARI values of l, 2, 5, 10, 20, 50 and 100

years were evaluated using the model. The resulting maximum flows were compared with the

observed data and the fitted distribution to this data. The fitted distribution was obtained from

a frequency analysis of the observed annual maximum flows using either a GEV or LP3

distribution. The choice of distribution varied between sites and is shown in Table 8.5,

together with the available data, maximum observed flow and minimum observed flow.

Table 8.5 Available data for observed flood frequency distribution.

Site Number of Years Distribution Maximum Flow (m3/s) Minimum Flow (m3/s)

Alligator Creek 2s (191s - 1999) LP3 888.84 18.01

Avon River 19 (1969 - 1995)r GEV 147.06 0.78
Boggy Creek 34 (1961 - 2000) LP3 90.12 o.49
Scott Creek 31 (1970 - 2000) GEV 18.34 0.50

I Period missing: 6l'1981-6/1993.

Design flood values were estimated using the current design event approach in order to

compare the success of the methodology and whether it offers improvements. For each of

these locations, the loss model recommended in ARR (1987) is an initial loss-continuing loss

model (IL-CL). The events calibrated using KinDog with a proportional loss model were re-

calibrated using the IL-CL model. The calibrated catchment parameters and reproduction of

the observed hydrographs for each site are shown in Appendix O. To determine the design

flood frequency distribution, values recommended in ARR (1987) for the initial loss and

continuing loss parameters were used, as shown in Table 8.6.
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Table 8.6 Initial Loss-Continuing Loss model parameters (Source: ARR, 1981).

Site Initial Loss (mm) Continuin g Loss (mm/hr)
Alligator Creek 25 2.5

Avon River 20 2.5
Boggy Creek 20 2.5
Scott Creek 25' 4.01

' Vulu"t recommended for Summer. Winter values are smaller and produced higher design flood values than
those for Summer

The flood frequency distribution derived from the REFD proportions is shown for Boggy

Creek in Figure 8.31 and shows a good relationship to the fitted distribution between an ARI
of 10 to 100 years. While it would be desirable to also reproduce the flood frequencies at

ARIs lower than 5 years, the more important levels for flood estimation are in this higher

range. The derived flood frequency values using the IL-CL model and the ARR (1987)

parameters and method is slightly higher than that derived from the REFD proportions.

Figure 8.32 shows the flood frequency distribution derived for Scott Creek and Figure 8.33

for Avon River. In both cases the distributions lie within the confidence limits of the fitted
distribution. More importantly, the derived flood frequency values using the IL-CL model

and the ARR (1987) parameters and method are significantly higher for high ARI and

generally outside the confidence limits of the observed flood frequency distribution. This

suggests that the REFD proportion method provides an improved estimate of the flood
frequency distribution over the current ARR (1987) recommended approach

Figure 8.34 shows the results for Alligator Creek. While the derived distribution is lower
than the fitted distribution (observed) it is still within the confidence limits for this

distribution. One of the common difficulties in validating derived distributions is the limited
length of observed flood data. In the case of Alligator Creek there has only been one very

large event in 25 years, which causes the fitted distribution to be significantly higher than it
would otherwise be without this point being included. However, even though the derived

distribution is lower than the observed data, the derived flood frequency values using the IL-
CL model and the ARR (1987) parameters and method are significantly lower again. This

again suggests improvement in design flood estimation by using the REFD approach.
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Figure 8.31 Boggy Creek: Comparison of derived flood frequency curve using REFD
method with results from at-site flood frequency analysis and derived flood

frequency values using IL-CL method.
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Figure 8.32 Scott Creek: Comparison of derived flood frequency curve using REFD method
with results from at-site flood frequency analysis and derived flood

frequency values using IL-CL method.
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Figure 8.33 Avon River: Comparison of derived flood frequency curve using REFD method
with results from at-site flood frequency analysis and derived flood

frequency values using IL-CL method.
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Figure 8.34 Alligator Creek: Comparison of derived flood frequency curve using REFD
method with results from at-site flood frequency analysis and derived flood

frequency values using IL-CL method.
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8.4 CoNcr,uuNG REMARKS

Rainfall loss, in particular initial loss, is an important and influential parameter in determining

the magnitude of design floods. The technique developed in this study directly converts

design rainfall into rainfall excess thereby eliminating the need to define initial loss. The ratio

of the frequency distribution of rainfall excess (REFD), generated using a continuous

catchment water balance simulation, to the frequency distribution of the rainfall input (IFD)

for the four study sites, had a similar trend with increased ARI and generally the ratio was

independent of duration. Two obvious patterns were observed. For Boggy Creek and Scott

Creek the ratio appeared to be relatively constant, increasing only marginally between an ARI

of 5 and 100 years, suggesting that the use of a constant value of the REFD proportion may be

used for higher ARI considerations. For Alligator Creek and Avon River the ratios increased

steadily with ARI, which is likely to require the ratio to be described using a mathematical

function dependent on ARI. An option is a bi-linear function with fixed values for the REFD

proportion at ARIs of 2, I0 and 100 years.

The ratio of the REFD to the rainfall IFD can be defined as a set of proportional loss-

frequency curves, which define the separation of the design rainfall into rainfall excess and

infiltration/loss that occurs after runoff has commenced. Using these curves as part of the

KinDog runoff-routing model (Kuczera et a|.,2000) is effectively the equivalent of assuming

a proportional loss model for the entire rainfall burst. This approach removes the need to

assume a value of initial loss, as it has already been incorporated within the continuous

catchment simulation. This was tested by calibrating the KinDog model using a number of

events and determining a set of common catchment parameters, rather than calibrating the

model to a single extreme event. The suitability of the common parameters were verified and

found to be able to adequately reproduce the individual observed events.

The derived flood frequency distribution 'was then determined using the proportional loss-

frequency curves in conjunction with the curuent ARR (1987) design rainfall IFD. Initial

comparisons of the ARR (1987) temporal pattern data with at-site temporal patterns, derived

using the same average variability method from observed pluviograph data, showed the

regional patterns are a poor representation and that further investigation is required. For this

study, given the current absence of further information, the ARR (1987) design patterns were

used. The derived flood frequency distributions were then validated using observed flood

frequency data. For each site examined, the derived flood frequency distribution fitted well

315



Design Flood Estimation Using Rainfall Excess Frequency Duration Proportions

within tbe 9OVo confidence limits of the observed distribution for ARIs greater than 10 years,

and inside or just outside the confidence limits for ARIs less than 10 years. This

demonstrated the potential for the overall approach of this study. In addition, the derived

flood frequency distribution using the REFD proportions provided an improved estimate of
the flood frequency distributìon over the current design event method recommended in ARR
(1e87).

If the approach for design flood estimation described in this section is to be used, it is

important that it is easily regionalised. It may be possible to establish a relationship between

catchment characteristics and the REFD proportions. If such a relationship could be

established this would enable the definition of proporlional loss-frequency curves for generic

catchment types, which would further assist the design process. The availability of these

curves for key catchment areas in Australia will greatly improve the accuracy of the current

design methodology. At present, the major difficulty in some locations is a lack of available

data. However, as the level of data increases, regionalisation of this approach should be

straightforward.
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9. CONCLUSIONS AND RECOMMBNDATIONS

9.1 Ovnnvrnw

Determining the potential flood risk through design flood estimation is often required for the

planning, design and construction stages of many engineering infrastructure projects. While a

number of methods are available to determine a design flood, limited streamflow data

throughout Australia has led to a probabilistic rainfall-based design event method being used

for this purpose (ARR, 19S7). Although this method is reasonably straightforward to use,

there are difhculties associated with determining input parameter values for the key rainfall

and runoff variables needed to successfully transform a rainfall event of a given Average

Recurrence Interval (ARI) to a design flood of the same ARI. This study was initiated by the

desire to address the selection difficulties for one of the key input parameters, initial loss,

through the development of an alternative approach to engineering design flood estimation.

The selection of an initial loss value can have a significant effect on the determination of the

design flood, with the curuent design method relying heavily on the judgement of the

individual applying the method. This alternative approach used continuous simulation

techniques to establish a relatìonship between design rainfall and rainfall excess, thereby

eliminating the need to select a value of initial loss.

To undertake continuous simulation a suitable rainfall model was needed. Available research

on stochastic rainfall models repolted difficulties in obtaining a model that could effectively

reproduce the statistical properties of observed rainfall, particularly the intense rainfall bursts,

over a range of time scales (refer Chapter 2). To overcome these reported difficulties, a

rainfall model was also developed as part of this study.

This chapter initially discusses the successful development of this rainfall model, together

with associated evaporation and catchment water balance models used to undertake the

continuous simulation. Current limitations in the new models are identified, and

recommendations for further research are proposed. The chapter concludes with a discussion

of the overall success of the proposed alternative design flood estimation methodology.

3t7



Conclusions and Recomme ndcttion.ç

a

9.2 Srocnasrrc RATNFALL SrrvlurnrroN MoDEL

9.2.I Summary

The review of potential models for continuous simulation of rainfall focussed on previously

reported and validated results, data requirements and effects of missing data, and parameter

estimation and calibration techniques. This review did not identify a model suitable for the

continuous simulation undertaken in this study and a new stochastic model was accordingly

developed.

The model is based on an alternating renewal process with intra-event disaggregation through

a conditional random walk on a dimensionless mass curve, with:

the inter-event time and event duration distributions modelled using a generalised

exponential distribution with the kernel defined using a combination of the generalised

Pareto and power law distributions (refer Section 3.4);

the average event intensity modelled by a generalised pareto distribution, with the

parameters of this distribution related to the mean and standard deviation of the average

event intensity conditioned on duration. A broken line function was developed to relate

the mean and standard deviation of average event intensity to the event duration, to enable

modelling of the observed conditional relationship; and

the temporal distribution of intra-event rainfall modelled as a self-similar process with
rainfall traces determined by the random combination of determined jumps and intra-event

dry periods. A truncated log-normal distribution was used to represent the rainfall jumps,

conditioned on the current position within the mass curve, with a combination of the

uniform and beta distributions used to model the intra-event dry periods.

a

a

9.2.2 Conclusions & Recommendations

The synthetic lainfall generated by the stochastic model developed in this study provided a

good representation of observed rainfall over a range of climatic regions. It also successfully

reproduced Intensity-Frequency-Duration (IFD) statistics and aggregated statistics at a range

of time scales, and ìmportantly these measures were not used during model calibration. While
the validation showed that for a few sites some of the aggregated statistics suggested that
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improvements to the model could be pursued, the synthetic data produced for all sites was

considered satisfactory. In particular:

the selected distributions for the inter-event time and event duration were satisfactory,

with monthly calibrated parameters producing better results than the application of

harmonic variations to account for seasonal variability;

a

a

a

a

the conditional nature of average event intensity and event duration, which is discussed in

Section 3.5.2, was successfully modelled using parameters calibrated to monthly data.

The simulated rainfall adequately replicated the observed marginal distribution and

aggregated statistics over a range of time scales for a number of sites. The only exception

was in the tail of some of the monthly marginal distributions. However, generally less

than 0.I percent of the total events for each month lie in the tail;

the monthly model of average event intensity was generally successful although

improvements to the method of calibrating the parameters defining this distribution is

warranted. Calibration involved the need to manually determine breakpoints to describe

the conditional relationship between average event intensity and event duration (Section

3.5). An added difficulty was introduced with the data from some of the locations having

a small number of events over a series of months;

A probabilistic approach to the disaggregation of total event rainfall was considered

essential, as this allowed the joint probability of the intra-event rainfall distribution with

other rainfall producing variables to be accounted for. The assumption of self-similarity

was reasonable as a first approximation for the distribution of intra-event rainfall at the

sites examined. However, if a stronger dependence upon duration is observed for a

particular site, then a self-affine approach similar to Menabde and Sivapalan (2000) could

be investigated;

comparisons of simulated and observed average event profiles showed the self-similarity

property to be well produced up to a dimensionless depth of 0.7. Between this point and

the end of the event discrepancies were observed, which are possibly attributable to the

parabolic functions used to represent the conditional jumps. The parabolic function for

the standard deviation of the allowable jump range decreases significantly as the

dimensionless depth approaches one, resulting in insufficient variability for the jumps in

this range. This results in small jumps and a flatter trace than that observed in the

a
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historical record. Also, the dimensionless depth remaining at a dimensionless time of 0.9

must fall before 1.0, causing this portion of the curve to be steeper than the observed

record. However, the validated results of the overall model do not suggest this adversely

affects the synthetic rainfall record. The jump model was therefore considered reasonable

for this study;

the random assignment of the dry periods within the wet periods for each event is thought

to have led to the simulated one hour lag-one auto-correlation aggregated statistics not

being representative of the observed values (although statistics at other time scales were

reasonably reproduced). An option for improving the correlation between successive

intervals within an event could be achieved through the use of an auto-correlation function

similar to that used by Acreman (1990);

o

a

a the shorter and longer duration IFD were adequately reproduced, giving confidence in the

appropriateness of the disaggregation procedure and the model of average event intensity,

although at some sites the IFD cun¿es for durations of 72 hours were underestimated

compared to the historical record. The suggested improvements for the at/erage event

intensity model (below) should provide improved reproductions of the IFD curves for

higher durations; and

the mean, standard deviation and dry probability aggregated statistics were generally well
produced at a range of time scales; nevertheless for some sites, the need to incolporate

inter-annual variability into the model is suggested by an underestimation of the standard

deviation of annual rainfall, and hence the ability to closely reproduce the observed

rainfall variability.

Seasonal Variations

Strong seasonal variations in the inter-event time and event duration data was a characteristic

of many of the study sites. Together with the monthly calibrated model, the use of harmonic

variation of these parameters was also investigated. While the harmonic models produced

statistically preferable models using criteria such as BIC and AIC, they were not able to

adequately reproduce the observed distributions over a variety of time scales as well as the

monthly models. As the main focus for model calibration and validation was goodness of fit
and not parsimony, the monthly models were adopted.
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The trade-off in selecting the monthly model is an increased number of parameters, which is

not significant if they can be easily estimated. However, if there are strong seasonal

variations within particular months, such as during changes in seasons, these will not be

reproduced by a monthly model. For the study sites, the parameters for the monthly models

were easily estimated, although calibration did become difficult for tropical locations where

the observed record contained months with few recorded events during the dry seasons.

Theoretically, an harmonic model should be able to overcome this. However, the extent of

the seasonal variation over the year was so great, due to the vastly different rainfall patterns in

the wet and dry seasons, that the harmonic model could not provide a superior representation.

A more robust method of representing seasonal changes in tropical areas, where limited data

is available or to reduce the number of parameters, may be investigated if a more rigorous

analysis of tropical areas is required.

Strong seasonal variations in the average event intensity data were also observed at many

sites. Harmonic variations were applied to the parameters of the straight line functions to

overcome these variations, but they were then not able to reproduce the extreme differences in

average event intensity between seasons at some sites. Using monthly values often led to

difficulties in defining the function over a range of event durations, and on some occasions

one or two observed events introduced a bias that was reflected through the simulation. This

resulted in higher than expected average intensities. An investigation into a more general

function to define the conditional relationship is recommended.

Dependency of Average Event Intensity and Event Duration

The incorporation of the dependence between event duration and average event intensity was

crucial in reproducing the observed Intensity-Frequency-Duration (lFD) distributions. By

their nature IFD distributions used for design purposes incorporate a dependence between

rainfall intensity and duration. As such, the reproduction of these distributions is an important

property for any synthetic rainfall series that is to be used for design flood estimation. 'When

this dependency was not included, the model generated unrealistic combinations of average

event intensity and duration and the IFD distributions were not able to be reproduced.

Disaggregation of Total Event Raínfall

It was observed that similarity in the model parameters for both the distribution of rainfall

jumps and intra-event dry periods between varied climatic regions offers significant potential
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for regionalisation and application of the approach to areas with limited or no data.

Comparison of ARR (1987) IFD Curves

Discrepancies were observed between IFD curves determined from actual pluviograph data

and those from ARR (1987). Because of the importance and widespread use of the ARR
(1987) IFD intensities for engineering design, further investigation into their accuracy is

recommended.

9.3 Srocnmrrc EvApoRATroN SrruurtuoN MoDBL

9.3.1 Summary

The combination of rainfall and evaporation models to generate concurrent data at a six-

minute time scale has not been extensively undertaken by researchers. To achieve this in this

study, a lag-one Markov model for generating synthetic daily evaporation was combined with
a disaggregation model, with:

daily evaporation parameters dependent on the evaporation on the previous day, the

rainfall state (wet or dry) of the current and previous days and the time of year;

a Wilson-Hilferty (1931) transformation to reproduce observed skewness in the daily
values; and

the disaggregation of the simulated daily evaporation to a six-minute times scale based on

the method by Fleming (1972), which utilises two functions describing clear and cloudy

days to distribute the total evaporation. A day with rainfall was classifred as cloudy and

one with no rainfall as clear.

9.3.2 Conclusions & Recommendations

The stochastic model of evaporation, in conjunction with the stochastic model of rainfall, was

successful in simulating daily evaporation ancl disaggregating this over the year. In particular:

the simulated evaporation statistics adequately replicated the observed statistics over a

range of time scales, which indicated that the evaporation model was satisfactory and that

the rainfall model was able to reproduce an appropriate number of wet and dry days;

a

a
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the Priestley-Taylor (1912) method provided an appropriate option for calculating

potential evaporation at daily time scales in Australia, particularly in the absence of wind

data;

a comparison between observed pan and calculated potential evaporation showed them to

be generally proportional, which means that each method can effectively be used

interchangeably for a measure of evaporation in calibrating a water balance model; and

using an alternative equation for the surface routing store;

using daily estimates of evaporation instead of monthly averages;

while improvements to the observed underestimation of monthly and annual standard

deviations could be further investigated, the results were consistent with those shown by

Srikanthan and McMahon (1985) and were adequate for this study.

9.4 C¡TCHvTBNT WATER BALANCB MODBL

9.4.1 Summary

A number of water balance models currently used in Australia were reviewed in terms of

published results, ease of parameter estimation and physical realism. It was noted that for

most of these models, calibration and validation against observed runoff has been generally

carried out at a monthly time scale. While this may be acceptable for studies solely involving

yield, a smaller time scale is required for design flood applications. In fact, many of the

published parameters are only suitable for use at monthly time scales as they do not produce

the shape and peaks of observed hydrographs when comparisons to observed records are

made at a daily scale. Rather than develop an entirely new model, the most flexible of those

examined, the Australian Water Balance Model (AWBM) was chosen and modified to

enhance its suitability for use at daily and sub-daily time scales. These enhancements

included:

incorporating an explicit calculation of the size of the soil stores and partial areas as

opposed to using an average soil store capacity;

a

a

a using an evaporation multiplier to transform pan evaporation to actual evaporation; and
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a

a

a

a

9.4.2 Conclusions & Recommendations

The results of the calibration of the modif,red AWBM indicated its suitability for modelling

the catchment water balance and generating the simulated rainfall excess for this study. In
particular:

the use of the alternative routing store allowed a better reproduction of the observed

runoff, especially the representation of recessions immediately following peaks. This was

particularly important for smaller catchments having a fast runoff response;

the use of daily evaporation improved the representation of this important component of
the water balance, as there are often large variations in daily values, particularly when

seasons overlap;

assigning a daily maximum infiltration volume.

the evaporation multiplier allowed a better use of the pan or potential evaporation from a
site that may not be on the catchment or if the spatial variability over the catchment was

large;

the incorporation of a daily maximum infiltration volume provided a reasonable first step

to allow a better representation of higher runoff events. One of the common deficiencies

with many catchment water balance models is an underestimation of peak flows,

particularly at sites where there are few observed high level flows. V/hile the use of a

maximum infiltration volume did improve the representation, it did not fully fix the

underestimation problem. This requires fufther investigation to ensure the peak flows are

adequately reproduced, as this directly affects the resulting relationship between simulated

rainfall and rainfall excess. Underestimation of the peak flows and hence overestimation

of the amount of rainfall that becomes rainfall loss, may lead to an underestimation of the

derived flood frequency curve;

the values of the coefficient of determination ( R2 ) and the coefficient of efficiency ( E ) in

the comparison of observed and predicted daily runoff indicates the predicted lunoff
adequately replicates the observed runoff. A comparison of observed and predicted runoff

at a daily time scale showed a better representation in terms of R2 and E than some of
the published results achieved based on comparisons made at a monthly time scale, which

a
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a

a

a

a

a

highlights the success of the alternative surface routing store;

a comparison with the predicted monthly maximum daily runoff generally showed a good

reproduction of the observed flows;

the Box-Cox transformation applied to the residuals of both the daily runoff and monthly

maximum daily runoff was generally successful in reducing the variance of the residuals

and provides a better estimation of parameters. In some cases, a higher value of the Box-

Cox \ parameter was required to adequately reproduce the higher runoff events. This

was identified as important for design flood estimation, particularly where runoff is highly

seasonal and there are a small number of high-peaked events;

the addition of Auto-Regressive (AR) parameters was able to successfully limit the

correlation between residuals of the daily runoff sequence to within 95Vo confidence limits

of white noise, which allowed an improved estimation of parameters and fit to the

observed data;

calibration using disaggregated daily rainfall to a six-minute time scale produced very

similar parameters to those obtained using the daily rainfall. This indicated that the daily

calibrated parameters could be used to adequately represent the catchment water balance

at time scales less than a day. The assumption was made that the daily calibrated

parameters were suitable for use at a six-minute time scale and hence could be used with

the stochastic rainfall and evaporation models that were developed; and

no seasonality in catchment response was taken into account when calibrating the lumped

catchment water balance models; this was in part to limit the number of parameters

required during calibration. However, if catchment conditions such as groundcover

change dramatically over the year, which may affect the levels of runoff that occur during

season changes, then a means of accounting for seasonality may be needed. By using a

seasonal approach to some parameters an improvement in the fitting of the peak flows

may be achievable. This requires investigation, although the resulting addition of further

parameters is not recommended without confirming that the necessary data is available to

calibrate these models.
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9.5 Arrnnxrrrvn Dnsrc¡q Fr,oon EsrrvlnuoN MBTHoDoLocy

9.5.1 Summary

As outlined in Chapter l, many researchers have discussed the limitations of the design event

approach for flood estimation and have identified that the probabilistic behaviour of input

parameters such as rainfall duration, temporal pattern, losses and baseflow are not well

considered. As such, there is uncertainty surrounding the assumption of equalitybetween the

rainfall input and flood peak exceedance probabilities. The use of joint probability analysis

or continuous simulation methods to determine flood frequency distributions has the potential

to overcome many of the existing limitations. However, these methods are time and resource

intensive and do not retain the simple approach of the cuffent estimation techniques, which is

an important aspect for routine design applications. The approach developed in this study

utilises the potential of continuous simulation but at the same time fundamentally retains the

design application advantage of using the simple design event approach.

Rainfall loss, in particular initial loss, is an important and influential parameter in determining

the magnitude of design floods (refer Chapter l). Little guidance is available for the selection

of appropriate values to use. Continuous catchment water balance simulation models

eliminate the need to estimate this loss because it is accounted for within the model structure,

as rainfall is transformed into rainfall excess. The technique developed in this study utilises

continuous simulation and its explicit accounting of loss to determine a relationship between

rainfall and rainfall excess for design. The methodology of this study involved:

the continuous simulation of rainfall and evaporation inputs into a model of the catchment

water balance from which rainfall excess is generated;

comparing the frequency analysis of the rainfall input (IFD) and the frequency analysis of
the rainfall excess output (REFD) to obtain a ratio of these quantities (REFD proportions),

which have similar trends with increased ARI and a ratio generally independent of
duration;

using the REFD proportions as a set of proportional loss-frequency curves to describe the

separation of the design rainfall into rainfall excess and infiltration/loss that occurs after

lunoff has commenced for use in a flood estimation model;

a

a
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From the examination of the results obtained by using the alternative design methodology for

design flood estimation proposed in this study it was concluded that:

. the use of the proportional loss-frequency curves improves on the current techniques that

require an estimation of initial loss by allowing the direct conversion of design rainfall,

which is usually in the form of IFD curves, into design rainfall excess thereby eliminating

the need to define initial loss;

at the sites examined in this study, the derived flood frequency distribution was well

within lhe gOVo confidence limits of the observed distributions, which demonstrates the

potential for the alternative design flood estimation approach;

a

a

a

a

C o nc lus io ns and R e c o mmendatio ns

combining the flood estimation and proportional loss-frequency curves with current ARR

(1987) design rainfall IFD and temporal pattern information to derive flood frequency

distributions; and

validating the design flood frequency distributions against observed flood frequency data.

the similar trends in the relationship between the REFD proportions with ARI at the sites

examined suggest a potential for easy and widespread application. For two sites the ratio

appeared to be relatively constant, increasing only marginally between an ARI of 5 and

100 years, suggesting that the use of constant values of REFD proportions may be used

for higher ARI considerations. For the other two sites the ratios increased steadily with

ARI, suggesting a mathematical function could be used to describe the ratio. A possible

option is a bi-linear function with fixed values for the REFD proportions at ARIs of 2,70

and 100 years;

the REFD proportions were generally independent of duration, in that the relative amount

of rainfall loss during a two hour burst with an ARI of 50 years is the same as that lost

during a J2 hour burst with the same ARI. This means that a single value or function for

the REFD proportions for a particular ARI can be applied for each site, rather than a series

of values to accommodate varying burst durations. This significantly improves the ease of

application and suggests the possibility for regionalisation;

the KinDog runoff-routing model proved to be an efficient tool for deriving flooda
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frequency distributions. Concurrently calibrating the model with multiple events

prevented any single event significantly influencing the parameters and enabled the

selection of palameters that were more representative of the catchment, rather than

individual events. This gave confidence for use in simulating rainfall excess while still
being able to adequately represent each individual observed event;

the uncertainty as to the preservation of the ARI due to any joint probability between

baseflow and other input parameters was reduced by using a flood estimation model that

incorporates a sub-surface flow component. If a runoff-routing model that does not

incotporate sub-surface flow is used, then an investigation into the probability distribution

of baseflow needs to be undertaken to determine the effect on preseruing the ARI; and

a

while this study used the ARR (1987) temporal patterns, a comparison of these patterns

with actual at-site temporal patterns, derived using the same average variability method

used in ARR (1987), showed that the regional patterns ale a poor representation and that

further investigation is required to develop a more appropriate temporal distribution.

Fundamentally, it is unrealistic to assume that patterns derived for a large region

containing different climatic conditions will be representative of the temporal patterns for
individual sites. Cordery et al. (1984) states that the average variability method is an

effective tool that could be used to generate consistent and logical temporal patterns for
design. However, from the initial investigation in this study it is recommended that it is
best used where actual at-site data is available. Alternatively, the use of a probabilistic

temporal pattern may be investigated as a robust alternative. ARR (1987) provides two

temporal patterns for ARIs less than and greater than 30 years for a number of burst

durations. However, the neutrality of these patterns during the transformation of rainfall
to rainfall excess can not be assumed. Although deterministic temporal patterns are

desirable for routine design, continuous simulation offers the potential to generate pattems

for which the probability can be determined and should be investigated further.

The alternative design flood estimation methodology developed in this study has shown

considerable promise in terms of providing a more reliable design flood estimation technique.

Establishing a relationship between catchment characteristics and the REFD proportions has

been considered but not examined. If such a relationship could be established this would

enable the definition of REFD proporlions or proportional loss-frequency curves for generic

catchment types, which would further assist the design process. A sensitivity analysis of the
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use of a constant value for the proportional loss needs to be undertaken. If, for sites where the

relationship is relatively constant, using a fixed value across a range of ARIs has little effect

on the derived flood frequency distribution, the potential for translation to catchments with

limited data but similar hydrologic properties is increased. The availability of these curves for

key catchment areas in Australia will greatly improve the accuracy of the current design

methodology.
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Addendum

Abstract
. Page iii, second sentence

The ratio of the IFD and REFD is more correctly stated as the ratio of the REFD and IFD.
Chapler I
. Section 1.2.3, before last sentence

Add 'Because the primary aim of the thesis was to eliminate the joint probability problem associated with
initial loss estimates when using a rainfall-based flood estimation techniques, other specifìc techniques for
estimating flood peaks at sites where there are no or limited streamflow records, such as, regionál flood
frequency methods were not evaluated. .'

. Section 1.3.3, end of paragraph2
Add 'Limited research in this area has been applied to Australian catchments. Blazkova and Beven (Iggl)
and Cameron et al. (1999) showed the potential of the approach by using an hourly stochastic rainfall model
and the TOPMODEL rainfall-runoff model to predict flood frequency distnbutions for a number of
European catchments.'

. Page 20,endof parugraph2
Add 'Field and williams (1983; 1987) also used the phillip (19s7) model.,

. Page 33,paragraph 3, second sentence
Change to 'Due to numerous deficiencies in the curent knowledge of atmospheric physics, attempts to
deterministically model rainfall have met with limited success (Cho, 1985; Cowpertwaiq l9ltU;.,

Chapter 2
. Section 2.6.3,pa5e 59, end of paragraph 1

Add 'A key criterion is whether the data contains sufficient information for the estimation of the parameters
required.'

Chapter 3
. Page 65, at end offirst sentence

Add 'Standard checks for homogeneity were undertaken to ensure the data was of a good quality.,
. Page 96, aîter Equation (3.21), modi$r sentence 2 to read

'A reasonable estimate was considered (Press et al., 1992) to be ...,
. Page 96, to the end of the paragraph following Equation (3.21)

Add 'A value of seven for ofac was chosen from recommendations in Press et al. (1992).'
. Page 97,end ofparagraph 1

Add 'The Nyquist frequency is the frequency atwhich a signal must be sampled so that it contains complete
information about all spectral components (Press et a1.,1992).,

. Page 101, last paragraph, after second sentence
Add'These are model formulations in which the solution of a model with /+1 parameters also contains
the solution of a model with f parameters, the latter referred to as the null hypothesis.'

. Page 103, after second sentence
Add 'The AIC criterion is widely used and incorporates mean log-likelihood estimates as a measure of fit.'

. Section 3.4.l0,page 105, afterparagraph2
Add'A monthly model has 48 parameters, which is equivalentto an harmonic model with22 harmonics.
Increasing the number of harmonics increases the difficulty in calibration (because they must be calibrated
simultaneously) and as such calibration of a model with this many harmonics was not undertaken. Even
though the monthly model has a significant number of parameters, they are easily estimated because four
parameters only are being calibrated at any onc time, to a subset of the total clata.'

. Section 3 .5 .4, page 1 1 1, after paragraph I
Add 'It is also apparent that the variability of the average event intensity decreases with event duration, due
in part because of the small number events at higher event durations. The nature of rainfall generation is
also less likely to lead to long duration events with high intensities.'

Chapler 4
. On Figure 4.5,page 735,

'Outliners' should be 'Outliers'.
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Chapter 6
. Section 6.l.2,page 191, reword last sentence to read

'An opposing ui"*, put forward by Veihmeyer and Hendrickson (1955), is that " ''
. Section 6.3.4,page 198, replace the frst sentence with

,The wet environment model of Morton (1933) is a better alternative to the Penman-Monteith model

because its data requirements are less demanding''

. Page 205, after paragraPh2
Add ,The use of *nrttin" hours for the calculation of potential evaporation has also shown to be a

reasonable alternative to the use of radiation data by a number of authors including Chiew and McMahon

(1ee1).'
. Section 6.6.l,page 2ll, addthis paragraph belore the last paragraph

,The WGEN stoóhastic daily weàth"i-õ¿"t (Richardson and V/right, 1984) uses a first order Markov Chain

model to generates rainfali, maximum and minimum temperatwe and solar radiation. Because of the

limited solar radiation data available to calibrate this model, it was not considered further as a model to

generate stochastic evaporation.'

Chapter 7
. Þug" 233,lasttwo sentences of paragraph 1, change to

.From this initial investigation, tfr"-ewgM was found to produce superior results. Although structural

deficiencies in the AWBM have been shown (Bates and campbell, 2001), with an identified potential for

improvement to obtain a suitable relationship between observed and predicted streamflow hydrographs, this

model was chosen.'
. Equation 7.3 on Page235

RE should have the units mm/daY'
Change 'l : time step in hours.' to't: time step in days''

. Page 235,paragraph2,replace last sentence with
,The use of ,E'. was consiãered satisfactory because it improved the calibration and required the addition of
only one parameter.'

Chapter 8
. Page 296,after lastParagraPh

Add ,The concurrent calibration was achieved by using all the available events to form a single objective

function. This was then optimised to determine the best parameter values using the SCE method.'

. Section 8.2.4,page 302, after first sentence,
Add ,Mass conservation checks were performed for each of the observed and predicted hydrographs shown

in Figures g.1g to g.25 and were within the 0.95 < RC < 1.05 range specified in Bates et al. (1991), where

,RC is the runoff coefficient''

Chapter 10
Add references:
. Bates, 8.C., Sumner, N.R. and Ganeshanandam, S. (1991), 'Calibration of nonlinear surface runoff models:

Caution!,. International Hydrotogt and I4/ater Resources Symposium, Perth, Westem Alu:stralia, 2-4

October, 1991. The Úrstitution of Engineers, Australia'

. Bates, B.C. and Campbell, E.p. (2001), 'A Markov chain Monte Carlo scheme for parameter estimation and

inference in conceptual rainfall-runoff modelling. Water Resources Research,3T(4),937-948'

. Blazkova, S. and Beven, K. (lgg7),'Flood frequency prediction for data limited catchments in the Czech

Republic using a stochastic rainfall model and TOPMODEL'. Journal of Hydrology,195,256-278'

. cameron, D.S., Beven, K.J., Tawn, J., Blazkova, S. and Naden, P. (1999), 'Flood frequency estimation by

continuous simulation fo. u guug"d upland catchment (with uncertainty)'. Journal of Hydrologt,2l9,169-
t87.

. Richardson, C.W and Wright, D.A. (1984), 'WGEN: A model for generating daily weather variables''

Report No. ARS-8, Agriculture Research Service, United States Department of Agriculture.






