
 

 

http://researchspace.auckland.ac.nz 
 

ResearchSpace@Auckland 
 

Copyright Statement 
 
The digital copy of this thesis is protected by the Copyright Act 1994 (New 
Zealand).  
 
This thesis may be consulted by you, provided you comply with the 
provisions of the Act and the following conditions of use: 
 

� Any use you make of these documents or images must be for 
research or private study purposes only, and you may not make 
them available to any other person. 

� Authors control the copyright of their thesis. You will recognise the 
author's right to be identified as the author of this thesis, and due 
acknowledgement will be made to the author where appropriate. 

� You will obtain the author's permission before publishing any 
material from their thesis. 

 
To request permissions please use the Feedback form on our webpage. 
http://researchspace.auckland.ac.nz/feedback 
 

General copyright and disclaimer 
 
In addition to the above conditions, authors give their consent for the 
digital copy of their work to be used subject to the conditions specified on 
the Library Thesis Consent Form and Deposit Licence. 
 

Note : Masters Theses  
 
The digital copy of a masters thesis is as submitted for examination and 
contains no corrections. The print copy, usually available in the University 
Library, may contain corrections made by hand, which have been 
requested by the supervisor. 
 



Department of Civil and Environmental Engineering 

The University of Auckland 

New Zealand 
 

Watershed Scale Climate Change 
Projections for Use in Hydrologic Studies: 

Exploring New Dimensions 
 
 
 
 
 
 

Muhammad Zia ur Rahman Hashmi 
 

January 2012 
 

 

 

 

 

Supervisor: Assoc. Prof. Asaad Y. Shamseldin 

Co-Supervisor: Prof. Bruce W. Melville 
 

 
 

 
 
 

A thesis submitted in fulfillment of the requirement for the degree of Doctor of 
Philosophy in Civil Engineering, The University of Auckland, 2012. 



 

i 

Abstract 

Global Circulation Models (GCMs) are considered the most reliable source to provide the 

necessary data for climate change studies. At present, there is a wide variety of GCMs, 

which can be used for future projections of climate change using different emission 

scenarios. However, for assessing the hydrological impacts of climate change at the 

watershed and the regional scale, the GCM outputs cannot be used directly due to the 

mismatch in the spatial resolution between the GCMs and hydrological models. In order 

to use the output of a GCM for conducting hydrological impact studies, downscaling is 

used to convert the coarse spatial resolution of the GCM output into a fine resolution. In 

broad terms, downscaling techniques can be classified as dynamical downscaling and 

statistical downscaling. Statistical downscaling approaches are further classified into 

three broad categories, namely: (1) weather typing; (2) weather generators; and (3) 

multiple regression-based. For the assessment of hydrologic impacts of climate change at 

the watershed scale, statistical downscaling is usually preferred over dynamical 

downscaling as station scale information required for such studies may not be directly 

obtained through dynamical downscaling. 

Among the variables commonly downscaled, precipitation downscaling is still quite 

challenging, which has been recognised by many recent studies. Moreover, statistical 

downscaling methods are usually considered to be not very effective for simulation of 

precipitation, especially extreme precipitation events. On the other hand, the frequency 

and intensity of extreme precipitation events are very likely to be impacted by envisaged 
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climate change in most parts of the world, thus posing the risk of increased floods and 

droughts. In this situation, hydrologists should only rely on those statistical downscaling 

tools that are equally efficient for simulating mean precipitation as well as extreme 

precipitation events. There is a wide variety of statistical downscaling methods available 

under the three categories mentioned above, and each method has its strengths and 

weaknesses. Therfore, no single method has been developed which is considered 

universal for all kinds of conditions and all variables. In this situation there is a need for 

multi-model downscaling studies to produce probabilistic climate change projections 

rather than a point estimate of a projected change. 

In order to address some of the key issues in the field of statistical downscaling research, 

this thesis study includes the evaluation of two well established and popular downscaling 

models, i.e. the Statistical DownScaling Model (SDSM) and Long Ashton Research 

Station Weather Generator (LARS-WG), in terms of their ability to downscale 

precipitation, with its mean and extreme characteristics, for the Clutha River watershed in 

New Zealand. It also presents the development of a novel statistical downscaling tool 

using Gene Expression Programming (GEP) and compares its performance with the 

SDSM–a widely used tool of similar nature. The GEP downscaling model proves to be a 

simpler and more efficient solution for precipitation downscaling than the SDSM model. 

Also, a major part of this study comprises of an evaluation of all the three downscaling 

models i.e. the SDSM, the LARS-WG and the GEP, in terms of their ability to simulate 

and downscale the frequency of extreme precipitation events, by fitting a Generalised 

Extreme Value (GEV) distribution to the annual maximum data obtained from the three 

models. Out of the three models, the GEP model appears to be the least efficient in 
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simulating the frequency of extreme precipitation events while the other two models 

show reasonable capability in this regard. Furthermore, the research conducted for this 

thesis explores the development of a novel probabilistic multi-model ensemble of the 

three downscaling models, involved in the thesis study, using a Bayesian statistical 

framework and presents probabilistic projections of precipitation change for the Clutha 

watershed. In this way, the thesis endeavoured to contribute in the ongoing research 

related to statistical downscaling by addressing some of the key modern day issues 

highlighted by other leading researchers.  
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Chapter 1. Introduction 

1.1. Climate Change 

The long-term change in the mean state of the weather is referred to as climate change. 

The current climate of the earth has changed a great deal since the last century, and this 

change is escalating due to an increase in concentrations of greenhouse gases (GHGs). 

These gases are believed to be the principal cause of ‘global warming’ and are produced 

mainly because of anthropogenic reasons (IPCC, 2007). The fourth assessment report of 

the Intergovernmental Panel on Climate Change (IPCC), recently released (IPCC, 2007), 

has indicated a projected rise in global mean temperature of 1.8 °C to 4.0 °C by the end of 

this century. 

The change in the mean state within a certain climatic period is referred to as climate 

variability, which is more detrimental than climate change (Hulme et al., 1999; Katz and 

Brown, 1992). Both climate variability and change can lead to severe impacts on major 

sectors of the world, such as water resources, agriculture, energy, tourism etc., and in turn 

almost all other sectors linked to these will suffer dreadful consequences. For this reason 

climate change is considered to be the biggest challenge faced by mankind in the 21st 
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century. Scientists all over the world are making efforts to devise means for the 

assessment of its anticipated impacts and working out mitigation and adaptation 

strategies. 

1.2. Spatial Downscaling 

The three-dimensional numerical models used for simulating the climate system are 

called Global Circulation Models (GCMs). Usually in any climate change related study, 

GCMs are the starting point, as these provide the necessary data for such an investigation. 

At present, there is a wide variety of GCMs, which can be used for future projections of 

climate change using different greenhouse gas emission scenarios (Nakicenovic and 

Swart, 2000). However, for assessing the hydrological impacts of climate change at the 

watershed and the regional scale, the GCM outputs cannot be used directly due to the 

mismatch in the spatial resolution between the GCMs and hydrological models. In 

principle, hydrological models run on a very fine spatial resolution (in the order of tens of 

kilometres, or even less) while the GCMs have spatial resolutions in the range of 

hundreds of kilometres. In order to use the output of a GCM for conducting hydrological 

impact studies, downscaling is used. It is simply a process of converting the coarse spatial 

resolution of the GCM output into a fine resolution which can involve generating 

point/station data of a specific area by using the GCM climatic output variables. In broad 

terms, downscaling techniques can be classified as dynamical downscaling and statistical 

downscaling. 
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1.3. Motivation of the Thesis 

Although, the two broad classes of spatial downscaling, i.e. dynamical and statistical, are 

considered equally popular for regional scale climate change impact assessment (e.g. 

Christensen et al., 2007), studies involving investigation of the hydrologic impacts of 

climate change usually employ the use of one or more statistical downscaling methods 

(Khan et al., 2006). This is mainly because these studies require quick results and work 

with low budgets. On the other hand application of the dynamical downscaling usually 

requires huge computational resources, making such studies time-consuming, and so 

demands a high budget. Furthermore, hydrologic impact assessment is generally carried 

out at the watershed scale, which requires station scale information of climatic variables 

that may not be directly obtained through dynamical downscaling. So the advantages 

statistical downscaling can offer over dynamical downscaling make it a popular choice 

for hydrologic modellers interested in the assessment of climate change impacts. 

Climatic variables commonly downscaled are temperature, precipitation, humidity, solar 

radiation etc. Among these variables, precipitation downscaling is still quite challenging, 

which has been recognised by many recent studies (e.g. Wilby et al., 2004; Rowan, 2007; 

Benestad et al., 2008; Maraun et al., 2010). Moreover, statistical downscaling methods 

are usually considered to be not very effective for simulation of precipitation, especially 

extreme events of precipitation (Wilby et al., 2004). On the other hand, the frequency and 

intensity of extreme precipitation events are very likely to be impacted by envisaged 

climate change in most parts of the world (IPCC, 2007), thus posing the risk of increased 
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floods and droughts. In this situation, hydrologists should only rely on those statistical 

downscaling tools that are equally efficient for simulating means as well as extreme 

precipitation events. Thus, there is indeed a need for testing the available statistical 

downscaling tools for their ability to simulate extreme climatic events, especially 

precipitation (which is highly complex in nature and difficult to model) at the watershed 

scale. 

Statistical downscaling approaches can be classified into three broad categories, namely: 

(1) weather typing; (2) weather generators; and (3) multiple regression-based. There is a 

wide variety of statistical downscaling methods available under any of these three 

categories, and each method has its strengths and weaknesses. So no single method has 

been developed which is considered universal for all kinds of conditions and all climatic 

variables. In this situation there is a need for multi-model downscaling studies specially 

using some probabilistic framework (Fowler et al., 2007) that takes as input the outputs 

of more than one downscaling model to produce weighted combined probabilistic change 

projections rather than a point estimate of a projected change. 

1.4. Objectives 

The thesis aims to investigate the ability of some of the contemporary statistical 

downscaling techniques in dealing with extreme precipitation and possibility of 

producing a probabilistic multi-model ensemble of outputs obtained from different 

downscaling models at a hydrologically relevant spatial scale. 
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The specific objectives of this thesis study are: 

1. To evaluate the suitability of two well-known statistical downscaling models i.e. 

Statistical DownScaling Model (SDSM) and Long Ashton Research Station 

Weather Generator (LARS-WG) for precipitation downscaling in a selected 

watershed through analysis of mean as well as extreme characteristics of daily 

precipitation 

2. Development of a novel, simpler and more efficient statistical downscaling model 

using Gene Expression Programming (GEP) and evaluation of its performance in 

terms of analysis of mean as well as extreme characteristics of daily precipitation 

3. Development of a probabilistic multi-model ensemble of statistical downscaling 

models using a Bayesian statistical framework and evaluation of its performance in 

terms of the probabilistic projections of precipitation change obtained for the study 

watershed. 

The current issues related to the field of downscaling motivated this thesis to aim at 

watershed scale precipitation downscaling, involving only statistical downscaling 

methods. It includes the evaluation of two well established and popular downscaling 

models in terms of their ability to downscale mean as well as extreme precipitation events 

in a selected watershed in New Zealand. It also presents the development of a novel 

statistical downscaling tool as a simpler and more efficient solution for precipitation 

downscaling than a widely used tool of a similar nature. Also, a major part of this study 

comprises an evaluation of all three downscaling models, in terms of their ability to 
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simulate and downscale the frequency of extreme precipitation events, based on the 

application of a parametric distribution. Furthermore, the research conducted for this 

thesis explores the development of a probabilistic multi-model ensemble of the selected 

downscaling methods using a Bayesian statistical framework to produce probabilistic 

projections of precipitation change in the study watershed. 

1.5. Thesis layout 

This thesis has been structured in the following way; 

Chapter 1 presents a brief introduction of the research area, i.e. climate change and 

statistical downscaling. It also briefly discusses some current issues in this area as a 

motivation for this study. In the end, the specific objectives for the thesis are drawn, and 

the structure of the thesis is presented. 

Chapter 2 first provides an overview of the science of climate change, climate change 

simulations and climate change scenarios. Then it attempts to review the findings of 

different studies (especially from IPCC) related to observed and anticipated climate 

change at global scale and also for the New Zealand region. Discussion then converges 

on the regional and local estimation of the climate change projections, and some past 

studies related to downscaling research are reported. Finally, the gaps in current research 

in the area of statistical downscaling of precipitation, and rationale of this thesis study 

based on the literature review, are defined. 
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Chapter 3 gives the overview of the selected study site by describing it in terms of its 

geographical location and the hydrological features of the watershed in terms of climate 

and hydrology. It also describes the nature and sources of different types of data used in 

this thesis project and presents the summaries of the data. 

Chapter 4 presents the downscaling experiments for the study watershed using the two 

most widely used downscaling models, and also a detailed discussion on the processes 

involved and results obtained. First it elaborates the calibration, validation and 

downscaling results of one of the two models presented in this chapter, i.e. SDSM. 

Following a similar pattern, it then describes the calibration, validation and downscaling 

results of the second model, i.e. LARS-WG. 

Chapter 5 presents the theoretical background and development of the GEP downscaling 

model as a new downscaling tool. It is followed by the calibration, validation and 

downscaling results of this downscaling model and a detailed discussion of them. It also 

discusses the comparison of the GEP downscaling model with the SDSM model to show 

the advantages and disadvantages of this new downscaling tool as compared to a similar, 

popular and widely used method, i.e. SDSM. 

Chapter 6 deals with the evaluation and comparison of the three downscaling models 

used in this thesis study on the basis of the precipitation frequency analysis results 

obtained for the three models. Firstly, it describes the process of deriving the annual 

maximum data from the daily outputs of the three downscaling models for the analysis 

performed in this study. Then, theoretical details regarding the frequency analysis, using 

selected parametric distribution, are provided. Finally, the frequency analysis results 
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obtained for each of the three models are explained, and evaluation and comparison of 

the ability of the three downscaling models is presented. 

Chapter 7 presents the novel development of a probabilistic multi-model ensemble using 

a Bayesian statistical framework to produce probabilistic projections of precipitation 

change using outputs from the statistical downscaling models used in this study. It starts 

with stating the need for this study with the help of the published work related to this 

research area and referring to the recommendations made by some recent studies. It then 

describes the specific methodology of this study, which comprises of formulation of the 

Bayesian statistical framework, derivation of the required data sets, application of the 

Bayesian statistical framework to the problem of the study watershed, and strategy for the 

results analysis. Finally, results and discussions are presented which comprise an analysis 

of the precipitation change projections produced by the three downscaling models 

individually and the probabilistic projections obtained from the multi-model ensemble of 

these three downscaling models. 

Chapter 8 summarises all the results and discussions of this thesis study by drawing 

specific conclusions about different aspects of statistical downscaling research addressed 

in the thesis. It contains conclusions related to the downscaling performed using two 

well-known methods, evaluation of the GEP as a novel downscaling tool, frequency 

analysis of extreme precipitation events and probabilistic multi-model ensemble 

projections obtained using a Bayesian statistical framework. In the end, it also presents 

some recommendations for the advancement of research in the field of precipitation 

downscaling.
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Chapter 2. Literature Review 

This chapter provides a review of the literature relevant to the study presented in this 

thesis. Firstly, it encompasses the concepts related to climate change and assessment of 

its regional impacts on water resources. Then it discusses the area of statistical 

downscaling of precipitation and some of the related contemporary issues. Finally, it 

summarises the literature review including the key research issues in the area of statistical 

downscaling of precipitation which are further explored in this thesis study. 

2.1. Introduction 

Climate of a particular region in the world is defined as the average statistical 

characteristics of the meteorological parameters such as temperature, precipitation, 

humidity and wind speed over a long period of time which according to the World 

Meteorological Organization (WMO) is set as 30 years (IPCC, 2007). The earth is a part 

of the solar system in which the sun is the source of heat energy required for life on the 
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planet. As the sun is continuously radiating heat energy, so there exists a complex natural 

phenomenon to help the earth and its lower atmosphere maintain an optimum 

temperature. This phenomenon is known as ‘greenhouse effect’ which is discussed in 

detail in the next section. 

2.2. The Greenhouse Effect 

The sun is responsible for the heat energy required for the existence of life on earth. It 

radiates its energy to earth in the form of visible light which passes through the 

atmosphere and reaches the surface of the earth. A major part of this energy is absorbed 

by the earth to maintain its temperature, while the remaining part is either reflected from 

the earth’s surface or from clouds in the upper atmosphere. When the temperature of the 

earth surface rises due to the absorption of the incoming solar energy, it starts radiating it 

back as infrared radiations. These radiations cannot pass through, and they are absorbed 

by the molecules of some of the atmospheric gases, causing a rise in temperature of those 

gases. These gases are known as greenhouse gases (GHGs) and include carbon dioxide, 

methane, chlorofluorocarbons (CFCs), water vapours and ozone. The heated gases then 

start radiating energy in all directions, including radiation back to the earth’s surface as 

well as the space above the atmosphere; the clouds also reflect the earth’s radiated energy 

back to it. This phenomenon is known as the ‘greenhouse effect’ which has been 

illustrated with the help of Figure 2-1. As the name ‘greenhouse effect’ indicates, it is 

analogous to man-made greenhouses. A greenhouse, in fact, is a small garden within a 

house with its roof and walls made of glass or a similar transparent material acting in the 
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same fashion as GHGs in the atmosphere. These specially made houses are used to grow 

plants in an environment in which temperature and humidity can be kept under control by 

trapping the desired amount of solar radiation. 

Hence, the absorption of some part of the sun’s radiated energy by the earth and radiation 

and the reflection of the remaining part of this energy help maintain a natural balance to 

keep the earth and the atmosphere just above it warm enough for a normal life on the 

earth. 

2.3. Enhanced Greenhouse Effect and Climate Change 

As explained previously the presence of GHGs is mainly responsible for the greenhouse 

effect. Thus, its extent is dependent on the concentration of these gases in the 

atmosphere. As their concentration rises, the amount of radiated energy from their 

molecules also rises, causing a rise in the temperature (above the previous normal value) 

of the earth as well as the lower atmosphere. Concentrations of GHGs can vary due to 

some natural and/or anthropogenic (human influenced) causes. 

The natural causes of variation in the concentration of GHGs (i.e. historical change in 

climate) include (IPCC, 2001): 

 volcanic eruption resulting in the release of GHGs to the atmosphere 

 solar activity resulting in changes in radiated energy 
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 variation in the orbit of the earth around the sun causing changes in the earth’s 

exposure to the sun’s radiated energy. 

 

Figure 2-1. The Greenhouse Effect (Source: http://www.environmentalsociety.ca 

/issues/climate /saskatchewan.html). 

The main human activities causing increase in the concentrations of GHGs include: 

 burning of fossil fuels producing GHGs and giving rise to their concentrations in 

the atmosphere 

 land-use change, e.g. deforestation, causing reductions in the use of CO2 by plants, 

consequently causing an increase in the atmospheric CO2 concentration 

 Cement industry, a source of releasing GHGs to the atmosphere. 

In recent years, the concentration of GHGs has been reported to be increasing at a much 

faster rate than ever, mainly due to anthropogenic reasons (IPCC, 2007) causing a steep 
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rise in the earth’s temperature. In general terms, this steep rising trend of the earth’s 

temperature is referred to as ‘global warming’. Due to this abnormal rise in the 

temperature of the earth as well as in the lower atmosphere, our world is facing changes 

in all the associated features such as precipitation, humidity, sea level, glacier volume etc. 

This change is referred to as ‘climate change’. Hence, climate change is in fact a reaction 

to an action called global warming. 

2.4. Climate Change Simulation 

The reported evidence of global warming and climate change urged the scientific 

community across the world to conduct studies for gauging the extent of the problem and 

its likely impacts, and devising mitigation measures. The main tool used in such studies is 

a Global Climate Model (GCM), also known as General Circulation Model or Global 

Circulation Model. These are essentially three-dimensional numerical models that 

attempt to simulate the response of the earth’s climate system to the changing 

concentrations of GHGs (Figure 2-2). The climate system is made up of different 

components such as atmosphere, cryosphere, biosphere and oceans. Many different 

processes within these components and the interactions between these processes govern 

the climate of the earth. In the GCMs, the components of the earth’s climate system are 

represented by a three-dimensional grid over the globe and multiple vertical layers as 

shown in Figure 2-3, (a) and (b). To simulate the interactions between different 

components of the climate system they solve the basic thermodynamics and physics 

equations. Typically, current GCMs have horizontal resolution (spacing between the grid 
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points) in the order of hundreds of kilometres, 10 to 20 vertical layers in the atmosphere 

and up to 30 layers in the oceans (IPCC, 2011). A GCM that can incorporate atmosphere 

to ocean interactions is called coupled atmosphere-ocean GCM or simply AOGCM.  

In a climate change simulation using an AOGCM, the driving forces of GHG emissions 

are set to vary with time on the basis of an emission scenario. Initial conditions are set 

according to the current or ‘baseline’ climate and an AOGCM is run (Figure 2-2). 

Changes in the key climatic variables are then investigated by their comparison between 

simulated present and future climates.  

 

Figure 2-2. A simplified flow diagram of a GCM climate change simulation. 

Despite recent technological and computational developments across the world, the 

horizontal resolution of the GCMs is still very coarse relative to the scale of regional 
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impact assessment studies (e.g. DOE, 1996). The coarse resolution of the GCMs can be 

realised in Figure 2-2b, which shows that even a big country like Australia is covered by 

ten GCM grid cells. 

Moreover, the coarse horizontal resolution of GCMs limits their ability to accurately 

model any process whose extent is less than a single GCM grid cell, e.g. processes 

involved in the hydrological cycle (Wilby et al., 1999). 

2.5. Climate Change Scenarios 

Future changes in the concentrations of GHGs depend upon the magnitude of their 

emissions from their sources (these sources are mentioned in Section 2.3) to the 

atmosphere. The magnitude of these emissions depends upon certain factors, such as 

demographic development, socio-economic development and advancement, as well as 

change on technological fronts (Nakićenović and Swart, 2000). These factors are also 

known as ‘driving forces’ for GHG emissions. The estimation of these emissions in 

advance is usually based on future emission scenarios. A future scenario can be seen as a 

realistic, plausible, sound and consistent illustration of future atmospheric conditions 

based on the expected changes in the behaviour of the driving forces for GHG emissions.  
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Figure 2-3. A conceptual diagram of a coupled ocean-atmosphere GCM (BoM, 2003).  (a) 

Vertical model layers; (b) spatial grid of the GCM.  

(a) 

(b) 
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These future scenarios are used in the robust assessment of the extent of climate change, 

estimation of its likely impacts and the development of suitable mitigation and adaptation 

strategies. The development of these scenarios is a rigorous and multi-dimensional 

process. It involves thorough understanding of the driving forces, their continuous 

assessment, application of multiple modelling approaches, and participation and feedback 

of the wider community (Nakićenović and Swart, 2000 and Girod, 2009). The IPCC has 

been developing such scenarios of future GHG emissions since 1990 (Nakićenović and 

Swart, 2000), e.g. Scientific Assessment 90 (SA90) scenario, IPCC Scenario 92 (IS92) (a 

to f) scenarios and the latest IPCC SRES scenarios (Girod, 2009). The IPCC SRES 

scenarios are discussed in detail in the next section. 

2.5.1. SRES Scenarios 

The future projections presented in the first IPCC assessment report released in 1990 

were based on the IPCC SA90 scenario. This was the first ever attempt in the 

development of emission scenarios. Later, a set of six alternative scenarios (IS92 a to f) 

were released by the IPCC in a supplementary report to its first assessment report. 

Among these six scenarios, the IS92a scenario was considered a standard emission 

scenario (Nakićenović and Swart, 2000). Hence, this scenario was widely implemented 

by the scientific community during the last decade of the 20th century. However in 1996, 

the IPCC-1992 scenarios were re-evaluated by the IPCC (IPCC, 1996) and replaced by a 

new set of scenarios. These new scenarios were released in the IPCC’s Special Report on 

Emission Scenarios (SRES) in 2000. These scenarios were based on the advancements in 
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understanding the nature of driving forces as well as modelling approaches (Nakićenović 

and Swart, 2000). SRES scenarios consist of four different basic storylines, each 

describing the state of a future world in its own way. The storylines are based on the 

relationships among different driving forces of emissions and their evolution over a 

certain period of time. Each storyline projects the developments in demography, society, 

economics and technology differently and forms a set of scenarios called ‘family’. The 

four basic scenario families, each based on one of the four storylines, are: A1, A2, B1, B2 

and are illustrated in Figure 2-4. A categorisation of the IPCC scenarios in terms of the 

level of GHG emissions is presented in Figure 2-5. All four SRES storylines are 

described in detail in the following paragraphs. 

A1 Storyline: This is a more global and more economic scenario. It sees the future world 

as rapidly growing in economy and technology, and global population is 

declining. Much reduced regional differences in terms of per capita income. 

The A1 scenario family further divides into three different sub-groups each 

based on its different direction of development in energy system 

technology. These groups are A1F1, A1T and A1B. A1F1 sees a future 

world with intensified and widespread use of fossil fuels. A1T sees the 

world as shifted towards non-fossil energy sources, while A1B assumes that 

the world will achieve a balance across all sources.  

A2 Storyline: This is a more regional than global scenario and is more concerned about 

economic growth than environmental issues. According to this storyline, the 

future world is not a global village any more. Regional efforts for self-
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sufficiency and preservation of regional identity make it a very 

heterogeneous world. Global population is increasing at a fast rate and the 

economy is growing very slowly. Technological change is also slower than 

in any other storyline. 

B1 Storyline: This is a more global than regional scenario and considers the environment 

to be more important than economic growth. Similar to the A1 storyline, 

global population declines as every region is thinking globally. 

Technological changes are swift and towards environmentally friendly 

technologies. The world has come together to work out global solutions for 

sustainable economy, society and environment to achieve equity in per 

capita income. 

B2 Storyline: This is a more regional than global scenario and considers the environment 

to be more important than economic growth. Global population is increasing 

at a rate slower than A2. Regional efforts are developing local solutions for 

sustainable economy, society and environment. Technologies are changing 

but less rapidly than in the B1 and A1 storylines, and differently across the 

world. Economic growth is region-oriented and has an intermediate nature 

among all the storylines. 
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Figure 2-4. Layout of four SRES storylines (source: http://www.bom.gov.au/info/climate 

/change/gallery/74.shtml). 

 

Figure 2-5. Grouping of IPCC emission scenarios (represented by different colours) on the 

basis of cumulative emissions for the 1990-2100 period (Nakićenović and Swart, 2000) (GtC 

= Gigatonnes of carbon). 
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2.6. Climate Change in the 21st Century –IPCC AR4 

Findings 

The United Nations’ IPCC released its latest assessment report in 2007 called ‘AR4’ 

(fourth in the series of IPCC assessment reports). It presents the up-to-date levels of GHG 

emissions, changes in global temperature and many other associated climatic features. A 

summary of the main findings of this report is provided in the following sections. 

2.6.1. Observed Climate Change 

Based on the updated record of the climatic observations, including atmospheric 

concentrations of GHGs and advancement in understanding the climate system, AR4 has 

noted a sharp rising trend in GHG concentrations. The facts and figures related to the 

GHG emissions presented in AR4 have been summarised in Table 2-1. 

Table 2-1. Summary of changes in concentration of GHGs as reported by AR4 (IPCC, 

2007). 

GHG Concentration 
in year 2005 

Pre-industrial 
concentration  

Natural range 
for the last 
650,000 years

Primary source 

Carbon 

dioxide 

379 ppm 280 ppm 180-300 ppm Fossil fuel use, 

land-use change 
Methane  1774 ppb 715 ppb 320-790 ppb Agriculture, fossil 

fuel use 
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GHG Concentration 
in year 2005 

Pre-industrial 
concentration  

Natural range 
for the last 
650,000 years

Primary source 

Nitrous 

oxide 

319 ppb 270 ppb - Agriculture 

 

The third assessment report (TAR) (IPCC, 2001) noted a warming (rise in the global 

average temperature) of 0.60 °C in the 100-year period before the publication of this 

report. This figure has been updated as 0.74 °C in AR4. The rise in global average 

temperature has affected the frequency of temperature-related extremes, e.g. hot days, hot 

nights and occurrence of heat waves has increased as compared to cold days, cold nights 

and events of frost. A description of the phenomena used to assess the climatic extremes 

in the IPCC assessment reports (derived from IPCC (2007)) is presented in Table 2-2. In 

the list of the 12 warmest years since the start of instrumental records in 1850, 11 years 

come from the current period of 1995–2006 which shows how quickly things have 

changed during the last two decades. Moreover, the warming rate in the Arctic in the last 

100 years is double the rate at which the global average temperature is rising. 

Table 2-2. Description of terminology related to climatic extremes used in the IPCC AR4 

(IPCC, 2007). 

Phenomenon used to assess an extreme IPCC Definition 

Cold days/nights and frost days Percentage of days with temperature 

(maximum for days, minimum for nights) 

not exceeding some threshold, either fixed 
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Phenomenon used to assess an extreme IPCC Definition 

(frost days) or varying regionally (cold 

days/cold nights), based on the 10th 

percentile of the daily distribution in the 

reference period (1961–90). 

Hot days/nights See low-temperature days/nights, but now 

exceeding the 90th percentile. 

Frost spells Episode of several consecutive low-

temperature days/nights. 

Heat waves Episode of several consecutive high-

temperature days/nights. 

Cool seasons/warm seasons Seasonal averages (rather than daily 

temperatures) exceeding some threshold. 

Heavy precipitation events (events that 

occur every year) 

Percentage of days (or daily precipitation 

amount) with precipitation exceeding 

some threshold, either fixed or varying 

regionally, based on the 95th or 99th 

percentile of the daily distribution in the 

reference period (1961–90). 

Rare precipitation events (with return As for heavy precipitation events, but for 
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Phenomenon used to assess an extreme IPCC Definition 

periods greater than ~10 yrs) extremes further into the tail of the 

distribution. 

Drought (season/year) Precipitation deficit or Palmer Drought 

Severity Index (PDSI) (Wells et al., 

2004). 

Ocean temperatures are also reported to be increasing. The effect of this increase can be 

observed up to a depth of about 3,000 m. This is mainly as the ocean absorbs almost 80% 

of the total heat that the climate system receives. The rate of the global average sea level 

rise for the period 1961–2003 is about 1.8 mm per year, whereas during the last decade of 

this period (1993–2003) it is about 301 mm per year, and the total rise in the global 

average sea level is about 170 mm. 

As far as precipitation changes are concerned, observations show that some parts of the 

world are experiencing significant increase in precipitation and some parts are suffering 

from more intense droughts. A summary of findings related to the observed precipitation 

changes documented in the IPCC (2007) is presented below. 

Generally, during the last 100 years (1900–2005) precipitation has increased over regions 

situated north of 30 °N. On the other hand, it has mostly decreased over the tropics since 

the 1970s. The overall global precipitation trend over the past 100 years has not been 

statistically significant, although it has shown wide variability among regions and over 

time. 



Chapter 2 

 

 

25 

A significant increase in precipitation has been observed in eastern parts of North and 

South America, northern Europe and northern and central Asia, while the opposite is true 

for regions such as the Sahel, the Mediterranean, southern Africa and parts of southern 

Asia. The freshening of mid- and high-latitude waters indicates that more precipitation is 

occurring over the oceans. On the other hand, increased salinity in low-latitude waters 

implies reduced precipitation and/or more evaporation. 

During the past century, heavy precipitation events have become more frequent in many 

parts of the world. Similarly, drought frequency has also increased since the 1970s, and it 

is significant in the tropics and subtropics as compared to the other parts of the world. 

On the basis of the observations (summarised above) regarding changes in global average 

temperature, global precipitation, global average sea level and the melting of snow covers 

across the world (Figure 2-6 shown on the next page), AR4 affirms that warming of the 

climate system is ‘unequivocal’. 
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Figure 2-6. Observed global trends. The solid black lines represent decadal averages of 

values; the circles indicate plotted annual values and the blue shaded regions represent 

reasonable uncertainty resulting from these discrepancies (IPCC, 2007). 
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2.6.2. Observed Climate Change for the New Zealand Region 

According to the IPCC’s fourth assessment report (IPCC, 2007), ‘Since 1950, there has 

been 0.3–0.7 oC warming across the Australia/New Zealand region as a whole with more 

heat waves, less frosts, more rain in southwest New Zealand, less rain in north-eastern 

New Zealand and a rise in sea level of about 70 mm.’ 

A summary of the observed climate change across the New Zealand region recently 

reported by the National Institute of Water and Atmospheric Research (NIWA), New 

Zealand (NIWA, 2008) is presented below. 

 A rise of about 0.9 oC has been observed in the average New Zealand temperature 

in the past 100 years. 

 Number of observed frost days has reduced across the country. 

 Measured annual mean growth rate of atmospheric CO2 over two parts per million 

(seven times higher than it was in the 1970s). 

 A rise of 4.9 parts per million in annual mean growth rate of methane (CH4). 

2.7. Future Projections of Climate Change 

Climate change projections presented in AR4 are much improved over those presented in 

the TAR (IPCC, 2001) due to the availability of a huge variety of climate models, a large 

number of simulations and more observed data. Many different realisations of the future 
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were simulated using multiple models and different future scenarios, e.g. SRES 

scenarios, in order to accomplish a plausible range of anticipated changes related to the 

climate system.  

Future projections of AR4 regarding the two key attributes of the climate system for the 

period 2000–2100 have been summarised in Table 2-3. These cover all four basic SRES 

storylines, and the range specified for the A1 scenario family covers the ranges for A1F1, 

A1T and A1B scenario groups (Nakićenović and Swart, 2000). 

Table 2-3. Projected change up to the year 2100 in average global temperature and mean 

sea level based on SRES scenarios (IPCC, 2007). 

Attribute 
SRES Scenario 

A1 B1 A2 B2 

Rise in the  average 

global temperature (°C) 

1.4–6.4 1.1–2.9 2.0–5.4 1.4–3.8

Rise in mean sea level 

(cm) 

20–59 18–38 23–51 20–43

 

Figure 2-7 shows the plot of the future projections of global surface warming with 

uncertainty ranges based on the SRES scenarios reported in AR4. 
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Figure 2-7. Future projections of global warming up to the year 2100 on the basis of the 

SRES scenarios. Global surface temperature projections for IPCC Scenarios. Shading 

denotes the ±1 standard deviation range of individual model annual averages. The orange 

line is constant CO2 concentrations at year 2000 values. The grey bars at right indicate the 

best estimate (solid line within each bar) and the likely range (IPCC, 2007). 

Snow cover and Arctic and Antarctic sea ice have been projected to shrink in area. It is 

likely that the frequency of extreme events related to hot weather and precipitation will 

increase; similarly, the intensity of tropical cyclones will be greater. 
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2.8. New Zealand Climate Change Projections 

Future projections of climate change for the New Zealand region shown in Figures 2-8 

and 2-9 have been recently published as a guideline document for local governments of 

New Zealand (NIWA, 2008; and Ministry for the Environment (MfE), 2008a). These 

projections are based on statistical as well as dynamical downscaling of the simulations 

of eight GCMs (used in the IPCC AR4) under six SRES scenarios, i.e. B1, B2, A1T, 

A1B, A2 and A1F1. The statistical downscaling methodology adopted for the 

development of these projections was originally developed by Mullen et al. (2001). The 

dynamical downscaling has been performed using NIWA’s regional climate model (Drost 

et al., 2007). A summary of these projections is presented below.  

 A rise in average New Zealand temperature (about 1 oC by 2040 and 2 oC by 2090) 

for a mid-range scenario, i.e. SRES B1. 

 Large decrease in the number of frost days around the centre of the North Island 

and in the South Island. 

 Significant increase in hot days (days with temperature above 25 oC) in the northern 

part of the country. 

 Increase (2.3–10%) in the strongest winter winds across the country. 

 Overall, rainfall is projected to decrease (more than 5% by 2090) in most of the 

eastern coastal area of the North and South Islands and in the north of the North 
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Island, while it is projected to increase (up to 10% by 2090) in the west and south of 

the South Island. 

 Increased frequency of extreme events, e.g. mid-range scenario projections indicate 

that by the end of this century a 100-year event will become 50-year event. 

 Average snowlines are likely to rise due to projected rise in temperatures. 

 Future projections of sea level rise are almost similar to the global sea level 

projections given in the IPCC (2007). An additional rise of 10 to 20 cm in mean sea 

level is expected if future temperature rise causes an increase in Greenland and 

Antarctica melt rates above their current level. 
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Figure 2-8. Precipitation change projections for New Zealand between 1980 to 1999 and 

2030 to 2049 (NIWA, 2008). 
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Figure 2-9. Precipitation change projections for New Zealand between 1980 to 1999 and 

2080 to 2099 (NIWA, 2008). 
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2.9. Impacts of Climate Change 

Previous sections have summarised the IPCC AR4 in terms of observed and projected 

changes in the state of the many climate-related parameters. These changes, especially in 

temperature, precipitation and sea level, can have severe impacts on all the world’s major 

sectors, such as (IPCC, 2007): water resources, agriculture, forests, human health and 

tourism. 

Agriculture: The rising trend of temperature across the world has affected agricultural 

practice, as it is causing changes in the growing season length which has affected crop 

yields in many regions of the world, such as parts of United Kingdom, USA and 

Philippines.  

Forests: The number of wildfire events is also growing under the impact of changing 

climate in some areas, such as the Mediterranean region, North Africa and western USA.  

Human health: Climate change impacts on the human health include heat-related 

mortality, e.g. in Europe, and frequent outbreaks of epidemics, e.g. in African countries.  

Tourism: Rising global temperature has caused changes in land features such as glaciers, 

snowfields and vegetation. As a result, there is some evidence of climate change impact 

on skiing sports events in some parts of the world, such as Austria, America and Chile. 

As a result of climate change impacts on the world’s major sectors, other sectors linked to 

these major sectors will be affected. As the focus of this study (mentioned in Chapter 1) 

is specifically on water resources, the remainder of this section will only emphasise the 
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impacts of climate change related to water resources. The IPCC Working Group II deals 

with climate change impacts, vulnerability and adaptation. The next section summarises 

the contribution of the IPCC Working Group II in AR4 (IPCC, 2007) in terms of 

reported, observed and projected impacts of climate change related to water resources. In 

the rest of the document ‘impacts’ will only refer to climate change impacts related to 

water resources. 

2.9.1. Observed Impacts 

According to AR4 (IPCC, 2007), there is a high level of confidence in the belief that 

climate change has significantly affected many physical and biological systems during 

the last three decades. The observed impacts include: 

(i) increases in number and sizes of glacial lakes have been identified globally 

(ii) impacts of rise in average global temperature on ‘permafrost regions’ 

(iii) changes in the extent and behaviour of the hydrological cycle components, e.g. 

changes in the regimes of glacier-fed and snow-fed rivers (increased runoff, 

spring peaks observed earlier than usual, increased winter base flow), increased 

amount of evaporation from water bodies and more intense, as well as more 

frequent, extreme precipitation events in many parts of the world. Along with the 

three components of the hydrological cycle, the focus of this thesis study is 

specifically on precipitation, which has been highlighted in Figure 2-10 
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(iv) water temperature changes in lakes and rivers causing changes in water quality 

and chemistry 

(v) decreasing groundwater levels 

(vi) increased frequency and intensity of floods in many parts of the world as a result 

of the increase in frequency of heavy precipitation events 

(vii) increase in drought-affected areas across the world. 

 

Climate Change 
Impacts

Hydrological 
cycle

Evaporation PrecipitationRiver regime

Other Impacts

 

Figure 2-10. Impacts of climate change with focus of the thesis highlighted. 

2.9.2. Projected Impacts 

According to AR4 (IPCC, 2007), by the year 2050: 
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(i) annual average river runoff as well as water availability is projected to increase by 

10–40% in wet areas (high latitudes and some tropical areas) of the world, 

whereas in dry areas (mid latitudes and dry tropical areas) it is projected to 

decrease by 10–30% 

(ii) drought-prone areas have been projected to increase 

(iii) more heavy precipitation events occurring posing increased risk of floods 

(iv) with the passage of time, rapid melting of mountain glaciers and permanent ice 

covers will lead to the extinction of these reserves. As a result, about one-sixth of 

the world’s population depending on them for their fresh water supplies will come 

under water stress. 

2.9.3. Impacts of Climate Change in New Zealand 

Some of the major likely impacts of climate change as reported in MfE (2008a,b) are 

summarised below: 

 On average, river flows are likely to increase in the west and decrease in the east of 

New Zealand 

 More intense precipitation events would increase the flooding risk throughout the 

country 

 Severe droughts (one-in-twenty year as defined for the study) under the ‘low-

medium’ scenario (Nakićenović and Swart, 2000), are projected, by the 2080s, to 

occur at least twice as often as currently in the following areas: in many parts of the 
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South Island, such as Otago, Canterbury and Marlborough; parts of Hawkes Bay, 

Bay of Plenty and Northland. Under the ‘medium-high’ scenario, severe droughts 

are projected to occur more than four times as often, by the 2080s, in the following 

regions: eastern parts of North Otago, Canterbury and Marlborough; much of the 

Wairarapa, Bay of Plenty and Coromandel; most of Gisborne; much of Northland 

 Reduction in irrigation water availability in northern and eastern areas 

 The quality of surface water resources is likely to have significant impacts due to 

projected changes in rainfall and temperatures in northern and eastern New Zealand 

 On average, lake levels are likely to increase in western and central parts of New 

Zealand, and possibly to decrease in some eastern areas 

 Impacts to some tourism sites, e.g. higher temperatures and changes in rainfall 

around Rotorua Lakes. 

2.10. Assessment of Regional Impacts of Climate Change 

As discussed previously, GCMs are the only reliable source nowadays that provide data 

required for investigations related to climate change. In spite of great advancements 

recently on scientific and technological fronts, the spatial resolution of the Atmosphere-

Ocean General Circulation Models (AOGCMs) still remains in the range of 400 to 125 

km (IPCC, 2007, Chapter 11). This spatial resolution of AOGCMs is considered very 

coarse considering the nature of hydrological processes, such as precipitation and stream 
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flow, and is due to their very complex nature as well as to the fact that they provide 

multi-century simulations on global scales.  

Studies focusing on the assessment of hydrological impacts of climate change for a 

particular small region of the world usually involve the use of a hydrological model 

(lumped or distributed). On most occasions, the data required in such assessments of 

climate change impacts consist of either station scale time series of precipitation, 

temperature and evaporation (for lumped models) or gridded data (for distributed models) 

of these variables at a spatial resolution workable for the distributed hydrological model 

involved in this process. 

Therefore, the data provided by an AOGCM cannot be directly used in the hydrological 

models. Rather, an intermediate process is required to convert the coarse spatial 

resolution data of a GCM to station scale data or fine spatial resolution data suitable for a 

hydrological model to work with. This process is referred to as ‘downscaling’ and a 

technique used for this purpose is called a ‘downscaling technique’.  

Downscaling techniques are broadly categorised as ‘statistical’ and ‘dynamical’. As 

mentioned in Chapter 1 of this thesis, this study only deals with statistical downscaling 

techniques. Therefore, in the forthcoming sections, more emphasis has been given to 

statistical downscaling approaches. The following section provides an overview of 

dynamical downscaling approaches, while the next section (Sec. 2.11) will provide a 

comprehensive review of statistical downscaling techniques. 
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2.10.1. Dynamical Downscaling 

This type of downscaling involves the nesting of a finer resolution limited area model 

(LAM) or regional climate model (RCM) within a coarse resolution GCM. The GCM 

provides the necessary boundary and initial conditions to the RCM. In the RCM, 

representation and computation of most of the physical processes and phenomena 

occurring in a climate system are very much similar to a coarse resolution GCM. Typical 

spatial resolution (grid size) of the available RCM experiments has been 25 km or 50 km 

(Maraun et al., 2010). Rummukainen (1997) catagorises dynamical downscaling into 

three approaches, namely (1) running a high-resolution atmospheric GCM (AGCM) at 

the global scale by providing it with coarse GCM data as initial conditions; (2) running a 

variable resolution AGCM (VRGCM) at the global scale but providing a higher 

resolution over the area of interest; and (3) running an RCM or LAM for a smaller region 

by providing coarse GCM data as boundary conditions. AGCMs are atmosphere-only 

GCMs that can be run up to a 20-km spatial resolution but are considered ineffective in 

capturing climate variability due to the absence of two-way (Atmosphere-Ocean) 

mechanisms (IPCC, 2007). The AGCMs that can increase their resolution for a specified 

region while running at the global scale are called Variable-Resolution AGCMs 

(VRGCMs). While doing this, the VRGCMs can maintain their interaction between 

different climatic variables. These high-resolution GCMs are restricted to runs for only 

short (decadal) time slices compared to the ability of AOGCMs of multi-century 

simulations. Hence, these high-resolution GCMs are not considered suitable downscaling 

tools for climate change studies (Maraun et al., 2010). 
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Dynamical downscaling using RCMs is considered better, as these can simulate finer 

scale atmospheric processes such as orographic effects, land cover and land-sea contrast 

much better than the AOGCMs or AGCMs (Jones et al., 1995; Christensen and 

Christensen, 2007). As a result, different climate modelling centres around the world 

have developed their own RCMs for their specific regions. Due to the availability of a 

large number of RCMs internationally, a number of research projects involving inter-

comparison of multiple RCMs have been initiated. These include the PRUDENCE 

(Prediction of Regional scenarios and Uncertainties for Defining EuropeaN Climate 

change risks and Effects), (Christensen and Christensen, 2007), project of the European 

Union sixth framework programme, ENSEMBLES (Van der Linden and Mitchell, 2009), 

NARCCAP (North American Regional Climate Change Assessment Program), (Mearns 

et al., 2009), and CORDEX (Coordinated Regional Climate Downscaling Experiment) of 

the World Climate Research Program (Giorgi et al., 2009). A conceptual diagram, showing 

the nature of spatial scales of a typical GCM and an RCM, has been presented as Figure 2-11. 

Some of the comparative studies have shown comparable ability of RCMs to statistical 

downscaling schemes for a specific region (e.g. Murphy, 1999; Spak et al., 2007). Wood 

et al. (2004) have demonstrated an approach which involves a combination of statistical 

and dynamical techniques to give more improved results than can be produced by any 

one method. For a detailed discussion on dynamical downscaling for regional climate 

change scenario development and guidelines for using this downscaling approach, 

comprehensive studies by Mearns et al. (2003), Christensen et al. (2007) and Maraun et 

al. (2010) can be very useful. 
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Figure 2-11. A conceptual diagram of dynamical downscaling (reproduced from original of 

David Viner, Climatic Research Unit, University of East Anglia, UK). 
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2.11. Statistical Downscaling in Practice 

Statistical downscaling is based on the use of statistical tools and rules to develop local 

scale data of hydro-meteorological variables using the GCM outputs. It has been 

illustrated as a block diagram in Figure 2-12.  

 

Figure 2-12. Statistical downscaling process. 

Statistical downscaling approaches can be classified into three broad categories, namely: 

(1) weather typing; (2) weather generators; and (3) regression-based downscaling. 

Although these broad downscaling categories may appear to differ radically in their 
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operation, they generally embody three basic assumptions (cf. Hewitson and Crane, 1996, 

2006): 

1) Selected predictor variables are relevant to the study and the host GCM is able to 

simulate them realistically 

2) The empirical relationships/rules developed under present climate conditions are 

also valid for changed climate conditions in future 

3) Selected predictor variables are able to capture the climate change signal. 

2.11.1. Weather Typing 

The weather typing category involves the grouping of atmospheric circulation fields (or 

pressure fields) for the region of interest on the basis of a classification scheme, and 

development of suitable relationships between local meteorological variables and these 

weather types (Conway et al., 1996). The GCM projected change in atmospheric 

circulation types is used to project change in those local variables. There exist many ways 

in which weather types may be classified. Fowler et al. (2007) has noted that the 

classification can be done synoptically, typically using empirical orthogonal functions 

(EOFs) from pressure data (Goodess and Palutikof, 1998), using indices from sea level 

pressure (SLP) data, (e.g. Conway et al., 1996), by means of cluster analysis (Fowler et 

al., 2000, 2005) or fuzzy rules (Bárdossy et al., 2002, 2005; Wetterhall et al., 2006, 

2009). Ladd and Driscoll (1980) and Conway and Jones (1998) are very useful in 
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explaining the operation of this approach and its applications to climate change studies. 

The process of downscaling using a weather typing scheme is explained in Figure 2-13.  

 

 

Figure 2-13. Weather typing downscaling process (cf. http://www.cics.uvic.ca/scenarios/ 

index.cgi?More_Info-Downscaling_Background). 

Among the new downscaling methodologies based on weather typing are pattern scaling 

developed by Ruosteenoja et al. (2007). Franke and Bernhofer (2009) presented a 
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weather-pattern-based multiple regression model to derive future possible changes in 

heavy precipitation in a German watershed. D’Onofrio et al. (2010) have recently 

introduced the CHAC model for the prediction of daily rainfall data. Characterisation of 

atmospheric circulation patterns is the basis of this approach which is considered a 

subjective process (Wilby et al., 2004). Such subjectivity involved in its operation makes 

it less popular as compared with the other two categories of statistical downscaling 

methods. 

2.11.2. Weather Generators 

Weather generators are traditionally used to stochastically generate long synthetic series 

of data, fill in missing data, and produce different realisations of the same data (Wilks 

and Wilby, 1999). They employ random numbers and take the observed time series of a 

station/site as input. Stochastic weather simulation is not new and has a long history 

starting in the 1950s, as reported by Racsko et al. (1991). Among the researchers who 

contributed to its evolution are Bruhn (1980), Bruhn et al. (1980), Nicks and Harp (1980), 

Richardson (1981), Richardson and Wright (1984) and Schoof et al. (2005). Wilks and 

Wilby (1999) have presented a comprehensive review of its theory and evolution over 

time. Weather generators have also been employed to simulate long time series of hydro-

meteorological variables that can be used by crop growth models for forecasting 

agricultural production (e.g. Riha et al., 1996; Hartkamp et al., 2003), and multi-site data 

generation (Khalili et al., 2009). Further details on the use of weather generators in crop 

production studies can be found in Semenov (2006). Application of weather generators in 
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climate change impact assessment studies is also very popular (Dibike and Coulibaly, 

2005). For example, Bannayan and Hoogenboom (2008) and Apipattanavis et al. (2010) 

used it for the assessment of crop yield risk associated with climate variability. A recent 

study by Hashmi et al. (2010) has evaluated performance of LARS-WG (a weather 

generator developed by Semenov and Borrow (1997)) for downscaling the extreme 

events of precipitation in a watershed. A simplified flow diagram of developing climate 

change scenarios using a weather generator is shown in Figure 2-14.  

Random number seed

 

Figure 2-14. Statistical downscaling using a weather generator. 
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2.11.3. Regressionbased Downscaling 

Regression-based downscaling methods involve developing empirical relationships 

between large-scale GCM data or observed data as “predictor” variables and local or 

small-scale climate variables as “predictand” variables using traditional, linear and 

nonlinear regression methods (cf. Heyen et al., 1996; Wilby et al., 2002). Traditionally, it 

has been done through multiple linear regression, with or without data pre-processing 

techniques aimed at reducing the dimensionality of the problem (Huth, 1999; Wilby et 

al., 2002). These techniques include principal component analysis, (e.g. Schoof and 

Pryor, 2001), and canonical correlation analysis, (e.g. Busuioc et al., 2008). When the 

variable of interest is precipitation, the predictor-predictand relationships are often very 

complex, and linear regression-based methods may not work very well. For this reason, a 

number of nonlinear regression downscaling schemes based on data-driven soft 

computing techniques were introduced. Initially, these techniques were based mainly on 

use of Artificial Neural Networks (ANNs). Recent studies have shown that statistical 

downscaling schemes based on the use of ANNs can present good nonlinear regression 

models, (e.g. Mpelasoka et al., 2001; Haylock et al., 2006) and can be considered as able 

to find a global solution. The ANN-based models are often complex in nature, so their 

solutions are not easily interpretable in a physically meaningful way, and they can 

significantly suffer from conventional modelling problems, such as being trapped at the 

local optimum during their calibration (Tripathi et al., 2006). Coulibaly (2004) and Liu et 

al. (2008) suggested the use of another sophisticated soft computing technique known as 

genetic programming to perform symbolic regression. The advantage of the genetic 
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programming-based tool for developing downscaling functions over ANN is that it 

provides parsimonious and transparent modelling solutions which can be expected to 

have less uncertainty. 

2.12. IPCC Guidelines for Using Statistical Downscaling 

Methods 

A set of technical guidelines for using statistical downscaling methods to develop climate 

change scenarios has been published by the IPCC as supporting material to its reports. It 

will be referred to as ‘Wilby et al. (2004)’ in future in this thesis. This document contains 

a comprehensive review of different applications of statistical downscaling methods, as 

well as inter-comparison studies, compares the relative strengths and weaknesses of the 

different major classes of statistical downscaling methods and discusses their underlying 

assumptions and some contemporary issues in regard to this field of research.  

The key issues related to statistical downscaling discussed in Wilby et al. (2004) are: 

o the selection of the predictors 

o dealing with extreme events 

o downscaling for tropical regions (as they are more complex than the mid-latitude 

area) 

o incorporating feedback processes (or accounting for the land cover change). 
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On the basis of the review of statistical downscaling methods and the key issues (listed 

above) in the area of statistical downscaling research, a stepwise process (shown in 

Figure 2-15) for conducting a statistical downscaling study has been proposed in Wilby et 

al. (2004). 
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Figure 2-15. Statistical downscaling process proposed in IPCC guidelines (cf. Wilby et al., 

2004). 
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2.13. Downscaling of New Zealand Climate Change 

The reported evidence of changing climate across the New Zealand region (Sec. 2.6.2) 

certainly encourages efforts towards conducting studies for the assessment of the likely 

impacts of climate change pertaining to this region. The small size of this country and its 

diverse terrain cause its meso-scale features to have a dominant influence on its climatic 

variables (Sturman and Tapper, 2006). Therefore, the coarse spatial resolution of the 

outputs available from different GCMs makes their direct use inappropriate to conduct a 

climate change impact assessment study for New Zealand. Suitable downscaling 

schemes, to obtain a high-resolution climate projection, should be employed. These can 

either consist of statistical methods or dynamical methods or a combination of both. 

A survey of the published literature on downscaling for New Zealand climate change 

studies has revealed that this region has been attracting climate change researchers. 

Mpelasoka et al. (2001) has noted that early climate change scenarios for New Zealand 

were developed using an analogue method and palaeo-climatic reconstruction by Pittock 

and Salinger (1982) and Salinger and Hicks (1990). Later on, Mullan and Renwick 

(1990) provided an overview of derivation of New Zealand climate change information 

from GCMs. A broader version of climate change scenarios for the Australia and New 

Zealand region was provided by Whetton et al. (1996). Francis and Renwick (1998) 

developed predictor-predictand relationships for statistical downscaling of New Zealand 

climate through the use of multiple linear regression. Mpelasoka et al. (2001) used 

multivariate statistics and ANN for statistical downscaling of New Zealand climate 
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change. In the case of dynamical downscaling for New Zealand, the contribution of 

Renwick et al. (1998, 1999) is one of the earliest attempts made to simulate the climate of 

New Zealand using a fine resolution regional climate model (RCM) in terms of 

temperature distribution and the mean spatial pattern of rainfall across the country. 

Recently, the National Institute of Water and Atmospheric Research (NIWA), New 

Zealand has developed a fine resolution RCM (Drost et al., 2005; Drost et al., 2007). 

Preliminary experiments using this RCM (Drost et al., 2007) have simulated the New 

Zealand climate by nesting the RCM within a GCM and have simulated preindustrial 

climate. 

2.14. Rationale of the Thesis based on Literature Review  

In spite of the fact that we now have a variety of statistical downscaling methods, no 

single method is considered capable of solving all kinds of downscaling problems (Wilby 

et al., 2004). Among the variables usually downscaled, precipitation downscaling is still 

very challenging due to its stochastic/nonlinear behaviour and temporal as well as spatial 

variability (Maraun et al., 2010). Many recent studies have endorsed the fact that 

statistical downscaling methods do not perform very well when their target variable is 

precipitation (Benestad et al., 2008; Rowan and John, 2007; Wilby et al., 2004). 

Moreover, the downscaling of extreme precipitation events is more important than 

downscaling temporal means of precipitation (Fowler et al., 2007). Therefore, this thesis 

specifically focuses on the statistical downscaling of precipitation. Consequent upon the 

review of the findings reported in the recent literature in the area of statistical 



Chapter 2 

 

 

54 

downscaling of precipitation (Friederichs 2010; Semenov, 2008; Fowler et al., 2007; 

Wilby et al., 2004) some of the key contemporary issues are: 

 evaluation of the existing popular statistical downscaling methods for 

downscaling precipitation at a new site 

 introducing simpler and more efficient methods for precipitation downscaling 

 evaluation of the existing and new statistical downscaling methods in terms of 

their ability to downscale future extreme precipitation events at the watershed 

scale 

 Adopting a multi-model approach by; 

• Analysing a single problem through the use of multiple downscaling 

models 

• applying a combination of downscaling methods to produce probabilistic 

ensemble projections 

As very limited research has been reported relating to these listed issues, this thesis study 

specifically targets them. Before going into the details, Figure 2-16 provides an overview 

of this thesis study as a schematic diagram.  
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Figure 2-16. Schematic diagram showing different components of the downscaling study. 

Highlighted components delineate this thesis study. 
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2.15. Summary 

This chapter first provided an overview of the science of climate change, climate change 

simulations and climate change scenarios. Then it attempted to review the findings of 

different studies (especially from IPCC) related to observed and anticipated climate 

change at the global scale and also for the New Zealand region. Discussion was then 

converged on the regional and local estimation of the climate change projections, and 

some past studies related to downscaling research are reported. Finally, the gaps in 

current research in the area of statistical downscaling of precipitation, and rationale of 

this thesis study based on the literature review, were defined and presented. 
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Chapter 3. Study Site and Data 

3.1. Introduction 

The study site selected for this thesis is the Clutha River watershed upstream of Balclutha 

(shown in Figure 3-1). This selection has been made based on the intention to analyse a 

watershed of large size, with some glacier/snowmelt contribution to streamflow and also 

the importance of this watershed and river for the sustainability of New Zealand in terms 

of its water resources. In fact, the Clutha River is the second longest river in New 

Zealand in terms of channel length from source to outfall. In terms of mean annual flow, 

it is ranked as the largest of all New Zealand rivers. The river starts from Lake Wanaka in 

the Southern Alps and flows in a south-south-east direction until it flows into the Pacific 

Ocean. Two of New Zealand’s major hydropower dams are also located on it which 

contribute a significant part of the total hydropower production of New Zealand. A 

portion of the Clutha River water is also used for irrigation purposes. Figure 3-1 shows 
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the topographic variation of the watershed along the river channel and also the natural 

lakes in this watershed. Going down the main river channel from west to east, the Clutha 

River catchment can be viewed as consisting of three distinct regions based on 

topographical features and precipitation regimes (cf. Murray, 1975); 

Alpine to sub-alpine: The region west and north of the three lakes (Wanaka, Hawea and 

Wakatipu) with a median elevation around 1300m and very high (maximum greater than 

3000 mm). It contains the main divide, the Southern Alps where mean annual precipitation is 

around 6000 mm. 

Central area: It consists of block mountains and arid vallies. Median elevation of this region 

is around 800m. It is considered as one of country’s driest regions with a mean annual 

precipitation around 500 mm. 

Delta and coastal zone: It is a low elevation, relatively flat region and receives more 

precipitation that the central area. The mean annual precipitation is around 1000 mm. 

The rest of this chapter has two major sections. The first section provides an overview of 

the key hydrological features of the study watershed (mostly derived from the studies of 

Murray (1975) and Moss et al. (1994), while the second section contains a detailed 

discussion about the types of data used in this thesis study, sources of that data and 

description of the data by means of graphical representations and numerical summaries. 
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3.2. Hydrological Features of the Clutha Watershed 

The Clutha River watershed is located in the Otago region of the South Island of New 

Zealand. It receives precipitation throughout the year resulting in no significant dry 

periods during the year. However, run-off peaks are recorded in late spring and early 

summer, when both higher temperatures and rain falling on the snow cause the melting of 

the snow. Although Southern Alps glaciers are not considered as much important in the 

hydrology of this watershed, however, they have a small contribution to the total 

streamflow when their ice starts melting due to the rise in temperature. Hence, the 

melting of the snow and the glacier at the same time contributes to the Clutha River 

streamflow causing run-off peaks. Monthly and seasonal variations in the Clutha River 

flow has been highlighted in Figures 3-2 and 3-3 which show plots of long-term monthly 

and seasonal mean daily flows of the Clutha River at Balclutha. 

The length of this river is approximately 340 km, which makes it the second longest river 

in New Zealand (McKerchar and Henderson, 2003). Its long-term mean annual flow up 

to the Balclutha for the period 1961–90 is approximately 561 m3/s (see Figure 3-2). Up to 

the Balclutha stream gauge, the catchment area is about 20,515 km2, and the mean annual 

precipitation is about 1,448 mm (both derived using the web model of the National 

Institute of Water and Atmospheric Research (NIWA), New Zealand; 

http://wrenz.niwa.co.nz/webmodel). Figures 3-5 and 3-6 show the long-term median 

annual rainfall and potential evapotranspiration of the Clutha watershed and the 

surrounding area. These figures have been derived from the NIWA website 
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(https://secure.niwa.co.nz/climate-explorer/home.do) and represent the data for the period 

1971–2000. Examination of Figure 3-5 reveals that the lowest rainfall (< 500 mm) occurs 

near the central part of the watershed while the rainfall amount increases with an increase 

in elevation. As far as potential evapotranspiration in the watershed in concerned, its 

behaviour is opposite to the watershed rainfall (see Figure 3-6). It has its highest values 

(> 800 mm) at lower elevations, near the central part of the watershed, and it is recorded 

as less than 400 mm at higher elevations. 

There are three large natural freshwater lakes, namely Wakatipu, Wanaka and Hawea, 

covering an area of 607 km2 (shown in Figure 3-4) that receive run-off from an area of 

approximately 7,146 km2. These lakes have a strong influence on the hydrology of this 

particular watershed (Murray, 1975). Two hydropower dams have also been built across 

this river (Figure 3-4). One of the dams across the river’s main channel is Roxburgh Dam 

which was built in the 1950s. The lake which formed as a result of this dam is called 

Lake Roxburgh and is spread over an area of 4.5 km2. The second dam structure on this 

river is the Clyde Dam which is situated upstream of the Roxburgh Dam and was built in 

the late 1980s. The combined installed capacity of these two hydropower dams is 752 

MW (Moss et al., 1994) which, reportedly, covers about two-thirds of the total electricity 

supply of New Zealand (Brookes et al., 2009). 
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Figure 3-1. Location of the study watershed on a digital elevation model (DEM) of New 

Zealand. 
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Figure 3-2. Month-wise long term observed mean daily flow of the Clutha River at 

Balclutha for the period 1961–1990. 

 

Figure 3-3. Long term observed seasonal mean daily flow of the Clutha River at Balclutha 

for the period 1961–1990. 
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Figure 3-4. Land-cover map of the Clutha River watershed showing prominent hydrological 

features. 
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Figure 3-5. Median annual rainfall lower South Island, New Zealand for the period 1971–

2000 (Source: NIWA). 
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Figure 3-6. Median annual potential evapotranspiration of lower South Island, New 

Zealand for the period 1971–2000 (Source: NIWA). 

3.3. Data Types and Sources 

As mentioned in Chapter 1, this study deals with the downscaling of only one kind of 

climatic parameter, i.e. precipitation. The downscaling methods used in this study either 



Chapter 3 

 

 

66 

belong to the family of multiple regression-based methods or weather generators. 

Therefore, the data required consists of the following types: 

 observed daily data of the study site 

 daily values of the large-scale climatic parameters to be used as predictors in the 

multiple regression-based methods 

 daily precipitation output of a selected GCM. 

The observed data used in the study were obtained from NIWA. The online data portal of 

NIWA called ‘CliFlo’ was used to identify precipitation gauging stations with daily 

observations within the vicinity of the Clutha watershed. Out of all the identified gauging 

stations in the previous step, only those stations were selected which had continuous 

long-term data for the period 1961–2000. Hence, the final set contained 23 stations. 

Locations of these 23 stations, in terms of latitude and longitude, elevation above sea 

level and long-term mean annual precipitation (MAP), are given in Table 3-1. 

 

Table 3-1. List of precipitation gauging stations selected for this study. 

Sr. # Name Elevation (m) Lat (dec_deg) Long (dec_deg) 
MAP 1961–
1990 (mm) 

1 

Burkes Pass, 

Airies 
518

-44.062 170.677 902.30

2 Cardrona 518 -44.870 169.020 642.58

3 Deepburn 518 -43.930 170.845 966.03
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Sr. # Name Elevation (m) Lat (dec_deg) Long (dec_deg) 
MAP 1961–
1990 (mm) 

4 Earnslaw 335 -44.755 168.402 1498.88

5 Hawea Flat 335 -44.642 169.306 709.33

6 

Lake Pukaki, 

Braemar 
550

-43.989 170.198 943.31

7 Lake Hawea 350 -44.612 169.241 866.07

8 Lake Ohau Stn 533 -44.168 169.822 765.58

9 

Lake Pukaki, 

Guide Hill 
745

-44.004 170.247 1201.73

10 

Lake Tekapo, 

Air Safaris 
762

-44.002 170.441 597.50

11 Lauder Flat 366 -45.008 169.703 511.18

12 

Lower 

Whataroa 
30

-43.199 170.373 3714.13

13 Luggate 295 -44.735 169.270 610.02

14 Mahitahi 30 -43.649 169.598 4616.21

15 Mesopotamia 552 -43.644 170.894 966.83

16 Minaret Bay 313 -44.413 169.108 1492.44
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Sr. # Name Elevation (m) Lat (dec_deg) Long (dec_deg) 
MAP 1961–
1990 (mm) 

17 

Mount Cook–

The Hermitage 
765

-43.734 170.093 4170.53

18 Ophir 2 305 -45.106 169.610 420.48

19 Paringa 43 -43.710 169.463 5778.48

20 Queenstown 329 -45.037 168.663 849.43

21 Raes Junction 152 -45.780 169.448 895.86

22 Roxburgh 97 -45.543 169.314 569.35

23 Tapanui 180 -45.944 169.257 942.94

*’Sr. #’ = serial number 

Long-term mean daily precipitation for all 23 stations (listed in Table 3-1) is shown in 

Appendix A, Figures A-1 to A-23. Among all the selected stations, Lower Whataroa, 

Mahitahi, Mount Cook–The Hermitage and Paringa have the highest mean annual 

precipitation ranging from 3,000 mm to 6,000 mm (Table 3-1, last column). On the 

contrary, stations such as Ophir 2, Lauder Flat and Roxburgh receive relatively very low 

mean annual precipitation (400–600 mm). The precipitation in this watershed is strongly 

influenced by the mountains of the Fiordland and the Southern Alps (shown in Figure 3-

4), thus, spatial variability in precipitation across the Clutha watershed and its 

neighbouring areas is attributed to topographic factors such as exposure, aspect and 

distance from the coastline (Murray, 1975). As far as the seasonal variation of 
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precipitation for the individual stations is concerned, some of the stations show 

significant seasonality, such as Lake Pukaki Braemar, Lauder Flat, Mahitahi, Mt Cook–

The Hermitage, Ophir 2, Paringa and Roxburgh, while most of the remaining stations do 

not have significant seasonal variation in the precipitation they receive during the year 

(see Appendix A, Figures A-1 to A-23).  

The second category of the data used for this thesis study is the large-scale predictor data. 

These data sets to be used as input to the Statistical DownScaling Model (SDSM) have 

been archived on the Canadian Climate Impacts Scenarios (CCIS) website 

(http://www.cics.uvic.ca/scenarios/sdsm/select.cgi). These data sets contain daily values 

of 26 large-scale predictor variables obtained from two GCMs (namely HadCM3 and 

CGCM1) for two IPCC SRES scenarios, i.e. A2 and B2. Out of the set of the IPCC SRES 

scenarios, A2 and B2 are considered the ‘mid-range scenarios’ (Nakicenovic and Swart, 

2000) and are widely used. These data archives also provide the data for the 

corresponding 26 observed large-scale predictor variables derived from National Centre 

of Environmental Prediction (NCEP) re-analysis (Kalnay et al., 1994), regridded to the 

horizontal grid resolution of the above-mentioned two GCMs.  

From the data archives described above, data for predictor variables (both observed and 

GCM-produced) prepared for Hadley Centre Coupled Model, version 3 (HadCM3) – a 

coupled atmosphere-ocean general circulation model (AOGCM) developed at the Hadley 

Centre in the UK (cf. Collins et al., 2001) were extracted for this study. Figure 3-7 shows 

the whole Australia and New Zealand window provided at the CCIS website 

(http://www.cics.uvic.ca/scenarios/sdsm/select.cgi) for easy extraction of the data for a 
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specific region and the HadCM3 grid box (shown as a red box in Figure 3-7) used for this 

study. The extracted data consist of HadCM3 twenty-six (26) predictor variables for the 

period 1961–2099 (based on the 20th-century run as well as the IPCC SRES A2 future 

scenario run) and corresponding NCEP re-analysis predictor variables. Both the NCEP 

predictors and the GCM (HadCM3) predictors are normalised over the complete 1961–90 

period (subtracting the mean from each daily value and dividing by the standard 

deviation). After normalisation, the NCEP re-analysis predictor data has been 

interpolated to a grid (2.5 latitude x 3.75 longitude) as used in the HadCM3 GCM. A 

complete list of all 26 predictor variables along with their full description and relevant 

notes has been provided in Table 3-2. The NCEP re-analysis gridded data have been 

derived from the global observational data and numerical weather model simulations. 

Therefore, the available predictor variables are classified in four distinct classes, i.e. ‘A’, 

‘B’, ‘C’ and ‘D’. As described by Kalnay et al. (1996), each of these classes indicates the 

relative influence of the observational data and the model simulation on the predictor 

variables within that particular class, and hence the reliability of these variables. Among 

the four classes, ‘A’ is considered the most reliable class of predictors as it contains 

variables that are strongly influenced by the observational data, e.g. predictors related to 

‘wind’ and upper air temperature. The predictor variables falling under class ‘B’ are more 

influenced by the model than the observational data, e.g. humidity and surface 

temperature, and hence considered less reliable than predictor variables in ‘A’. Class ‘C’ 

indicates that these variables have been generated through the model and have no 

influence of the observed data on them, e.g. cloud and precipitation. The predictor 

variables in class ‘D’ have been obtained from the climatological values and have no 
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influence of the observed data or the model. The last column in Table 3-2 indicates one 

of the four classes (defined above) in which that specific predictor lies. The table 

indicates that the predictor data used is mostly from reliable categories (‘A’ and ‘B’). 

 

Figure 3-7. The grid box selected for this study (highlighted as red box) in the HadCM3’s 

Australia and New Zealand window. 

Long-term mean daily values for all 26 predictor variables derived from NCEP re-

analysis (listed in Table 3-2) are shown in Appendix B, Figures B-1 to B-26. These 

figures present the long-term variability in the magnitude of the individual predictors 

over a year as derived from their daily values. Also, few predictors represent the 

magnitude of the same climatic parameter at different atmospheric pressure levels 

(surface, 500 hPa, 850 hPa), e.g. wind direction, zonal velocity, meridional velocity, 

geopotential height and divergence. Examination of these figures (Figures B-1 to B-26) 
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indicates that most of the predictors show significant variability in their magnitude for 

different parts of the year. Also, on some occasions an individual predictor’s behaviour 

changes significantly with a change in atmospheric pressure level. These two 

characteristics related to the behaviour of an individual predictor are discussed in the next 

paragraph for some of the predictor variables taken as examples. 

Table 3-2. List of large scale predictor variables used in multiple regression-based 

downscaling methods (‘Notes’ have been derived from information available at 

‘http://cccsn.ca/?page=pred-help’). 

Sr. # 
Predictor 
name 

Description Notes 

NCEP re-
analysis 
class 
(Kalnay et 
al., 1996) 

1 mslpaz Mean sea level pressure (Pa) 
Atmospheric pressure 

at sea level 

A

2 p5_faz 500 hPa airflow strength (Pa/s) 
Pressure exerted by air 

flow 

B

3 p5_uaz 500 hPa zonal velocity (m/s) 

Velocity component 

along a line of latitude 

(i.e. east-west) 

A

4 p5_vaz 500 hPa meridional velocity (m/s) 

Velocity component 

along a line of 

longitude (i.e. north-

south) 

A

5 p5_zaz 500 hPa vorticity (s-1) 
A measure of the 

rotation of the air 

A
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Sr. # 
Predictor 
name 

Description Notes 

NCEP re-
analysis 
class 
(Kalnay et 
al., 1996) 

6 p5thaz 
500 hPa wind direction (degrees 

from N) 

Direction of prevailing 

wind relative to north 

A

7 p5zhaz 500 hPa divergence (s-1) 

Relates to the 

stretching of a fluid, 

and usually refers to 

the outflow of air from 

the base of an 

anticyclone in 

meteorology 

B

8 p8_faz 850 hPa airflow strength (Pa/s) See #2 B

9 p8_uaz 850 hPa zonal velocity (m/s) See #3 A

10 p8_vaz 850 hPa meridional velocity (m/s) See #4 A

11 p8_zaz 850 hPa vorticity (s-1) See #5 A

12 p8thaz 
850 hPa wind direction (degrees 

from N) 
See #6 

A

13 p8zhaz 850 hPa divergence (s-1) See #7 B

14 p500az 500 hPa geopotential height (gpm) 

The height of this 

surface will vary 

depending on the 

temperature of the 

atmospheric column. 

A
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Sr. # 
Predictor 
name 

Description Notes 

NCEP re-
analysis 
class 
(Kalnay et 
al., 1996) 

If the atmospheric 

column is warmer this 

surface would be 

higher and vice versa 

15 p850az 850 hPa geopotential height (gpm) 

The height of this 

surface will vary 

depending on the 

temperature of the 

atmospheric column. 

If the atmospheric 

column is warmer this 

surface would be 

higher and vice versa 

A

16 p_faz Surface airflow strength (Pa/s) See #2 B

17 p_uaz Surface zonal velocity (m/s) See #3 A

18 p_vaz Surface meridional velocity (m/s) See #4 A

19 p_zaz Surface vorticity (s-1) See #5 A

20 p_thaz 
Surface wind direction (degrees 

from N) 
See #6 

A

21 p_zhaz Surface divergence (s-1) See #7 B

22 r500az Relative humidity at 500 hPa (%) The vapour content of B
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Sr. # 
Predictor 
name 

Description Notes 

NCEP re-
analysis 
class 
(Kalnay et 
al., 1996) 

air as a percentage of 

the vapour content 

needed to saturate air 

at the same 

temperature 

23 r850az Relative humidity at 850 hPa (%) See #22 B

24 rhumaz Near surface relative humidity (%) 
See #2 B 

25 shumaz Surface specific humidity (Kg/Kg) 

The mass of 

water vapour as a 

proportion of the 

total mass of 

moist air of 

which it is a part 

B 

26 tempaz Mean temperature at 2m (K) 

Air temperature 

at 2 metres from 

ground level 

B 

 

In the case of ‘divergence’, its values at the surface and at 850 hPa are almost opposite to 

each other (Figures B-7, B-13 and B-21). Similarly, there is a shift in high and low values 

of ‘geopotential height’ towards the middle part of the year, with a change in atmospheric 
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pressure level from 500 hPa to 850 hPa (Figures B-14 and B-15). Vertical variation in 

‘airflow strength’ is also similar to variations in ‘geopotential height’ (Figures B-2 and B-

16). Variability in the ‘wind direction’ is more at the surface than at higher levels, i.e. 

500 hPa and 850 hPa (Figures B-6, B-12 and B-20), while the magnitude of the ‘surface 

zonal velocity’ is higher for a greater part of the year as compared to its magnitude at 

500 hPa and 850 hPa (Figures B-3, B-9 and B-17). In the case of ‘relative humidity’, it 

has higher magnitude and more variability throughout the year at higher atmospheric 

pressure levels as compared to its near-surface values (Figures B-22, B-23 and B-24). A 

numerical summary for all data of the 26 NCEP large-scale predictors has been given in 

Table 3-3. This table gives maximum, minimum and average of the values shown in 

Appendix B (Figures B-1 to B-26) for each of the 26 predictors to illustrate further the 

nature of these variables. 

Table 3-3. Numerical summary of the long term mean daily values over 12 months of all 26 

NCEP predictors. 

Predictor Max Min Average

Mean sea level pressure (Pa) 0.28329 -0.16709 0.00092

500 hPa airflow strength (Pa/s) 0.18165 -0.27444 0.00006

500 hPa zonal velocity (m/s) 0.23332 -0.29966 0.00035

500 hPa meridional velocity (m/s) 0.17894 -0.15476 0.00003

500 hPa vorticity (s-1) 0.22896 -0.14849 0.00162

500 hPa wind direction (degrees from N) 119.87709 97.47541 107.93498
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Predictor Max Min Average

500 hPa divergence (s-1) 0.16018 -0.11842 0.00019

850 hPa airflow strength (Pa/s) 0.16951 -0.25829 -0.00137

850 hPa zonal velocity (m/s) 0.23125 -0.26245 0.00011

850 hPa meridional velocity (m/s) 0.24767 -0.18562 0.00016

850 hPa vorticity (s-1) 0.16277 -0.14648 0.00121

850 hPa wind direction (degrees from N) 139.13342 110.81181 120.82288

850 hPa divergence (s-1) 0.18168 -0.11294 0.00014

500 hPa geopotential height (m) 0.94091 -0.80821 0.00496

850 hPa geopotential height (m) 0.22953 -0.12327 0.03165

Surface airflow strength (Pa/s) 0.17353 -0.35627 -0.05324

Surface zonal velocity (m/s) 0.24727 -0.14963 0.07636

Surface meridional velocity (m/s) 0.46917 -0.14833 0.13635

Surface vorticity (s-1) 0.46830 -0.40410 -0.05824

Surface wind direction (degrees from N) 155.47533 125.21333 140.84697

Surface divergence (s-1) 0.43353 -0.15353 0.11713

Relative humidity at 500 hPa (%) 0.26733 -0.43953 -0.07442

Relative humidity at 850 hPa (%) 0.46707 -0.27963 0.04852
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Predictor Max Min Average

Near surface relative humidity (%) 0.02617 -0.65230 -0.31201

Surface specific humidity (Kg/Kg) 0.00720 -0.41323 -0.18411

Mean temperature at 2m (K) 0.06413 -0.36103 -0.11940

  

As discussed previously in Chapter 2 of this thesis, in the set of the SRES mid-range 

scenarios, A2 is considered as a worst-case scenario, projecting high GHG emissions for 

the future (Nakicenovic and Swart, 2000). In climate change studies, the period 1961–90 

is normally used to represent the current climate and is called the ‘baseline period’ (e.g. 

Wilby et al. 2002; IPCC, 2001). The baseline period for this thesis study is also set as the 

period 1961–90. The selection of the future time slice of the 2080s allows assessment of 

the climate change impact on precipitation in a distant future. 

This thesis study uses more than one method of statistical downscaling (as mentioned in 

Section 3.2). One of these methods uses a weather generator for the generation of future 

precipitation data. Such a process requires the GCM precipitation output from its 20th-

century scenario as well as a future scenario, e.g. based on one of the SRES scenarios. 

For the purposes of this study, gridded mean daily precipitation output of HadCM3 

GCM, covering the whole globe, is obtained for the 20th-century run (for HadCM3, 

available specifically for 1960–89 period not 1961-90) as well as the SRES A2 scenario 

run for the 2080s (2071–2099) from the Program for Climate Model Diagnosis and Inter-

comparison (PCMDI) data portal (https://esg.llnl.gov:8443/) in NetCDF (Network 
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Common Data Form) format. The NetCDF data file thus obtained is a three-dimensional 

(latitude, longitude and time) file, but only a single time series for the centre point of a 

single grid box close to the study site is required. Hence, a method to extract the required 

time series was developed in ArcGIS version 9.2. The main steps involved in the 

execution of this method are listed below: 

1) open ‘Multidimensional Tools’ toolbox in ArcGIS 9.2 

2) load the NetCDF file containing the gridded GCM data into the toolbox 

3) select the dimension along which the data is required. In our case it is ‘time’ 

4) select the relevant grid box centre point coordinates. In our case these are 

172.5 °E, 43.75 °S (please see Figure 3-7) 

5) start the extraction of the daily GCM data in text format. 

Consequently, two GCM precipitation time series for the period 1961–89 as well as for 

the future time slice of 2071–99 were obtained. These two GCM outputs were 

subsequently used for determining the change factors to be used in the weather generator 

for generating a future time series. Details regarding weather generator downscaling will 

be provided in the forthcoming chapters. 

3.4. Summary 

This chapter gave an overview of the selected study site by describing it in terms of its 

geographical location and also the hydrological features of the watershed in terms of 
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climate and hydrology. It is done with the help of specially prepared GIS maps and 

summary of the observed streamflow data. This chapter also describes the nature and 

sources of different types of data used in this thesis project. Extraction of the required 

data is described where required and data summaries are presented to make things clearer 

for the reader. 
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Chapter 4. Downscaling 

Experiments 

4.1. Introduction 

As discussed in the introduction of this thesis, the study presented herein involves the use 

of statistical downscaling models only. Consequent upon a rigorous review of available 

statistical downscaling literature, the two most popular downscaling tools appear to be 

the Statistical DownScaling Model (SDSM) and the Long Ashton Research Station 

Weather Generator (LARS-WG). Among other noted reasons, the simplicity of their 

application and easy as well as free software/support availability make them a popular 

choice among the hydrologists and stakeholders involved in climate change impact 

assessment. In the forthcoming sections of this chapter, modelling details and results of 

these two downscaling models will be presented separately. 
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4.2. Statistical DownScaling Model (SDSM) 

SDSM is a multiple regression-based transfer function statistical downscaling tool. It is 

used for generating future scenarios of local climatic parameters, such as precipitation 

and temperature, to assess the impact of climate change. It needs two types of daily data. 

The first type corresponds to local predictands of interest, e.g. temperature, precipitation, 

etc.; the second type corresponds to the data of large-scale predictors (NCEP and GCM) 

of a grid box closest to the study area. A flow diagram showing the SDSM modelling 

process is presented as Figure 4-1. According to Wilby et al. (2002), it has the ability to 

capture the inter-annual variability better than other statistical downscaling approaches, 

e.g. weather generators and weather typing. As in the case of any transfer function 

downscaling method, the following criteria (originally defined by Hewitson and Crane 

(1996)) have to be fulfilled by the SDSM to develop a successful downscaling model: 

• Large-scale predictors relevant to the local predictand of interest should be 

adequately reproduced by the GCM selected for the study 

• The relationship between the predictors and predictand remains valid for future 

climate projection 

• The selected predictor set is able to adequately exhibit the future climate change 

signal 

• The predictors used for determining future local climate should necessarily lie within 

the scope of the climatology used to calibrate the statistical downscaling model. 
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As described in Wilby et al. (1999) and Wetterhall (2005), in the SDSM the conditional 

probability of daily precipitation ‘ iP ’ for a given day ‘ i ’ is modelled as follows: 

∑
=

+=
n

j
ijji VP

1
0

ˆαα          (4-1) 

Equation 4-1 is a multiple regression equation in which ‘ 0α ’ represents the regression 

constant, ‘ jα ’ is the regression coefficient estimated using either the ordinary least 

squares method or the dual simplex algorithm (for more details see Wilby and Dawson, 

2007), and ‘ ijV̂ ’  is the value of the normalised large-scale predictor variables (NCEP 

reanalysis or GCM) on day ‘ i ’. To determine whether ‘ i ’ is a wet day, i.e. precipitation 

> 0, or a dry day, a uniformly distributed random number ‘r’ (where 01 ≥≥ r ) is 

generated and used. If ‘ rPi ≥ ’ for a day ‘ i ’, then it is a wet day otherwise it is a dry day. 

For a wet day, the precipitation amount ‘ iM ’ is modelled as follows: 
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Where ‘ Exp ’  is the exponential function, ‘ jβ ’ is the regression coefficient estimated 

using either ordinary least squares or the dual simplex algorithm, ‘ ijV̂ ’  is the same large-

scale predictor variables as used for the determination of precipitation occurrence (Eq. 

4-1) and ‘ iε ’ is the modelling error term. The expected value is calculated as follows: 
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where ‘ CB ’ is an empirically derived correction ratio to correct the bias in the estimation 

of ‘ iM ’  resulting from the retransformation of ‘ ( )iMln ’ (‘ln’ is taken to solve the 

exponential equation) to ‘ iM ’ and also as ‘ iε ’ comes from a skewed distribution. 

Variance inflation factor ‘ϕ ’, which is random having mean equal to 1, is used to 

increase the variance of the precipitation amount (‘ iM ’)  to obtain better agreement 

between the observed and the estimated precipitation time series.  

The large scale variables ‘ ijV̂ ’  in Eqs. 4-1 to 4-3 is the set of most relevant predictor 

variables selected for a study site among all the available large-scale predictors. Selection 

of a set of most relevant predictors for the site in question is the most important and a 

sensitive task in the operation of the SDSM. The SDSM performs correlation and partial 

correlation analysis between the predictand of interest and the predictors. Then based on 

the outcome of these two analyses, a set of the most important predictors has to be chosen 

by the user. Application of the SDSM for precipitation downscaling of the Clutha 

watershed has been described in details in the forthcoming paragraphs. 

Table 4-1 contains the list of all the NCEP predictors obtained for this thesis study. 

Necessary details regarding this set of predictors are provided in Chapter 3 (Sec. 3.3) of 

this thesis. A correlation analysis between the full set of 26 NCEP predictors was 

performed in order to see the relationship between all the possible pairs of predictors. The 

outcome of this correlation analysis in the form of a correlation matrix is shown in Table 
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4-2. Examination of this table shows that there are some predictor-predictor pairs which 

have significant relationship between them as the correlation between them is more than 

0.80. These include Mean sea level pressure with 850 hPa geopotential height, 500 hPa 

airflow strength with 500 hPa zonal velocity, 500 hPa meridional velocity with 500 hPa 

divergence and 850 hPa meridional velocity, 850 hPa zonal velocity with Surface zonal 

velocity, 850 hPa meridional velocity with Surface meridional velocity and Surface 

divergence, 500 hPa geopotential height with 850 hPa geopotential height, Surface 

meridional velocity with Surface divergence and Surface specific humidity with Mean 

temperature at 2 metres. This correlation analysis among the candidate predictors for the 

final regression equation shows that inclusion of both the predictors from a predictor-

predictor pair with high correlation between them should possibly be avoided as it may 

not improve the efficiency of the regression equation. 

In the process of the SDSM model calibration, initially the daily precipitation data for a 

selected station, namely Ophir 2, from the study watershed are used in the SDSM. The 

correlation analysis performed within the SDSM between precipitation of this site and the 

NCEP re-analysis predictors of Table 4-1 revealed very poor correlation between them. 

Consequently, offline statistical analysis was undertaken to improve this correlation to an 

acceptable limit. A cross-correlation analysis between the daily precipitation of Ophir 2 

and the NCEP predictors was an attempt in this regard. An optimal lag or time shift, 

required to improve the correlation between each predictor-predictand pair, was 

identified and the correlation results from this analysis are shown in Figure 4-2. 

Examination of the figure shows that the coefficient of determination (R2) values 
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obtained are even less than 10%. According to Hessami et al. (2008), ‘… in the case of 

daily rainfall, any positive explained variance is valuable, as this corresponds to a 

correlation between 0.36 and 0.56, which for daily climatic time series is quite 

respectable, in particular considering the stochastic character of daily rainfall.’ On the 

basis of this acceptable range of correlation (R) indicated in Hessami et al. (2008), 

correlation values shown in Figure 4-2 cannot be considered satisfactory. Further cross-

correlation analysis using the daily data of other individual stations revealed conclusions 

similar to those obtained using the Ophir 2 station data (see Appendix C, Figures C-1 to 

C-4). Accordingly, these predictors may not be used directly for reliable downscaling at 

the station scale. 

As the outcome of the station scale analysis was not favourable, an areal approach was 

adopted. The arithmetic average of the daily data from 23 stations within the vicinity of 

the Clutha watershed, with a record length of at least 30 years, was taken. This areal 

average daily precipitation time series is referred to as ‘Clutha precipitation’. Cross-

correlation analysis was again performed between the Clutha precipitation and the NCEP 

predictors. Table 4-2 shows the results of this cross-correlation analysis in terms of 

predictand-predictor lag (in days) required to get the maximum correlation between them. 

After arranging each NCEP predictor against the Clutha precipitation on the basis of the 

lag values given in Table 4-2, the predictor-predictand correlation improved significantly. 

This improvement is clearly visible in Figure 4-3.  
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Figure 4-1. Flow diagram of the SDSM modelling process. 
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Table 4-1. List of NCEP re-analysis predictors obtained for this study. 

Pr. # Short Name Description Pr. # Short Name Description 

P01 ncepmslpaz Mean sea level pressure P14 ncepp500az 500 hPa geopotential height 

P02 ncepp5_faz 500 hPa airflow strength P15 ncepp850az 850 hPa geopotential height 

P03 ncepp5_uaz 500 hPa zonal velocity P16 ncepp__faz Surface airflow strength 

P04 ncepp5_vaz 500 hPa meridional velocity P17 ncepp__uaz Surface zonal velocity 

P05 ncepp5_zaz 500 hPa vorticity P18 ncepp__vaz Surface meridional velocity 

P06 ncepp5thaz 500 hPa wind direction P19 ncepp__zaz Surface vorticity 

P07 ncepp5zhaz 500 hPa divergence P20 ncepp_thaz Surface wind direction 

P08 ncepp8_faz 850 hPa airflow strength P21 ncepp_zhaz Surface divergence 

P09 ncepp8_uaz 850 hPa zonal velocity P22 ncepr500az Relative humidity at 500 hPa 

P10 ncepp8_vaz 850 hPa meridional velocity P23 ncepr850az Relative humidity at 850 hPa 

P11 ncepp8_zaz 850 hPa vorticity P24 nceprhumaz Near surface relative humidity 

P12 ncepp8thaz 850 hPa wind direction P25 ncepshumaz Surface specific humidity 

P13 ncepp8zhaz 850 hPa divergence P26 nceptempaz Mean temperature at 2 m 

*Pr. # = Predictor number
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Table 4-2. Correlation matrix of all 26 NCEP reanalysis large scale predictors. The numbers in red: The strong predictor-predictor 

correlation. 

P01 P02 P03 P04 P05 P06 P07 P08 P09 P10 P11 P12 P13 P14 P15 P16 P17 P18 P19 P20 P21 P22 P23 P24 P25 P26
P01 1.00
P02 -0.39 1.00
P03 -0.34 0.84 1.00
P04 0.35 0.03 -0.02 1.00
P05 0.49 -0.19 -0.09 0.09 1.00
P06 -0.07 -0.22 -0.45 -0.35 -0.09 1.00
P07 0.31 0.02 -0.02 0.88 0.09 -0.30 1.00
P08 -0.46 0.71 0.50 -0.07 -0.20 -0.03 -0.05 1.00
P09 -0.34 0.72 0.84 -0.06 -0.06 -0.40 -0.03 0.62 1.00

P10 0.15 0.07 0.00 0.83 -0.16 -0.26 0.73 -0.03 -0.09 1.00
P11 0.65 -0.17 -0.11 0.48 0.61 -0.20 0.42 -0.25 -0.17 0.27 1.00
P12 0.03 -0.36 -0.49 -0.28 0.00 0.62 -0.24 -0.15 -0.56 -0.24 -0.08 1.00
P13 0.10 0.04 -0.01 0.65 -0.14 -0.18 0.61 -0.02 -0.06 0.79 0.17 -0.16 1.00
P14 0.68 -0.30 -0.21 -0.03 0.62 0.03 -0.02 -0.36 -0.18 -0.25 0.43 0.08 -0.18 1.00
P15 0.96 -0.39 -0.31 0.22 0.56 -0.03 0.20 -0.46 -0.30 -0.01 0.61 0.05 -0.01 0.85 1.00
P16 -0.38 0.31 0.11 -0.17 -0.22 0.17 -0.13 0.79 0.25 -0.11 -0.30 0.15 -0.02 -0.30 -0.38 1.00
P17 -0.32 0.58 0.66 -0.11 -0.06 -0.31 -0.06 0.62 0.93 -0.16 -0.22 -0.48 -0.09 -0.17 -0.28 0.36 1.00
P18 0.00 0.08 -0.04 0.63 -0.33 -0.12 0.55 0.03 -0.15 0.92 0.10 -0.12 0.72 -0.37 -0.16 0.01 -0.21 1.00
P19 0.52 -0.07 -0.10 0.59 0.25 -0.22 0.51 -0.17 -0.19 0.52 0.75 -0.12 0.34 0.16 0.38 -0.23 -0.27 0.41 1.00
P20 0.18 -0.45 -0.49 -0.16 0.08 0.41 -0.16 -0.42 -0.64 -0.13 0.07 0.64 -0.11 0.20 0.19 -0.12 -0.66 -0.05 0.07 1.00
P21 -0.03 0.13 0.03 0.65 -0.32 -0.14 0.59 0.06 -0.09 0.93 0.09 -0.14 0.75 -0.37 -0.17 0.00 -0.15 0.97 0.39 -0.08 1.00
P22 -0.43 0.10 0.03 -0.37 -0.23 0.18 -0.32 0.23 0.02 -0.27 -0.41 0.14 -0.22 -0.26 -0.39 0.27 0.03 -0.14 -0.41 0.04 -0.17 1.00
P23 -0.37 0.07 0.01 -0.18 -0.34 0.10 -0.16 0.11 -0.06 -0.03 -0.35 0.05 -0.03 -0.34 -0.38 0.13 -0.11 0.13 -0.21 0.07 0.08 0.41 1.00
P24 -0.09 -0.32 -0.41 -0.25 -0.15 0.32 -0.23 -0.17 -0.45 -0.11 -0.26 0.36 -0.07 -0.09 -0.10 0.06 -0.41 0.08 -0.17 0.37 0.00 0.31 0.55 1.00
P25 -0.06 -0.10 -0.05 -0.41 0.21 0.18 -0.35 -0.08 -0.01 -0.49 -0.11 0.15 -0.32 0.62 0.21 -0.03 -0.02 -0.46 -0.35 0.15 -0.45 0.16 0.12 0.15 1.00
P26 0.02 0.02 0.10 -0.29 0.26 0.05 -0.25 -0.04 0.13 -0.41 0.01 0.01 -0.28 0.68 0.29 -0.10 0.10 -0.46 -0.22 0.03 -0.42 0.02 -0.07 -0.17 0.93 1.00



Chapter 4 

 

 

90 

Examination of Figure 4-3 shows that there are a number of NCEP predictors which have 

a coefficient of determination values in the range of 13% to 25% with the Clutha 

precipitation time series. This range is considered acceptable when dealing with 

precipitation downscaling (cf. Hessami et al., 2008; Wilby et al., 2002). 

Table 4-3.  Results of the cross correlation analysis. 

Predictor Name Predictor Description 
Optimal Lag with Clutha 

precipitation (days) 

ncepp5_vaz 500 hPa meridional velocity +1 

ncepp5zhaz 500 hPa divergence +1 

ncepp8_faz 850 hPa airflow strength +1 

ncepp8_uaz 850 hPa zonal velocity +1 

ncepp8_vaz 850 hPa meridional velocity +1 

ncepp8zhaz 850 hPa divergence +1 

No lag is required for all other predictors 
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Figure 4-2.  Correlation between Ophir2 precipitation and NCEP predictors. Predictor 

number 1 to 26 on x-axis represents P01 to P26 as given in Table 4-1. 

 

Figure 4-3. Correlation between Clutha precipitation and NCEP predictors. Predictor 

number 1 to 26 on x-axis represents P01 to P26 as given in Table 4-1. 
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4.2.1. Model calibration 

The lagged NCEP predictors and Clutha precipitation obtained in the previous steps 

(explained in the first part of Sec. 4.2) were then used in the SDSM. From the set of all 

26 NCEP predictors, the selection of a set of the most relevant predictors is the most 

important step in the process of downscaling using the SDSM. Wetterhall (2005) has 

noted that, according to Wilby et al. (1998) and Georgi et al. (2001), the following 

guidelines should be followed when selecting the set of most relevant predictors: 

i. the selected predictor should be physically and conceptually sensible 

ii. it should be continuous in nature, if downscaling of the extreme events is required 

iii. the GCM selected for the study should be able to accurately model it and readily 

provide it 

iv. it has a strong correlation with the predictand in question and can also account for 

the variability of that predictand to a reasonable extent 

v. its relationship with the predictand is temporally stable. 

The selection of the most important predictors is usually done on the basis of the outcome 

of correlation, partial correlation and scatter plot analysis of the local predictand with all 

the candidate predictor variables. It can either be performed within the SDSM or outside 

it. By means of this analysis, the percentage of the explained variance by all the possible 

predictand–predictor pairs is investigated. As a predictor may not show the same strength 

(of relationship with predictand) for all 12 months of the year, it should be included in the 
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final selected set only if it is performing well (high value of the percentage of the 

explained variance) for at least one month (cf. Wilby et al., 2007). In this way, a reduced 

set of predictors is obtained that contains predictors showing good performance for 

different parts of the year. Hence the final selected set of predictors will ensure a 

regression model performing equally well for all 12 months of the year. Following the 

predictor selection procedure described above, a set of 10 predictors, exhibiting better 

performance in the analysis (shown in Figure 4-4) performed for predictor selection, were 

finally chosen and are given in Table 4-4. The predictor selection process described here 

is consistent with other similar studies, e.g Dibike and Coulibaly, 2005. The set of 10 

chosen predictors was then used for calibration of the SDSM downscaling model.  

Table 4-4: List of selected NCEP predictors used in the SDSM model calibration. 

Predictor Code NCEP predictor name Predictor description 

P01 Ncepmslpaz Mean sea level pressure 

P03 ncepp5_uaz 500 hPa zonal velocity 

P05 ncepp5_zaz 500 hPa vorticity 

P07 ncepp5zhaz 500 hPa divergence 

P09 ncepp8_uaz 850 hPa zonal velocity 

P10 ncepp8_vaz 850 hPa meridional velocity 

P11 ncepp8_zaz 850 hPa vorticity 

P15 ncepp850az 850 hPa geopotential height 
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Predictor Code NCEP predictor name Predictor description 

P19 ncepp__zaz Surface vorticity 

P22 ncepr500az Relative humidity at 500 

hPa 

 

A scatter plot matrix of the 10 selected NCEP predictors to be used for the SDSM model 

calibration is given as Figure 4-5. Examination of this figure reveals that correlation of 

most of the predictor-predictor pairs from the set of selected predictors (given in Table 

4-4) is either very low or not significantly high, which proves the appropriateness of the 

selected set of 10 NCEP predictors for model calibration. 

 

Figure 4-4: Output of the SDSM showing the monthly correlation of the selected NCEP re-

analysis predictors with the Clutha precipitation. The numbers in red show the highest 

value for the month. 
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Figure 4-5. Scatter plot matrix of the 10 selected NCEP predictors used for the SDSM 

model calibration. 

The Clutha precipitation and the NCEP predictors for the period 1961–2000 were split 

into two parts. The first part for 1961–90 was used for model calibration while the 

remaining data of 1991–2000 were used for model validation (as an independent set of 

data). SDSM was calibrated for each month of the year using the same set of 10 selected 

NCEP predictors for the calibration period. Different values of SDSM set-up parameters 

such as ‘Variance Inflation’ and ‘Bias Correction’ (Wilby et al., 2002) were tested. By 

means of the ‘Variance Inflation’ parameter (adding or reducing the magnitude of the 
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‘white noise’ applied to the model estimated time series), the magnitude of variance in 

the downscaled precipitation was changed to bring it close to the variance of the observed 

precipitaion data, while the ‘Bias Correction’ parameter was used to control the under- or 

overestimation of the means by the downscaling model. After an iterative process, the 

values of these two parameters were found that generate the best performing model, i.e. a 

model with maximum coefficient of determination (R2) and identical standard deviation 

in the comparison of observed and simulated data. This model tuning/calibration strategy 

is in line with the one explained in Dibike and Coulibaly (2005). Performance of the 

SDSM in the calibration phase is shown in Figure 4-6 and 4-7. 

 

Figure 4-6. SDSM Calibration: Scatter plot of observed versus simulated daily 

precipitation. 

Figure 4-6 shows the observed versus the SDSM simulated precipitation scatter plot for 

the calibration period 1961–90. The R2 for the calibration period is ‘0.391’ (Figure 4-6). 

As it has already been discussed in Section 4.2, considering the fact that the predictand in 



Chapter 4 

 

 

97 

this problem is precipitation, the R2 value of ‘0.391’ can be considered a good calibration 

of the SDSM. Figure 4-7 shows comparisons of the observed and the SDSM-estimated 

month-wise mean daily precipitation and its standard deviation. Examination of this 

figure shows that the calibrated model reproduces the monthly mean daily precipitation 

values quite well. It slightly underestimates the mean daily precipitation for the months of 

April, June, July and September (< 1 mm) and almost equally overestimates it in the 

months of January, February, March, May, August, October, November and December. 

As Wilby et al. (2004) point out, downscaling models are often regarded as less able to 

model the standard deviation (or variance) of the observed precipitation with great 

accuracy. However, examination of Figure 4-7 reveals that the SDSM reproduces the 

observed standard deviation reasonably well for the Clutha watershed. Only for five 

months of the year (April, June, July, September and December), the SDSM simulated 

standard deviation is below that of the observed data. For the remaining seven months, 

the simulated and observed standard deviations are well in agreement with each other. 
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Figure 4-7. SDSM Calibration: Comparison of observed and simulated precipitation 

characteristics for the period of 1961-1990. 

4.2.2. Model validation 

After accomplishing a satisfactory calibration (in terms of R2 and comparison of observed 

and simulated data characteristics), the multiple regression model is validated using the 

data for 1991–2000 (as an independent set of data outside the period for which the model 

is calibrated), and the results obtained are shown in Figures 4-8 to 4-11. Considering the 

challenging nature of the precipitation downscaling problem, examination of these 

figures reveals that the model is successfully validated. Figure 4-8 presents the observed 

versus the SDSM-simulated precipitation scatter plot for the validation period. The R2 for 
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this period is ‘0.382’ (Figure 4-8) which can be considered satisfactory based on the 

discussion presented in Section 4.2.  

 

Figure 4-8. SDSM Validation: Scatter plot of observed versus simulated daily precipitation. 

In Figure 4-9, on most occasions simulated precipitation is close to the observed 

precipitation value except for the months of January, April and September. In order to 

further analyse the performance of the SDSM downscaling model in the validation phase, 

the observed and the SDSM simulated data have been compared in terms of a STARDEX 

extreme precipitation index, i.e. wet-day persistence ( wdp ). This index is defined as 

(Schmidli and Frei, 2005): 

periodspecifiedthatindayswettheofnumberTotal
periodspecifiedaindayswetutivecontheofnumberTotal

wdp
sec

=   (4-4) 
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This comparison is presented in Figure 4-10. Examination of this figure leads to the fact 

that the observed and simulated values are quite similar but on many occasions they are 

underestimated by the simulated data (especially for all the summer months, i.e. 

December, January and February). 

 

Figure 4-9. SDSM Validation: Comparison of observed and simulated precipitation 

characteristics for the period of 1991-2000. 

Comparison of simulated and observed values of seasonal mean daily precipitation 

presented in Figure 4-11 reveals that the SDSM has simulated the winter and autumn 

precipitation better than the summer and spring seasons. Seasonality in the performance 

of downscaling models is an issue that has been discussed in many studies leading to a 

conclusion that almost all downscaling models show less ability in simulating summer 
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precipitation as compared to other seasons (e.g. Maraun et al., 2010; Goodess et al., 2010; 

Wetterhall et al., 2006 and Haylock et al., 2006). 

 

Figure 4-10.  SDSM Validation: Comparison of observed and simulated wet-day 
persistence. 
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Figure 4-11. SDSM Validation: Performance evaluation in terms of average seasonal 
precipitation. 
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4.2.3. Downscaled projections 

The calibrated SDSM model was run for ten HadCM3 GCM predictors corresponding to 

the NCEP predictors used in the calibration and validation phases for the period 1961–

2099. The climate change scenario used for future projections is SRES A2, the higher 

mid-range scenario (Nakicenovic and Swart, 2000). From the precipitation time series of 

1961–2099 thus obtained, two time slices/climatologies (around 30-year data) were 

extracted for precipitation change analysis. The first slice covers the current climate 

period (also called ‘baseline period’) 1961–90 while the second slice covers the future 

period of 2071–99 (also called the 2080s). In the change analysis, two precipitation 

characteristics were analysed, namely monthly mean daily precipitation and monthly 

maximum daily precipitation, averaged for the whole 30-year period. The results 

obtained in this analysis are shown in Figures 4-12 and 4-14. In case of the monthly mean 

daily precipitation, the future picture sketched by SDSM downscaled results (Figure 4-

12) shows a mixed trend. For the months of March, September and December, it projects 

a decrease in mean daily precipitation as compared with an increase for the rest of the 

year. Overall the precipitation in this watershed is projected to increase between 0.5 mm 

to 1.5 mm (~ 8% to 30%) by the end of this century, i.e. 2080s. Future projections in 

terms of seasonal mean daily precipitation have been shown in Figure 4-13. Examination 

of this figure shows a significant increase (~30%) in winter precipitation as compared to 

other seasons. Larger increase in winter precipitation may be a result of increased 

westerly winds across this watershed. It is important to mention here that the projected 
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changes are somewhat similar to the difference in observed and simulated values which 

introduces an element of uncertainty about any likely changes. 

 

Figure 4-12: Downscaled projections of monthly mean daily precipitation obtained from the 

SDSM model. 

 

Figure 4-13. Downscaled projections of seasonal mean Clutha precipitation obtained from 

the SDSM model. 
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The SDSM downscaled future projections of monthly maximum daily precipitation are 

shown in Figure 4-14. Examination of this figure shows an overall increase of 5–150% 

over most of the year except for the months of February, September and December where 

a decrease of 1–25% has been projected (Figure 4-14). The curves for baseline and future 

precipitation are mostly ‘in phase’, suggesting almost no change in the distribution of 

precipitation among the months. 

 

Figure 4-14. Downscaled projections of monthly maximum Clutha precipitation obtained 

from the SDSM model. 

4.3. LARSWG Model 

LARS-WG is a weather generation tool specially designed by Semenov and Barrow 

(1997) for climate change studies. It can be used for a variety of purposes, such as to 
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synthesize weather data, fill in missing values in a time series or to generate data for an 

ungauged site (using observed data properties of a neighbouring gauged site). It can deal 

with daily climatic parameters, such as precipitation, temperature and solar radiation. It 

takes as an input the long-term daily information of the climatic parameter of interest for 

a site and then can generate the scenarios of changed climate for a site by perturbing the 

parameters derived from the observed data to generate synthetic data (Figure 4-15). The 

forthcoming paragraphs summarise the description of LARS-WG presented in Semenov 

and Barrow (2002). 

The working of LARS-WG is based on the following main assumptions (Semenov and 

Barrow, 2002): 

• amount of precipitation on a wet day is independent of the status of the previous 

day (or days) 

• daily maximum and minimum temperatures are stochastic processes 

• the auto-correlation coefficient remains constant throughout the year 

• the average auto-correlation value used for minimum-maximum temperatures and 

solar radiation is derived from observed data 

• the t-test and F-test, performed on observed and synthetic weather data, are based 

on the assumption that both of the two data sets are randomly chosen samples from 

existing distributions and the tests are made to test the null hypothesis that the two 

distributions are the same (or similar).   
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In principle, the LARS-WG falls in a class of weather generators that are based on the 

series weather generator discussed in Racsko et al. (1991). The Markov chain approach 

has been widely used for modelling precipitation occurrence in earlier weather generator 

models. The LARS-WG uses a newer approach known as the ‘spell-length’ approach. In 

the spell-length approach, the relative frequencies of dry and wet spell lengths are 

statistically simulated rather than simulating precipitation day by day (Wilks and Wilby, 

1999). Any day with precipitation greater than 0 mm is treated as a wet day.  

For distribution of precipitation (monthly and daily), the LARS-WG uses the parameters 

of a semi-empirical distribution fitted to the observed data. The semi-empirical 

distribution used by the LARS-WG is given by (Semenov and Barrow, 2002): 

{ }10,.....,1,;,0 == ihaaEmp ii         (4-5) 

The semi-empirical distribution given in Eq. 4-5 is actually a histogram with 10 intervals, 

each interval given as ‘ [ )ii aa ,1− ’ (where ii aa <−1  and ‘ ih ’  refers to the number of 

observed data events found in i th interval. Hence, it is a flexible kind of distribution that 

can model many types of shapes by simply adjusting the interval ‘ [ )ii aa ,1− ’. This kind of 

distribution requires a total number of 21 parameters to define dry and wet series (Racsko 

et al., 1991). The expected properties of the observed data in hand help to decide the 

histogram interval (Semenov et al., 1998). 
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Change random number seed Random number seed

 

Figure 4-15. LARS-WG modelling process. 
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4.3.1. Model calibration 

Before using the LARS-WG for downscaling, its performance using the Clutha 

precipitation for the period 1961–2000 was analysed. The LARS-WG modelling process 

for this specific study has been shown as a flow diagram in Figure 4-15. As shown in 

Figure 4-15, the first step in its modelling process is providing it with a long enough 

observed time series. Then the LARS-WG calculates the statistical properties, such as 

monthly totals, standard deviation and wet/dry spell lengths, of the provided observed 

data time series. This process can be regarded as calibration of the LARS-WG model 

(Semenov, 2002). Once calibration is done, the LARS-WG is able to generate any length 

of data. Data generation using the calibrated model is actually model validation of the 

LARS-WG model (Semenov, 2002). The generated data exhibits statistical properties 

similar to the observed but does not attempt to reproduce the observed data as it is. For 

this reason, the corresponding values in the observed and generated data time series never 

match. Hence, no scatter plots between the observed and the model estimated data will be 

shown for the LARS-WG as were shown in case of the SDSM performance evaluation.  

4.3.2. Model validation 

For the purpose of this thesis study, Clutha precipitation was used as input to LARS-WG 

in the calibration phase. Then the calibrated model was used to generate a synthetic daily 

precipitation time series with a record length of 500 years to verify the performance of 

the calibrated model (model validation). The synthetic time series was compared to the 
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observed data in terms of the two statistical properties, namely mean monthly 

precipitation and monthly standard deviation of precipitation. This comparison was made 

to gauge the ability of LARS-WG to reproduce the observed precipitation statistics. The 

statistical properties used in this comparison are very similar to those used in the previous 

studies (e.g. Dibike and Coulibaly, 2005). 

Figure 4-16 shows the results of the comparison between the observed data (the Clutha 

precipitation) and LARS-WG generated time series for the period 1961–2000. It is 

evident that the means of daily precipitation for each month are very well modelled by 

LARS-WG, except for summer months where it overestimates the mean precipitation. 

Downscaling models’ limitation in simulating summer precipitation is a well-known fact 

that has been discussed earlier (see Sec. 4.2.2). In terms of the standard deviation, 

LARS-WG has proved to be a less robust model, as it mostly underestimates the 

observed standard deviation. Overall, for the months of February, March, May and July, 

the standard deviation of LARS-WG generated data is quite close to that of observed data 

(Figure 4-16). Performance of the LARS-WG in terms of reproducing wet-day 

persistence (defined in Sec. 4.2.2) has been shown in Figure 4-17. This figure reveals 

very good performance of the LARS-WG model, as observed and simulated values for 

each month are very close to each other. Seasonal analysis of the LARS-WG simulated 

precipitation (Figure 4-18) again endorses the fact that summer precipitation is weakly 

simulated by downscaling models than other seasons. After satisfactory calibration and 

validation of the LARS-WG model (Figures 4-16 to 4-18), it was used to generate a 30-
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year time series representing the baseline period 1961–90. This generated baseline time 

series was used in the precipitation change analysis. 

 

Figure 4-16. LARS-WG Validation: Comparison of observed and simulated precipitation 

characteristics for the period 1961–2000. 
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Figure 4-17. LARS-WG Validation: Comparison of observed and simulated wet-day 

persistence. 
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Figure 4-18. LARS-WG Validation: Performance evaluation in terms of average seasonal 

precipitation. 
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4.3.3. Downscaled projections 

The downscaling of precipitation using the LARS-WG is based on the daily precipitation 

output of a GCM (see Chapter 3, Sec. 3.3 for more details). This GCM output is used for 

the derivation of monthly relative change factor (RCF) of the average precipitation 

amount and the average length of dry/wet spell. In the present study, the daily 

precipitation time series of the HadCM3 GCM, representing current climate forcing for 

1961–89 and a future time series of 2080s, is used in calculating the relative change 

factors. The future time series is based on the SRES A2 scenario run. The daily 

precipitation data extracted from the HadCM3 output (Chapter 3, Sec. 3.3) for the two 

periods (baseline and 2080s) were used by the LARS-WG to calculate the monthly RCFs 

of mean daily precipitation and average length of wet and dry spells as in Eq. 4-6. 

⎥
⎦

⎤
⎢
⎣

⎡ −
+=

.
..

1
precipbaseline

precipbaselineprecipFuture
RCF            (4-6) 

The difference of these properties between the two time slices gave the change (positive 

or negative) between two climate regimes, projected by the chosen GCM, i.e. HadCM3. 

Table 4-5 gives the month-wise relative change factors for mean daily precipitation, 

average wet-spell days and average dry-spell days, as calculated from the HadCM3 daily 

precipitation data. Once the change factors were calculated, they were subsequently used 

in the calibrated LARS-WG model to perturb the observed data properties in order to 

generate a 30-year daily time series representing the 2080s time slice. Precipitation 
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change analysis was then performed by comparing the generated baseline time series and 

the generated future time series of the 2080s.  

Table 4-5. Monthly relative change factors used in LARS-WG for Clutha precipitation 

downscaling. 

Month Mean daily Wet spell length Dry spell length 

January 1.01 0.90 1.13 

February 1.13 0.99 1.21 

March 1.01 0.82 1.05 

April 0.98 0.99 1.14 

May 1.30 1.17 1.09 

June 1.16 1.10 1.13 

July 1.20 1.47 1.11 

August 1.10 1.03 1.08 

September 1.10 1.15 1.28 

October 1.14 1.38 1.06 

November 1.07 0.92 1.07 

December 0.96 0.98 1.06 

 

Analysis of the change in the precipitation regime of the Clutha watershed as obtained 

from the LARS-WG downscaling model, in terms of mean daily precipitation for each 

month, is presented in Figure 4-19. Overall, the LARS-WG downscaled results project an 

increase in mean daily precipitation amount except for the months of January, March and 

December where precipitation is projected to fall below the baseline precipitation 

amount. The projected increase in precipitation amount varies between 0.2 and 1.5 mm 

(4–30%) with May being the month with the highest increase (~ 30%). 
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Figure 4-19. Downscaled projections of monthly mean Clutha precipitation obtained from 

the LARS-WG model. 

Change in the seasonal precipitation of the Clutha watershed based on the LARS-WG 

downscaling is analysed in Figure 4-20. Examination of this figure reveals that it is 

almost identical to what has been seen in the case of SDSM downscaling, i.e. more 

significant increase in winter precipitation (~ 15%) as compared to the other three 

seasons. 
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Figure 4-20. Downscaled projections of seasonal mean Clutha precipitation obtained from 

the LARS-WG model. 

Change in monthly maximum daily precipitation is presented in Figure 4-21. 

Examination of this figure shows that similar to what have been seen in case of the 

SDSM, downscaled projections of LARS-WG also show an overall increase of 5-40%. In 

case of LARS-WG, there are two months with projected decrease in precipitation, namely 

March and December, while almost no change is projected for the month of January. The 

comparison of shape of the two curves (baseline and future) reveals that these are mostly 

‘out of phase’ indicating a change in the distribution of precipitation among different 

months of the year. 
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Figure 4-21. Downscaled projections of monthly maximum Clutha precipitation obtained 

from the LARS-WG model. 

4.4. Summary 

In this chapter of the thesis, the downscaling experiments for the study watershed, using 

two most widely used downscaling models, has been presented. Hence, it includes a 

detailed discussion on the processes involved in the operation of the downscaling scheme 

and results obtained. First it elaborates the calibration, validation and downscaling results 

of one of the two models presented in this chapter, i.e. SDSM. Following a similar 

pattern,  it then describes the calibration, validation and downscaling results of the second 

model, i.e. LARS-WG. These results show that both the models have good capability to 

model the precipitation at the Clutha watershed.
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Chapter 5. Gene Expression 

Programming (GEP) as an 

Innovative Downscaling Tool 

5.1. Introduction 

Investigation of the hydrological impacts of climate change at the regional scale requires 

the use of a downscaling technique. Downscaling is a process of transforming the coarse 

spatial resolution of Global Climate Model (GCM) information to a form suitable for 

direct use in hydrological models. On the basis of its working principle, it can be broadly 

categorised as statistical and dynamical. There have been a number of studies to date 

which provide detailed discussions about both categories, such as Xu (1999); Wilby et 
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al., (2004) and Christensen et al. (2007). Marked progress has already been made in the 

development of new statistical downscaling techniques. These techniques can be 

classified into three major classes, namely: (1) weather generator; (2) weather typing; and 

(3) transfer function or multiple regression. The third class of statistical downscaling 

techniques involves the development of relationships between the large-scale climatic 

parameters (predictors) and the local variables (predictands), such as temperature and 

precipitation. Traditionally, it has been done through multiple linear regression, with or 

without data preprocessing techniques aimed at reducing the dimensionality of the 

problem (Huth, 1999; Wilby et al., 2002). These techniques include principal component 

analysis (e.g. Schoof and Pryor, 2001), and canonical correlation analysis (e.g. Busuioc et 

al., 2008). When the variable of interest is precipitation, the predictor-predictand 

relationships are often very complex, and linear regression-based methods may not work 

very well. For this reason, a number of nonlinear regression downscaling schemes based 

on data-driven soft computing techniques were introduced. Initially, these techniques 

were based mainly on the use of Artificial Neural Networks (ANNs). Recent studies have 

shown that statistical downscaling schemes based on the use of ANN models can present 

good nonlinear regression models (e.g. Mpelasoka et al., 2001; Haylock et al., 2006), and 

can be considered as able to find a generalized relationship. The ANN-based models are 

often complex in nature so their solutions are not easily interpretable in a physically 

meaningful way, and they can significantly suffer from conventional modelling problems, 

such as being trapped at the local optimum during their calibration (Tripathi et al., 2006). 

Another soft computing technique known as Genetic Programming (GP) (Koza, 1994) 

has emerged as a popular tool in recent years. In the field of water resources, GP has a 
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number of applications. It has been used to model groundwater related problems (Hong 

and Rosen, 2002). It has also been used as a rainfall-runoff modelling tool on a number of 

occasions, which are not fully reviewed here. Previous studies showed that GP is more 

efficient and successful than ANNs in the area of rainfall-runoff modelling (e.g. Savic et 

al., 1999; Whigham and Crapper, 2001; Babovic and Keijzer, 2002; Liong et al., 2002 

and Aytek et al., 2008).  

In the context of downscaling for climate change studies the use of GP (or its variants) is 

not widespread. The advantage of GP over ANNs for developing downscaling functions 

is that it provides efficient and transparent modelling solutions. As far as the authors are 

aware, the first attempt to use GP as a downscaling tool was by Coulibaly (2004). The 

target parameter in this study was temperature, and testing of GP for the challenging task 

of precipitation downscaling was recommended.  

The study presented in this chapter endorses the recommendations in Coulibaly (2004). A 

precipitation downscaling case study has been presented here for the Clutha watershed in 

New Zealand, using a nonlinear multiple regression model developed by the authors 

using Gene Expression Programming (GEP) which is a variant of GP (Ferriera, 2001). 

While some of the results of the GEP model used in this study were presented in our 

earlier work (Hashmi et al., 2009), complete modelling details were not provided. The 

main focus of the present study is to 1) fully explain the GEP modelling process in the 

context of watershed precipitation downscaling; and 2) evaluate and compare the 

performance of our GEP model with a popular method of similar nature. 
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5.2. Study Site and Data 

This study has been done for the Clutha River watershed, upstream of the Balclutha 

stream flow gauge, located in the South Island of New Zealand. Details related to the 

study area are presented in Chapter 3 of this thesis. Sources and the nature of the data 

used for this study are the same as used for the downscaling using the SDSM and have 

been fully described in Chapter 3 of this thesis. It consists of two sets of data. The first set 

is called ‘Clutha precipitation’, which is the average daily precipitation time series 

obtained from the observed daily data of 23 stations in the watershed (see Chapter 4). The 

second set contains the large scale predictor variables’ data. This set represents the 

predictor data of a grid box closest to the study area derived from the National Centre for 

Environmental Protection (NCEP) re-analysis large scale predictors’ data developed by 

Kalnay et al. (1996).  A summary description of the Clutha precipitation is shown in 

Table 5-1.  

Table 5-1. Summary description for daily Clutha precipitation data 

Length of record 40 years (1961-2000) 

Minimum 0 mm 

Maximum 93.65 mm 

Mean 4.22 mm 

No. of values 14610 

Missing values 0 
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5.3. Methodology 

Symbolic regression is a type of nonparametric regression which relates the predictor and 

predictand variables in the form of a function. This function is not specified a priori, but 

it is constrained to contain a number of mathematical or logical expressions to be chosen 

from a preselected set of mathematical expressions (symbols) and predictor variables. In 

symbolic regression, genetic programming, which is based on Darwin’s theory of 

evolution, is used to obtain the optimum set of symbols and predictor variables and hence 

the predictor-predictand relationship. This section of the paper is divided into two 

subsections. The first subsection provides an overview of the application of GEP in the 

context of symbolic regression operations. The second subsection discusses how GEP 

symbolic regression can be used to develop a precipitation downscaling model.  

5.3.1. Symbolic regression using GEP 

GEP has been recently introduced as a variant of GP (Ferreira, 2001). GEP is an 

evolutionary algorithm like Genetic Programming (GP) and Genetic Algorithms (GAs) 

able to develop sophisticated computer programs. It uses a search and optimisation 

technique analogous to natural selection and evolution (Darwin’s theory). In the GEP 

process, a number of computer programs (mathematical models) are evolved and selected 

on the basis of their fitness for solving that particular problem (Figure 5-1). The process 

continues until a best solution for that problem is reached. The fundamental, structural 

and functional differences between GEP, GP and GA are summarised in Table 5-2. 
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The major steps involved in performing symbolic regression using GEP are shown as a 

flow chart in Figure 5-1 which can be summarised as follows: 

i. Generation of a random sample of initial population of chromosomes (genotype) – a 

population of decoded modelling solutions normally obtained using a language 

known as Karva 

ii. Translation of chromosomes into computer programs/models (phenotype). 

iii. Execution of the programs/models generated in the previous step 

iv. Performance evaluation of the programs using the selected fitness function 

v. Selection of the best performing programs 

vi. Reproduction of chromosomes using the best performing individual programs 

through genetic operators’ replication, mutation, transposition and recombination 

vii. Development of a new generation of programs as a result of the reproduction in the 

last step 

viii. Re-execution of steps ii to vii until the chosen termination criteria is fulfilled. 

 

Table 5-2: Qualitative comparison of GEP to GP and GAs (Ferreira, 2001). 

Serial # Genetic Programming Genetic Algorithms Gene Expression 

Programming 

1.  In GP, population In GAs, population In GEP, population 
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Serial # Genetic Programming Genetic Algorithms Gene Expression 

Programming 

individuals 

(chromosomes) are 

nonlinear, varying in 

length as well as shape 

(also known as ‘parse 

trees’) 

individuals 

(chromosomes) are 

linear and of fixed 

length 

individuals 

(chromosomes) are 

linear entities of fixed 

length that are 

converted to nonlinear 

entities of varying sizes 

and length (expression 

trees or computer 

programs) at a later 

stage  

2.  Use a single entity 

working as genome 

(gene) and phenome 

(body) at the same time 

Similar to GP GEP has totally separate 

genome and phenome 

3.  Sometimes invalid 

expressions can be 

obtained 

Similar to GP Always produces valid 

expressions 

4.  GP is not established 

beyond the replicator 

Similar to GP GEP is well established 

beyond the replicator 

threshold (self-copying 
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Serial # Genetic Programming Genetic Algorithms Gene Expression 

Programming 

threshold system in which there is 

hereditary variation 

(Ferreira, 2001)) 
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Figure 5-1. Flow diagram showing GEP algorithm. 
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A simple example of the GEP chromosome (model) having two genes (terms), which are 

linked by an addition function, is presented here to make it easy for the reader to 

understand the working of the GEP system. This GEP chromosome is given by: 

( ) ( )d
cba +*

                    (5-1) 

where ‘*’ is the usual multiplication function and ‘/’ is the usual division function, while 

‘a’, ‘b’, ‘c’ and ‘d’ are predictor variables. The above equation can also be expressed by 

the following expression tree (ET) (Figure 5-2) which is usually produced by a GEP 

software package. 

 

Figure 5-2. An example of two-gene GEP chromosome shown as an ET. 

As can be seen from Figure 5-2, the ET simply consists of a group of nodes represented 

by circles in this figure. Each node can either represent a mathematical expression or a 

variable. The connectivity between the different nodes is governed by the mathematical 

function the GEP model represents. 
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In GEP application, the chromosome can have one or more genes. The gene contains two 

types of information. The first type is stored in the head of the gene containing the 

information which is used in producing the overall GEP model. The head contains some 

of the functions from the preselected function set ‘F’ along with some terminals 

(variables and parameter constants) from the terminal set ‘T’. The second type is stored 

in the tail and only contains terminals (Ferreira, 2001). The tail contains the information 

which can be used in generating future GEP models. The arrangement of functions and 

terminals in the head and tail of a GEP gene is called its structural architecture. 

In the GEP system, several types of genetic operator are used for the reproduction of 

selected chromosomes in order to create genetic diversity (Ferreira, 2006). An overview 

of these genetic operators is presented in Table 5-3. 

Table 5-3. Brief description of different genetic operators used in GEP reproduction 

process. 

Genetic operator used in GEP system Description 

Mutation In GEP, it can take place at any time and 

any location in a chromosome but it does 

not affect its structure, i.e. in heads, 

functions and terminals change into other 

functions and terminals, whereas terminals 

can only change into other terminals in 

tails. 
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Genetic operator used in GEP system Description 

Inversion By means of this genetic operator, a 

randomly selected sequence in the gene 

head of a randomly selected chromosome is 

inverted to help the evolution process. 

Insertion sequence (IS) transposition It is restricted to operating on gene heads 

only. In a randomly selected chromosome, 

a randomly selected IS element having a 

function or a terminal in the first position 

transposes to the gene head except the root. 

Root insertion sequence (RIS) transposition It is also restricted to operating on gene 

heads only. In a randomly selected 

chromosome, a randomly selected RIS 

element having a function in the first 

position transposes to the start position of 

the gene. 

Crossover (single or double) In a single crossover, a randomly selected 

pair of parent chromosomes split up at a 

randomly selected same single location and 

exchanges their materials downstream of 
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Genetic operator used in GEP system Description 

that location to produce modified offspring. 

In case of double crossover, the same 

process takes place at two randomly 

selected locations in the parent 

chromosomes. 

Gene crossover In gene crossover, a randomly selected 

complete gene is exchanged between the 

parent chromosomes at the same location. 

Gene transposition It acts by transposing a randomly selected 

complete gene of a randomly selected 

chromosome to the start position of that 

chromosome. 

 

Full details regarding all the GEP genetic operators are available in Ferreira (2001, 2006, 

2010). A powerful soft computing package called GeneXproTools 4.0 has been used in 

this study to perform symbolic regression using GEP to solve the problem of 

precipitation downscaling for climate change studies. The specific methodology adopted 

for this study is illustrated in Figure 5-3. 
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Data (1961-2000)
Large scale variables (predictors) and 
watershed precipitation (predictand)

Model Training
Training samples (1961-1990), Fitness function,
tuning of GEP model [Figure 5-1, steps (1) to (8)]

Model Testing
Apply best evolved model on 
testing samples (1991-2000)

GEP model settings unchanged

Analysis and Comparison
Numerical and graphical

YesNO Satisfied with model 
performance?

 

Figure 5-3. Flow diagram of methodology adopted for this study. 
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5.3.2. Precipitation downscaling model using GEP 

As already mentioned in the introduction of this paper, this study presents the 

development of a relationship (to be used as a downscaling model) between the large-

scale predictors and the local predictand (through the use of GEP) of the form: 

( )nxxxfY ,,, 21 K=          (5-2) 

where ‘Y’ is the local predictand or dependant variable (in our case Clutha precipitation) 

and ‘ ix ’ is the i-th large-scale predictor or independent variable (in our case one of 26 

NCEP re-analysis predictors, i.e. 26,...,1=i ). Each GEP chromosome (population 

individual) is, in fact, a possible solution (predictor-predictand relationship) of this 

problem and the best solution is searched through the evolution process. 

The process used to obtain this relationship consisted of several important steps, namely 

1) characterising the GEP model learning environment; 2) selecting the fitness function; 

3) setting up function set (F) and terminal set (T); 4) defining chromosome architecture; 

5) defining the gene linking function; 6) selection of genetic operators; and 7) defining 

the stopping criteria. These major steps in the development of the GEP downscaling 

model are described in the forthcoming paragraphs. 

In order to enable the GEP system to learn from the available examples, it was provided 

with the daily time series of the 26 NCEP re-analysis large-scale predictors (independent 

variables, listed in Table 5-4) and Clutha precipitation (see Chapter 4 for full details) as 

the local predictand (dependent variable) for a period 1961–90. This data set is called 
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training data. The remaining data of predictors and predictand for the period 1991–2000 

was used for model testing, and this data is called testing data. The terms ‘model training’ 

and ‘model testing’ are equivalent to the two terms ‘model calibration’ and ‘model 

validation’ which are traditionally used in the usual modelling process. The proportion of 

training data and testing data, i.e. 30 years:10years, was set due to the fact that in climate 

change studies the period 1961–90 is mostly used as a baseline/reference period, e.g. as 

discussed in the IPCC third assessment report (TAR, 2001). Moreover, it was also 

intended to provide as much data as possible to facilitate the learning environment of the 

GEP system. 

The fitness function used in this study is the root mean square error (RMSE) with model 

parsimony pressure. The model parsimony pressure ensures that the model with the best 

fitness is the most parsimonious model as well.  

The next step is setting up the function set (F) and terminal set (T) which is used to build 

a chromosome, i.e. one of the many possibilities of the required precipitation 

downscaling model. In the case of this study, the function set consists of 13 functions 

(see Table 5-5 for details) selected among all the available functions in GEP. The 

function selection was based on simplicity and its relevance to the nature of the problem, 

thus ensuring a simple and efficient final GEP model. The terminal set contains 26 

independent variables (from P01 to P026 in Table 5-4) and numerical constants. Thus 

each possible solution of our problem was randomly generated by combining some 

functions and some terminals in such a way that it resulted in a valid solution, i.e. a valid 

computer program. 
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Table 5-4. List of all 26 NCEP re-analysis predictors with the predictors selected in GEP 

downscaling model shown in bold text. 

Pr. # Short Name Description Pr. # Short Name Description 

P01 ncepmslpaz Mean sea level pressure P14 ncepp500az 500 hPa geopotential height 

P02 ncepp5_faz 500 hPa airflow strength P15 ncepp850az 850 hPa geopotential height 

P03 ncepp5_uaz 500 hPa zonal velocity P16 ncepp__faz Surface airflow strength 

P04 ncepp5_vaz 500 hPa meridional velocity P17 ncepp__uaz Surface zonal velocity 

P05 ncepp5_zaz 500 hPa vorticity P18 ncepp__vaz Surface meridional velocity 

P06 ncepp5thaz 500 hPa wind direction P19 ncepp__zaz Surface vorticity 

P07 ncepp5zhaz 500 hPa divergence P20 ncepp_thaz Surface wind direction 

P08 ncepp8_faz 850 hPa airflow strength P21 ncepp_zhaz Surface divergence 

P09 ncepp8_uaz 850 hPa zonal velocity P22 ncepr500az Relative humidity at 500 hPa 

P10 ncepp8_vaz 850 hPa meridional velocity P23 ncepr850az Relative humidity at 850 hPa 

P11 ncepp8_zaz 850 hPa vorticity P24 nceprhumaz Near surface relative humidity 

P12 ncepp8thaz 850 hPa wind direction P25 ncepshumaz Surface specific humidity 

P13 ncepp8zhaz 850 hPa divergence P26 nceptempaz Mean temperature at 2 m 
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Table 5-5. Settings of the final GEP model used in the calibration phase. 

Function Set Symbol Weight Arity 
Addition + 4 2 
Subtraction - 4 2 
Multiplication * 4 2 
Division / 4 2 
Square root Sqrt 1 1 
Exponential Exp 1 1 
Natural logarithm Ln 1 1 
x to the power of 2 X2 1 1 
x to the power of 3 X3 1 1 
Cube root 3Rt 1 1 
Sine Sin 1 1 
Cosine Cos 1 1 
Arctangent Atan 1 1 
General 
Chromosomes 50 
Genes 6 
Head Size 9 
Linking function Addition 
Fitness function 
Error Type RMSE with Parsimony 
Genetic Operators 
Mutation Rate 0.044 
Inversion Rate 0.1 
IS Transposition Rate 0.1 
RIS Transposition Rate 0.1 
One-point Recombination Rate 0.3 
Two-point Recombination Rate 0.3 
Gene Recombination Rate 0.1 
Gene Transposition Rate 0.1 

 



Chapter 5 

 

 

135 

Defining the chromosome structure requires the specification of the maximum number of 

genes per chromosome as well as the size of the gene. In this study, the maximum 

number of genes per chromosome is set as six, based on the discussion in Ferreira (2001). 

The size of gene is the maximum number of functions and terminals that can be stored in 

the head and the tail of the gene. The size of the gene is normally controlled by its head 

size and the complexity of the problem, and can be obtained using a predefined equation 

in GeneXproTools 4.0 (Ferreira, 2001). In this study, the head size is taken as nine and 

the gene linking function is ‘+’ (addition) on the basis of recommendations made by 

(Ferreira, 2001) and findings of other studies (e.g. Guven and Aytek, 2008). 

To create genetic diversity (when required) in chromosome populations in order to assure 

that the global optimum solution is searched and to avoid being trapped in the local 

optimum solution, all genetic operators described in Table 5-3 were used. The values of 

these genetic operators are given in Table 5-5. 

The stopping criterion for the GEP model evolution process was ‘evolve until the 

coefficient of determination (R2) is 0.8 or more’ between the target (Clutha precipitation) 

and the GEP estimated time series. In case of precipitation downscaling, it is very 

difficult to achieve such high accuracy but setting this kind of stopping criterion allows 

the model to evolve until the highest possible R2 is achieved. The process was run several 

times and was stopped when no significant changes were noticed in the model statistics 

(fitness value and R2). Table 5-5 provides all the GEP settings used for the training of the 

GEP model developed for this specific study.  
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For the evaluation of the model performance, the criterion used here was similar to that of 

Coulibaly (2004) and is based on three parameters. These parameters are (1) model 

simplicity in terms of number of predictors used in the final model (N); (2) root mean 

square error (RMSE); and (3) coefficient of determination (R2). On the basis of the 

selected criterion, once a satisfactory level of model training results was obtained, the 

trained GEP model was run for the testing data of 1991–2000. 

In order to analyse the effectiveness of the GEP statistical downscaling model presented 

in this study, a comparison of its performance with another well-known regression- 

(linear) based downscaling model called Statistical DownScaling Model (SDSM, Wilby 

et al., 2002) was carried out. It was an attempt to compare like-with-like (as much as 

possible). Previous studies support such an approach for analysing a new downscaling 

model (e.g. Coulibaly, 2004). SDSM is a multiple linear regression-based tool for 

generating future scenarios to assess the impact of climate change. It is simple to 

implement and offers many useful capabilities, so it is more popular than other statistical 

downscaling approaches, e.g. weather generators and weather typing (Wilby et al., 2002). 

In SDSM, the selection of the set of most relevant predictors is performed on the basis of 

correlation and partial correlation analysis between the predictand of interest and the 

predictors. 

The comparison of the GEP-based downscaling model and SDSM downscaling model is 

based on the observed versus the modelled scatter plots, monthly mean daily precipitation 

and the values of the three selected parameters discussed above. The results of Hashmi et 

al. (2010) for SDSM downscaling is used in that comparison. The model training and 
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testing results were analysed offline to compare them with the results of the SDSM 

downscaling. 

5.4. Results and Discussion 

5.4.1. Evaluation of the GEP model performance 

In the GEP-based symbolic regression the most important predictors are selected 

automatically from the set of all the independent variables (predictors). The best evolved 

model in our case contained seven predictors, chosen as the most important among the 

total of 26 predictors. Further details about this model can found in Appendix D. Table 

5-4 shows the full list of predictors with their short names as used in the best model. The 

predictors shown in bold in Table 5-4 were selected in the best model.  

Performance of the best-evolved GEP model in the model testing period of 1991–2000 is 

shown in Figures 5-4, 5-5 and 5-6. Comparison of observed and GEP simulated monthly 

mean daily precipitation, shown in Figure 5-4, suggests a satisfactory performance of the 

GEP model, as on most occasions, observed and simulated, monthly values are quite 

close to each other. However, the GEP model’s performance in simulating the observed 

standard deviation is below average, as the simulated standard deviation mostly 

underestimates the observed values. This is known to be a common drawback in similar 

nonlinear regression methods, e.g. Artificial Neural Networks (ANNs), and is noted by 

other studies (e.g. Zorita and von Storch, 1997; Benestad, 2008).  
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As is done in the case of the SDSM and the LARS-WG downscaling models, the GEP 

model’s performance in terms of wet-day persistence (defined in Chapter 4, Sec. 4.2.2) is 

shown in Figure 5-5. Comparing observed and simulated data values obtained for the 

GEP model testing period (1991–2000), Figure 5-5 suggests excellent performance by the 

GEP model. 

Seasonal performance of the GEP model is presented in Figure 5-6. Examination of this 

figure shows that the GEP model has reproduced seasonal precipitation reasonably well, 

apart from the fact that summer precipitation has been underestimated. It can be 

attributed to the general weakness of the downscaling models in simulating summer 

precipitation, which has already been discussed in Chapter 4, Sec. 4.2.2, of this thesis. 

Figure 5-7 presents a plot of the observed and simulated daily precipitation values for 

only one year from the testing period of 1991–2000 to provide a closer look at the GEP 

model’s performance. This figure shows that the low values of the observed precipitation 

are very well simulated by the GEP model but it shows a weak performance in 

reproducing high values (extreme events). The reason for this drawback of the GEP 

model is the same as has been noted when comparing the observed and simulated 

standard deviation earlier in this section. 
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Figure 5-4. GEP model testing: Comparison of observed and simulated precipitation 

characteristics for the period 1991-2000. 

 

Figure 5-5. GEP model testing: Comparison of observed and simulated wet-day persistence. 
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Figure 5-6. GEP model testing: Comparison of observed and simulated seasonal mean daily 

precipitation. 
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Figure 5-7. Comparison of the GEP estimated daily precipitation with the observed daily 

precipitation in the model testing phase. 
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For further evaluation of the performance of the GEP downscaling model, a multiple 

linear regression model was obtained. The same seven NCEP predictors were supplied to 

the multiple linear regression model as used in the final GEP model, and the Clutha 

precipitation was used as the predictand (dependant variable). The simultaneous forced 

entry (SFE) method (also known as the ‘Enter method’) was used so that all seven 

predictors are simultaneously used in the regression model. The simulation period was 

1961–90, i.e. the GEP model’s training period. Performance of the multiple linear 

regression model thus obtained has been compared with the GEP model in Table 5-6. 

Table 5-6. Performance comparison of a linear regression model with the GEP non-linear 

regression model. 

Model Predictors* used R2 

GEP (Multiple non-linear 

regression type) calibrated 

P01, P02, P11, P16, P20, 

P24, P25 

0.465 

Multiple linear regression 

(Enter method) 

P01, P02, P11, P16, P20, 

P24, P25 

0.160 

*As per Table 5-4 

Examination of Table 5-6 makes it quite clear that the performance of the linear 

regression model is very poor as compared to the GEP model as it could only manage an 

R2 of 0.16 as compared to 0.465 as obtained in case of the GEP model. These results 

prove the superiority of the non-linear regression model obtained using the GEP over a 

linear regression model. 
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5.4.2. Comparison of SDSM and GEP model performance 

Table 5-7 presents the numerical comparison of the GEP and the SDSM downscaling 

models in terms of the number of predictors used in the final model, root mean square 

error (RMSE) and model coefficient of determination (R2). The best-evolved GEP model 

used only seven predictors as dependent variables as compared to ten in the case of the 

SDSM calibrated model. Moreover, the seven predictors used in the GEP model were 

selected automatically from the set of 26 predictors, while in the case of the SDSM, the 

selection of the relevant predictors was based on correlation/cross-correlation analysis 

results (Hashmi et al., 2010) which is regarded as a very sensitive step in the SDSM 

downscaling process (Wilby et al., 2002). In terms of RMSE, the GEP model appears to 

be better than the SDSM model in both the training/calibration and the testing/validation 

periods as shown in Table 5-7. Comparison of the model efficiency statistic (R2) between 

the GEP model and the SDSM model, presented in Table 5-7, reveals that the GEP model 

has outperformed the SDSM model in both the training (calibration) period as well as in 

the testing (validation) period. In the validation period, the SDSM efficiency is less than 

40% while the GEP model efficiency is 50%, which can be regarded as quite a significant 

improvement over SDSM model results. 

Table 5-7. Numerical comparison of the GEP and the SDSM downscaling models. 
Criteria Simulation type SDSM GEP 
N Training/Calibration 10 07 
RMSE Training/Calibration 5.613 5.226 

Testing/Validation 6.033 5.364 
R2 Training/Calibration 0.391 0.475 

Testing/Validation 0.382 0.512 
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As discussed earlier in this chapter, GEP automatically selects the set of the most 

important predictors out of the given set of predictors. In our case, to see what kind of 

correlation exists between the set of seven predictors selected by GEP, a scatter plot 

matrix of the predictors used in the model calibration (as presented for SDSM in Chapter 

4) is presented as Figure 5-8. Examination of this figure shows that no two predictors (out 

of the set of seven predictors) show a very high level of correlation between them. This 

analysis affirms the robustness of the GEP downscaling model and appropriateness of the 

set of seven selected predictors. 

 

Figure 5-8. Scatter plot matrix of the seven selected NCEP predictors for the GEP model 

calibration. 

The graphical performance comparison of the GEP model and the SDSM model is 

presented in Figure 5-9 as scatter plots of simulated versus observed daily precipitation. 
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In Figure 5-9, the left column represents the SDSM model results for model 

training/calibration and model testing/validation, respectively, while the right column 

shows the corresponding results for the GEP model. Examination of this figure further 

emphasises the better performance of the GEP model over the SDSM model. In both the 

model training/calibration phase as well as in the model testing/validation phase, the GEP 

simulated data show more agreement with the observed data than the SDSM simulated 

data. The GEP model scatter plots have less spread and more obvious trends than those of 

the scatter plots for the SDSM model (Figure 5-9). 

5.4.3. Downscaled projections 

Similar to what has been done in the case of SDSM, downscaling of the HadCM3 GCM 

data using the GEP downscaling model was done by using the two separate sets of GCM 

predictors: one for the current climate of 1961–90, and the other for future SRES A2 

scenario for the 2080s to run the GEP model. The GEP model used the set of GCM 

predictors corresponding to the set of seven NCEP predictors (Table 5-4, Figure 5-8) 

selected and used in the model calibration phase.
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Figure 5-9. Scatter plots of simulated and observed daily precipitation.
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The change in the Clutha precipitation regime near the end of the 21st century, as 

downscaled by the GEP model, has been analysed in terms of (i) monthly and seasonal 

mean daily precipitation presented in Figures 5-10 and 5-11; and (ii) monthly maximum 

daily precipitation presented in Figure 5-12. In the case of the monthly mean daily 

precipitation, results show a considerable increase in precipitation throughout the year for 

the period of the 2080s. The projected increase ranges from 0.3 mm (~10%) for the 

month of October to 3.5 mm (> 80%) for the month of June, which is larger as compared 

to the SDSM downscaling results. 

 

Figure 5-10. Downscaled projections of monthly mean daily precipitation obtained from the 

GEP downscaling model. 

Future projections in terms of seasonal mean daily precipitation have been shown in 

Figure 5-11. Examination of this figure shows that the largest increase is projected for 
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winter precipitation (80%) while future projections for the spring season precipitation 

show the smallest increase (25%) as compared to other seasons. 

 

Figure 5-11. Downscaled projections of seasonal mean daily precipitation obtained from the 

GEP downscaling  model. 

In terms of monthly maximum daily precipitation, the projected change in the 

precipitation regime (shown in Figure 5-12) is very simmilar to what has been presented 

for mean daily precipitation. The largest change in maximum precipitation is projected 

for the month of March, while the smallest change is projected for the month of 

September. Analysis of the seasonality of the projected change in maximum daily 

precipitation, based on the outcomes of the GEP downscaling model, has been presented 

in Figure 5-12. This figure reveals that the autumn season is projected to exhibit the 
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largest change in maximum precipitation, while spring is projected to be the least affected 

season by the likely climate change in the Clutha watershed. 

 

Figure 5-12. Downscaled projections of monthly maximum daily precipitation obtained 

from the GEP downscaling  model. 

5.5. Summary 

This chapter first presented a detailed description of the theoretical background and 

development of the GEP downscaling model as an innovative downscaling tool. It was 

followed by the calibration, validation and downscaling results of this downscaling model 

and a detailed discussion on them. A comparison of the GEP downscaling model with the 

SDSM model was then presented to show the advantages of this new downscaling tool as 

compared to a similar, popular and widely used method, i.e. SDSM. The outcome of this 
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comparison reveals that the GEP model is simpler and more efficient than the SDSM 

model in the case of precipitation downscaling for the study watershed. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 6 

 

 

150 

 

 

 

 

Chapter 6. Simulation and 

Downscaling of Extreme 

Precipitation Events 

6.1. Introduction 

The rising trend of the earth’s temperature and changes in the associated weather 

conditions across the globe are referred to as climate change. In the absence of suitable 

mitigation and adaptation measures, climate change is likely to affect major sectors of the 

world, such as agriculture, water resources and tourism. Global Climate Models (GCMs), 

which are presently considered to be the most reliable source providing climate change 

information, have spatial resolutions too coarse for hydrologic impact models. To provide 
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hydrologists with the desired information in terms of hydro-meteorological variables at a 

very fine spatial resolution (in the order of a few kilometres) or station scale, 

downscaling is usually employed. The existing downscaling techniques have two broad 

classes: statistical and dynamical. Extensive details about the theories behind these 

classes as well as their advantages and disadvantages can be found in Hewitson and 

Crane (1996), Xu (1999), Wilby et al. (2004) and Fowler et al. (2007), among others. 

Among the statistical downscaling techniques used by hydrologists to obtain station-scale 

climatic information, multiple regression-based techniques and stochastic weather 

generators have far more applications than the others (for example Wilks, 1992; Wilks 

and Wilby, 1999), as they are computationally less demanding, simple to apply, and 

efficient (Semenov et al., 1998; Dibike and Coulibaly, 2005; Kilsby et al., 2007; Kim et 

al., 2007).  

Statistical downscaling methods are usually considered not very effective for simulation 

of extreme events of precipitation (Wilby et al., 2004). On the other hand, the frequency 

and intensity of extreme precipitation events are very likely to be affected as a result of 

envisaged climate change impact in most parts of the world (IPCC, 2007; Semenov, 

2007). Thus it poses the risk of increased floods and droughts in many parts of the world. 

In this situation, hydrologists should only rely on those statistical downscaling tools that 

are equally efficient for simulating mean as well as extreme precipitation events. 

Therefore there is indeed a need for testing the available statistical downscaling tools for 

their ability to simulate extreme climatic events, especially precipitation (which is highly 

complex in nature and difficult to model) at the watershed scale. There have been some 
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studies on this topic, but they have mainly used non-parametric methods based on 

extreme climatic indices (e.g. Tolika et al., 2008). Fowler et al. (2007) have commended 

the study by Goodess et al. (2007) as the most comprehensive study comparing 

capabilities of many different downscaling methods for simulating climatic extremes in 

terms of ten extreme indices. They have also argued over the applicability of such 

indices-based studies for hydrologic impact assessment, as these studies deal only with 

moderate extremes while frequency of rare events is more desirable to hydrologists. 

Semenov (2008) has pioneered the evaluation of a weather generator in terms of 

simulating rare precipitation events through the use of parametric distributions. 

The study presented in this chapter focuses on the evaluation and comparison of the three 

statistical downscaling models employed in this thesis study, in terms of their ability to 

simulate extreme precipitation frequency using a parametric distribution at a watershed 

scale. The first model is the Statistical DownScaling Model (SDSM), which is a multiple-

regression model (Wilby et al., 2002); the second model is the Long Ashton Research 

Station Weather Generator (LARS-WG), which was specially designed for climate 

change studies (Semenov and Barrow, 1997); and the third model is a nonlinear 

regression model specially developed for this study using Gene Expression Programming 

(GEP) (Ferreira, 2001). 

The rest of the chapter is organised as follows. First, the details of methods and analysis 

are provided, including the application of the three downscaling models and frequency 

analysis of extreme precipitation events. This is followed by the presentation of the 

results and a discussion on them.  
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6.2. Methodology 

The aim of the study presented in this chapter is to evaluate the capability of the three 

downscaling models in simulating and downscaling the frequency of extreme 

precipitation events at the thesis study site. These three downscaling models are the 

SDSM, the LARS-WG and the GEP downscaling model. Details regarding these three 

downscaling models, their calibration and validation, and the future projections produced 

by these models for some of the important precipitation characteristics are presented in 

Chapter 4 (for the SDSM and the LARS-WG) and Chapter 5 (for the GEP downscaling 

model). 

6.2.1. Annual maximum (AM) precipitation 

The precipitation frequency analysis presented in this chapter is based on the AM data 

obtained from the observed daily data for the watershed and model-generated daily data 

sets. Each value in the AM data is the maximum daily precipitation amount (in millimetre 

units) occurring in one year, i.e. from 1 January to 31 December. Hence, there is one 

value for each year of daily data. The observed daily data used in this study is the Clutha 

precipitation time series for the period 1961–2000 (see Chapter 4 for details). The model-

generated data sets come from three downscaling models used in this thesis study, i.e. the 

SDSM, the LARS-WG and the downscaling model developed using the GEP. The model-

generated daily data sets are of two types, namely i) model simulated data for the period 

1961–2000; and ii) model downscaled data for the period 2071–99 (the 2080s).  
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The SDSM is a very popular tool for generating station scale climate change scenarios. It 

is a multiple regression-based downscaling model. A summary of its technical 

background is available in Chapter 4 of this thesis, which also contains necessary details 

regarding the calibration and validation of the SDSM model for this specific study, using 

the data relevant to the Clutha watershed. The downscaling results of the SDSM are also 

provided in Chapter 4. The calibrated and validated SDSM model was used to get a 

synthetic precipitation time series of 40-year length using a large-scale NCEP reanalysis 

predictor set for the period 1961–2000. Subsequently, from this synthetic precipitation 

time series, the AM data were obtained for the precipitation frequency analysis. From the 

SDSM downscaled daily precipitation time series representative of the 2080s, future AM 

data were obtained in order to use them in the frequency analysis of future extreme 

precipitation events. 

Technical details of the LARS-WG and its calibration, validation and downscaling results 

are part of Chapter 4 of this thesis. After the calibration of the LARS-WG downscaling 

model using the statistical properties of the observed data acquired by the LARS-WG 

during the calibration phase, the calibrated LARS-WG model was used to generate a 40-

year long daily precipitation time series. From this generated daily data, the AM data are 

obtained and used in subsequent frequency analysis. Precipitation downscaling in LARS-

WG is performed by modifying the parameters of the calibrated model on the basis of the 

relative change factors (RCFs). These RCFs were derived using the two sets of HadCM3 

GCM precipitation output, one for the period 1961–89 (the 20th-century run) and the 

other for the period 2071–99 (future run based on SRES A2 scenario). The RCFs are 



Chapter 6 

 

 

155 

given in Table 6-1 and were provided to LARS-WG to generate a 30-year time series 

representing the future time slice of 2071–99 (2080s). Hence, from this LARS-WG 

downscaled 30-year daily data, the AM data was obtained to be used in the frequency 

analysis of future extreme precipitation events. 

The third model contributing to the study presented in this chapter is the nonlinear 

regression model developed as part of this PhD study using the GEP. Chapter 5 of this 

thesis provides all the technical details of the GEP, the development of the downscaling 

model using GEP, model calibration and validation, and downscaling results. Using the 

NCEP reanalysis predictor data set for the period 1961–2000, the calibrated and validated 

GEP downscaling model was employed to generate 40-year daily data. The AM data to 

be used in the frequency analysis were obtained from this generated data set. For 

downscaling purpose, the HadCM3 GCM predictor data for the period 1961–2099 were 

used in the GEP downscaling model (see Chapter 5 for full details). The future period for 

climate change impact analysis in this thesis study is set as 2071–99 (representative of a 

distant future). Therefore, the future AM data for the period 2071–99 were obtained from 

the downscaled daily time series obtained using the GEP downscaling model and used in 

the frequency analysis of future extreme precipitation events.  

Figure 6-1 presents a comparison of the AM data of the three downscaling models with 

the observed AM data of the study site. Examination of this figure reveals that the AM 

data derived from the SDSM and the LARS-WG simulated daily data for the study site is 

in reasonably good agreement with the observed AM data.  
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Figure 6-1. Comparison of the AM data obtained from the three downscaling models with 

the observed AM data for the period 1961– 2000. 

Further examination of Figure 6-1 shows that the GEP downscaling model could not 

simulate extreme precipitation very well as only a few AM values is close to the observed 

AM. On most occasions, the GEP model underestimates the extreme precipitation. This 

drawback of the GEP downscaling model can be attributed to the common problem of the 

most nonlinear regression models, and it has already been discussed in Chapter 5 of this 

thesis. 

The AM data obtained from the observed daily data and the simulated daily data of the 

three downscaling models is tabulated in Table 6-1. 
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Table 6-1. Annual maximum (AM) data used for the frequency analysis 

Year Annual Maximum (AM) 
Observed SDSM LARS-WG GEP 

1961 43.576 45.196 59.500 21.827 
1962 53.205 37.045 38.100 24.759 
1963 38.500 44.307 58.600 27.731 
1964 34.824 73.336 77.100 27.241 
1965 56.974 55.939 57.100 25.321 
1966 43.418 48.236 49.800 24.148 
1967 60.043 68.775 47.400 30.536 
1968 41.909 61.104 37.300 23.164 
1969 72.232 69.637 42.700 20.955 
1970 59.230 29.574 45.800 29.517 
1971 36.136 41.487 52.400 22.610 
1972 55.968 51.184 56.200 20.185 
1973 45.309 58.019 51.900 20.259 
1974 38.425 38.766 45.300 20.218 
1975 40.691 62.496 47.500 32.907 
1976 31.955 53.267 51.700 20.760 
1977 33.605 60.570 57.800 18.948 
1978 70.410 36.369 44.200 26.495 
1979 74.173 50.942 56.800 27.304 
1980 47.062 44.691 57.400 29.776 
1981 62.960 61.160 54.100 21.719 
1982 76.027 66.335 68.900 21.542 
1983 61.674 70.420 59.700 23.011 
1984 57.782 54.385 54.600 25.323 
1985 52.676 32.937 52.300 26.656 
1986 32.379 38.364 70.500 20.753 
1987 72.195 43.400 70.600 26.100 
1988 44.140 46.175 37.200 24.144 
1989 49.926 36.277 55.300 24.573 
1990 54.727 40.445 45.500 23.429 
1991 52.982 51.875 50.300 25.717 
1992 45.875 70.922 57.100 20.674 
1993 45.635 52.195 34.900 24.633 
1994 64.400 48.295 47.400 36.541 
1995 93.645 44.883 60.000 24.422 
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Year Annual Maximum (AM) 
Observed SDSM LARS-WG GEP 

1996 39.650 37.102 46.700 25.225 
1997 48.722 41.251 45.400 22.712 
1998 50.190 48.728 39.800 26.557 
1999 54.967 51.765 57.600 24.320 
2000 47.676 46.003 43.700 21.623 
Maximum 93.645 73.336 77.100 36.541 
Minimum 31.955 29.574 34.900 18.948 
Average 52.147 50.346 52.155 24.608 

6.2.2. Precipitation frequency analysis 

Frequency analysis of extreme precipitation is essentially used here to evaluate the three 

downscaling models, i.e. SDSM, LARS-WG and GEP, used in this thesis study, in terms 

of simulating extreme precipitation events of present climate and to see their downscaled 

projections of future extreme events. This analysis is based on the AM data obtained 

from the observed, SDSM, LARS-WG and GEP daily time series. The process of 

obtaining the AM data from each of the three downscaling models and the observed data 

is described in the previous subsection (Sec. 6.2.1). 

Precipitation frequency analysis is performed by fitting the Generalised Extreme Value 

(GEV) distribution to each of the AM data sets and obtaining the precipitation 

magnitudes for five return periods: 10, 20, 40, 50 and 100 years. Probability ‘p’ of a 

precipitation extreme event of magnitude ‘PN’ to occur at least once in ‘N’ years can be 

given as Eq. 6-1. 
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N
p 1
=

          (6-1) 

In an alternative way, ‘N’ is called the return period of a precipitation event of magnitude 

‘PN’ (cf. Coles, 2001; Semenov, 2008). Hence, the magnitude of a precipitation event of 

return period ‘N’ (‘PN’) is obtained from the GEV distribution by setting the cumulative 

distribution function (CDF) (given in Eqs. 6-2 and 6-3) of the GEV distribution equal to 

‘1-p’ and then solving it (cf. Semenov, 2008). 

The GEV is a family of probability distributions, which actually combines type I 

(Gumbel), type II (Fréchet), and type III (Weibull) distributional families of the Three 

Types Theorem (Coles, 2001). It has three parameters, namely, a location parameter ‘μ’, 

a scale parameter ‘σ’ and a shape parameter ‘ξ’. In the case of the Gumbel or type I, the 

value of the shape parameter is zero so it is regarded as a ‘medium-tailed’ distribution, 

while type II (with ξ > 0) and type III (ξ < 0) distributions are regarded as ‘long-tailed’ 

and ‘short-tailed’, respectively (Semenov, 2008). Basically, selecting GEV means “let the 

data decide which probability distribution it follows”. The CDF, F(x), of the GEV 

distribution for an AM data set ix   (i = 1, ..., n) is given by the following equations (cf. 

Huang et al., 2008): 

( )
( ) ξ

σ
μξ

1

1
−

⎟
⎠
⎞⎜

⎝
⎛ −+−

=
ix

exF   ; {for 
ξ
σμ −≤<∞− ix , with ξ < 0}   (6-2) 

( )
( )

σ
μ−−

−=
ix

eexF  ; {for ∞<≤∞− ix , with ξ = 0}   (6-3) 
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,         (6-4) 

( ) 0,,log
=

∂
∂

σ
ξσμL

,         (6-5) 

( ) 0,,log
=

∂
∂

ξ
ξσμL

,         (6-6) 

where log L = log-likelihood function. 

In this study, the GEV parameters are estimated by the Maximum Likelihood Estimation 

(MLE) method (using equations (6-4) to (6-6)), as recommended by Huang et al. (2008) 

and guidelines of the Federal Emergency Management Agency (FEMA 2004). The MLE 

method gives the standard error in the estimation of these parameters and, hence, the 95% 

confidence interval (CI) for the estimated value of AM of a given return period. 

Precipitation frequency analysis is performed using the GenStat 10 software package 

(Payne et al., 2007) by fitting the GEV distribution to the AM data derived from the 

observed, the SDSM simulated/downscaled, the LARS-WG simulated/downscaled and 

the GEP model simulated/downscaled daily time series. As mentioned earlier, the 

computations are performed for five return periods: 10, 20, 40, 50 and 100 years. 

Semenov (2008) noted that, if an N-year return period precipitation amount derived from 

synthetic data (or model simulated data) falls within the 95% CI of that for the observed 

data, the simulation can be considered to be successful. This criterion has been used as 

the basis for the evaluation of the three downscaling models. 
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6.3. Results and Discussion 

Before fitting the GEV distribution to the generated and the downscaled data, its 

suitability for the observed AM data of the Clutha watershed is visually analysed by 

plotting the cumulative distribution functions shown in Figure 6-2. Examination of this 

figure shows that the GEV distribution fits very well to the observed AM series, which 

affirms that the application of the GEV distribution for precipitation frequency analysis 

of the study watershed is a reasonably good choice. 

 

Figure 6-2. Cumulative distribution plot of the GEV distribution and the observed AM 

data. 
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After confirming the suitability of the GEV distribution for precipitation data of the study 

watershed, it was fitted to the four sets of AM data (the observed, the SDSM simulated, 

the GEP model simulated and the LARS-WG simulated) and precipitation magnitudes 

corresponding to the five return periods were obtained. The values of the three 

parameters of GEV distribution (μ, σ, and ξ) were obtained through the MLE method 

(discussed in the previous section). Table 6-2 shows the values of the three GEV 

parameters along with the standard error in their estimation for all four sets of AM data. 

Examination of Table 6-2 indicates that the values of two of the GEV parameters (μ and 

σ) derived for the observed and the SDSM AM data are quite similar to each other, while 

in the case of the LARS-WG, it is higher, and in case of the GEP model, it is much lower, 

when compared to the value of this parameter for the observed data. However, for the 

GEV shape parameter (ξ), though the values derived for the first two downscaling 

models, i.e. the SDSM and the LARS-WG, are almost the same, these are quite different 

to the one derived for the observed AM data. On the other hand, the shape parameter 

value for the GEP model data is very close to the one derived for the observed AM data. 

Hence, in terms of the shape of the distribution, the GEP model matches the observed 

AM data the best out of the three downscaling models. But in terms of the other two 

characteristics of the distribution (μ and σ), the GEP model appears to be the worst of the 

three downscaling models. This is because the downscaling models based on nonlinear 

regression, e.g. ANN downscaling models, are known to be good at simulating the 

observed precipitation in terms of the number of wet days but they usually underestimate 

the variability of the precipitation amount on those wet days (cf. Benestad et al., 2008). 

Due to this fact, such downscaling models should be used with caution whenever extreme 
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event analysis is required. In terms of values of the GEV parameters, the SDSM and the 

LARS-WG look reliable for dealing with the extreme precipitation events of the study 

watershed. 

Table 6-2. Values of the three GEV parameters for the observed and the model simulated 

data. 

Data type μ σ ξ 

Observed 45.97 (2.797) 10.89 (2.063) -0.01 (0.189) 

Simulated (SDSM) 45.69 (2.666) 10.20 (1.968) -0.15 (0.216) 

Simulated (LARS-WG) 48.29 (2.153) 8.62 (1.516) -0.15 (0.154) 

Simulated (GEP) 22.91 (0.712) 2.78 (0.5294) 0.032 (0.186) 

 

Figure 6-3 shows the precipitation frequency analysis results in terms of the GEV 

estimated magnitude of the N-year return period precipitation for the three downscaling 

models and the observed data. The diamond symbols represent the GEV estimated AM 

precipitation magnitudes of 10-, 20-, 40-, 50- and 100-year return period using the 

observed AM series. The bars extending vertically from the diamond symbols are the 

corresponding 95% CI derived using the standard error of an estimated value. The 

evaluation criteria defined at the end of the Sec. 6.2.2 will be used here to gauge the 

performance of the three downscaling models. It can be seen from the Figure 6-3 that the 



Chapter 6 

 

 

164 

SDSM and the LARS-WG successfully simulate the magnitudes of precipitation for all 

five return periods, as GEV estimates for simulated values of both models are well within 

the 95% CI of the GEV estimate for the observed AM series. Furthermore, both the 

models consistently show a lower magnitude for the precipitation of all five return 

periods as compared to the GEV estimates obtained for the observed data for these return 

periods. However, they appear to simulate the low-return period precipitation better than 

high-return period precipitation, as the departure of simulated values from the 

corresponding observed values increases with the increasing return period. Further 

examination of Figure 6-3 for the GEP model results shows that this model could not 

simulate the frequency of extreme events at the Clutha watershed because for all five 

return periods, the GEV estimate for the GEP model is well outside the 95% CI of the 

GEV estimate for the observed AM data. However, the increase in the magnitude of 

precipitation with the increasing return period for the GEP model is quite similar to what 

can be seen for the other two downscaling models. On the basis of the results presented 

above, it can be seen that out of the three downscaling models compared here, the SDSM 

and the LARS-WG are adequate at simulating the observed frequency of extreme 

precipitation. Furthermore, these two models have similar capability, as there is no 

significant difference in their results. 
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Figure 6-3. Comparison of the GEV estimated magnitudes of precipitation for an N-year 

return period event using four AM data sets (observed, the SDSM, the LARS-WG and the 

GEP model). The extended grey bars indicate the 95% CI.  

Precipitation frequency analysis based on the downscaled data for the Clutha watershed is 

shown in Figure 6-4. In this figure, the GEV estimated precipitation amounts for the five 

studied return periods obtained using the AM data derived from the observed data 

(Clutha precipitation) for the period 1961–2000, the SDSM downscaled data for the 

2080s, the LARS-WG downscaled data for the 2080s and the GEP-model downscaled 

data for the 2080s are plotted.  
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Figure 6-4. Future projections of the frequency of extreme precipitation obtained from the 

three downscaling models. 

Figure 6-4 presents different pictures of frequency of the future extreme events obtained 

from the three downscaling models. The GEV estimated values obtained for the SDSM 

downscaled data clearly show a significant increase in both the frequency and intensity of 

future extreme events of precipitation. The GEV estimate based on the SDSM 

downscaled AM data suggests that a 100-year event will become a 20-year event, and a 

future 100-year event will be around 1.25 times that of the 100-year event now (Table 6-

3). The future projections obtained from the GEP-model downscaled data also suggest an 

increase in frequency and intensity of extreme precipitation events, which is more than 

was obtained from the SDSM downscaled data. The GEP model results (in Figure 6-4) 

suggest that the magnitude of a 10-year event will be more than the magnitude of a 100-

year event now, while the magnitude of a 100-year event will be around 1.75 times of the 
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magnitude of such an event now (Table 6-3). On the other hand, the GEV estimate based 

on the LARS-WG downscaled AM data suggests an increase in magnitude of low-return 

period precipitation events, while a decrease is projected for the high-return period 

events. These two contrasting pictures of the future are a result of the difference in the 

basic concept behind the two downscaling models. The SDSM makes use of the changes 

in atmospheric circulation patterns in terms of the large-scale predictors as suggested by a 

GCM, which can be considered more reliable. On the other hand, LARS-WG uses the 

RCFs derived from the direct precipitation output of a GCM. As the current GCMs are 

still very coarse in spatial resolution, their direct precipitation output is unreliable. 

Table 6-3. Percentage change (% change) in the magnitude of an N-year event downscaled 

by the three models. 

Model 
Return period (years) 

10 20 40 50 100 

SDSM 14 17 20 21 24 

LARS-WG 5 0 -5 -6 -10 

GEP 44 52 62 65 75 

6.4. Summary 

The study presented in this chapter attempts to evaluate the performances of a multiple 

linear regression model (called SDSM), a multiple nonlinear regression model 

(developed using the GEP) and a weather generator (called LARS-WG) in terms of their 

ability to simulate the frequency of extreme precipitation events of current climate and 
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downscaling of future extreme events. Areal average daily precipitation data of the 

Clutha watershed located in the South Island, New Zealand, are used as baseline data in 

the analysis. Precipitation frequency analysis is performed by fitting the Generalised 

Extreme Value (GEV) distribution to the observed, the SDSM simulated/downscaled, the 

GEP model simulated/downscaled and the LARS-WG simulated/downscaled annual 

maximum (AM) series. The computations are performed for five return periods: 10, 20, 

40, 50 and 100 year. The present results illustrate that the SDSM and the LARS-WG 

models have similar and good ability to simulate extreme precipitation events while the 

GEP downscaling model could not simulate extreme events of precipitation very well. 
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Chapter 7. Probabilistic Multi

model Ensemble Projections 

using a Bayesian Framework 

This chapter presents a novel attempt at the development of a probabilistic multi-model 

ensemble (PMME) of statistically downscaled future projections of precipitation for a 

watershed in New Zealand. Climate change research based on the outcomes of a single 

model is considered less reliable. Similarly a probabilistic approach is preferable over 

deterministic point estimates. In the area of statistical downscaling, no single technique is 

considered a universal solution. This is due to the fact that each of these techniques has 

some weaknesses, owing to its basic working principles. Moreover, watershed scale 

precipitation downscaling is quite challenging and is more prone to uncertainty issues 

than downscaling of other climatological variables. Therefore, multi-model statistical 
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downscaling studies based on a probabilistic approach are required. In this chapter of the 

thesis, results from the three reputable statistical downscaling methods are used to 

develop a Bayesian weighted multi-model ensemble. The three members of the 

downscaling ensemble of this study belong to the following three broad categories of 

statistical downscaling methods: (1) multiple linear regression; (2) multiple nonlinear 

regression; and (3) stochastic weather generator. The results obtained in this study show 

that the new strategy adopted here is promising for combining the outputs of multiple 

statistical downscaling methods. It is also advantageous as it provides probabilistic 

downscaled climate change projections and enables the quantification of uncertainty in 

them. This will encourage any future attempts for combining the results of multiple 

statistical downscaling methods. 

7.1. Introduction 

For assessing the hydrological impacts of climate change at the watershed and the 

regional scale, the GCM outputs cannot be used directly due to the mismatch in the 

spatial resolution between GCMs and hydrological models. In order to use the output of a 

GCM for conducting hydrological impact studies, downscaling is used. In broad terms, 

downscaling techniques can be classified as dynamical and statistical methods. Further 

details about the underlying principles and reviews of their applications can be found in 

Hewitson and Crane (1996), Xu (1999), Wilby et al. (2004) and Fowler et al. (2007). 

Statistical downscaling will be referred to as ‘downscaling’ henceforth in this chapter. 

There is a variety of methods available for downscaling. Each of these methods has 
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certain strengths and weaknesses depending on its working principles (Xu, 1999). 

Although these methods are very popular and extensively used in many studies 

(Christensen et al., 2007), as a matter of fact, no single statistical downscaling method 

can be considered as the universal solution for all kinds of situations (Wilby et al., 2004). 

Also, among all the potential sources of uncertainty, the uncertainty introduced by a 

selected downscaling method may be significant. Moreover, watershed scale precipitation 

downscaling is quite challenging and is more prone to uncertainty issues than 

downscaling of other climatological variables. A number of studies have reported the low 

capability of downscaling methods to simulate extreme events of precipitation (e.g. 

Wilby et al., 2004), and a comparative study by Hashmi et al. (2010) reveals variable 

performance of different downscaling methods to downscale the frequency of extreme 

events of precipitation. Under such circumstances a single deterministic point estimate 

obtained from a single downscaling method can be misleading for hydrologic impact 

assessment, especially involving extreme events of precipitation. Instead a probabilistic 

approach based on outputs from multiple downscaling methods would be more realistic. 

Such an approach has been recommended in many recent review studies, notably Fowler 

et al. (2007). To date, there have been very few attempts to produce probabilistic 

projections. Luo et al. (2005) produced probabilistic regional climate change scenarios in 

the context of wheat crop production. As far as the authors are aware, the study by Wilby 

and Harris (2006) is the first of its kind which introduced a probabilistic framework for 

quantification of the uncertainty in the low river flows arising from all the sources. They 

used a weighted multi-model ensemble strategy to combine the outputs from multiple 

GCMs, climate change scenarios, downscaling methods and hydrologic models, and 
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assigned equal weight to the downscaling methods used in that study. In the case of 

multi-model ensembles, a simple average approach has shown considerable advantages 

over a single model approach in terms of robust uncertainty assessment (Hagedorn et al., 

2005). However, a simple average approach may be unacceptable in cases where the 

downscaling models show diversity in their performances. Recently published work that 

involves the use of multiple downscaling methods includes Fowler et al. (2007); Vidal 

and Wade (2008); Kay et al. (2009) and Holman et al. (2009).  

In the study presented in this chapter, the Bayesian modelling framework introduced by 

Tebaldi et al. (2005), henceforth referred to as TME (Tebaldi Multi-model Ensemble), is 

used. The TME has been recognised as a robust multi-model framework and was used in 

the fourth assessment report of the IPCC for the development of probabilistic ensembles 

of GCMs and provision of uncertainty estimates for future climate change projections 

(IPCC, 2007). 

Bayesian techniques are powerful in producing improved forecasts by combining 

information from different sources and providing a measure of forecast uncertainty (e.g. 

Coelho et al., 2006). They have many advantages over other probabilistic uncertainty 

analysis methods (Qian et al., 2003). The advantages include their ability to deal 

efficiently with uncertainty, incorporate prior knowledge as well as information from 

multiple sources, and update probability distributions on the basis of new incoming 

information. In climate change studies and weather forecasting, examples of the use of 

Bayesian techniques in multi-model ensembles can be found in Coelho et al. (2006), 

Tebaldi et al. (2005, 2004), Giorgi and Mearns (2002) and Min and Hense (2006, 2007). 
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Multi-model ensemble of statistical downscaling techniques for producing probabilistic 

projections is a relatively new area in climate change studies. The study presented in this 

chapter is an attempt in this regard. The TME has been used in this study for developing a 

probabilistic multi-model ensemble (PMME) of multiple statistical downscaling models 

of a different nature, hence producing probabilistic future projections of mean as well as 

maximum daily precipitation for each month of the year derived from the downscaling 

models’ daily outputs. These outputs come from three statistical downscaling models and 

are used to test the multi-model ensemble on the Clutha watershed in New Zealand. The 

three statistical downscaling models are (1) Statistical DownScaling Model (SDSM); (2) 

Long Ashton Research Station Weather Generator (LARS-WG) model; and (3) a 

downscaling model developed for this thesis study using Gene Expression Programming 

(GEP) (Ferreira 2001, 2006). Calibration and validation results of models (1) and (2) are 

provided in Chapter 4 while these results for model (3) are provided in Chapter 5 of this 

thesis. In this way this chapter builds upon what has been presented in Chapter 4 and 

Chapter 5 of this thesis. 

The forthcoming sections of this chapter first present a section related to the Bayesian 

paradigm and then the strategy for the development of the Bayesian PMME is described. 

Secondly, the development of the PMME for the Clutha watershed, using the outputs of 

the three downscaling models and results obtained, are discussed. Finally, a summary of 

this chapter is given.  
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7.2. Methodology 

Due to advancement in computational resources in recent years, Bayesian statistical 

techniques have become very popular for uncertainty analysis in different scientific 

research fields. They have many advantages over other probabilistic uncertainty analysis 

methods, as mentioned in the introduction to this paper. 

According to Bayes’ theorem (Bayes, 1763), as soon as the observed data ‘y’ related to a 

parameter of interest ‘x’ is available, the prior distribution of the variable ‘x’, ( )xP  is 

updated to obtain its conditional posterior distribution, ( )yxP | . This can be presented in 

the form of Bayes’ equation as: 

( ) ( ) ( )xPxyPyxP .|| ≈         (7-1) 

In Eq. (7-1), ( )yxP |  is the likelihood of data ‘y’ given ‘x’. In most cases, it is not 

possible to solve the Bayes’ equation analytically to obtain the posterior distribution. 

Instead, the equation is solved numerically using the Monte Carlo simulation method 

which involves the generation of a large number of random samples. There are many 

variants of the Monte Carlo simulation method which can be used for generating random 

samples (Qian et al., 2003). The Markov Chain Monte Carlo (MCMC) simulation method 

is very popular and hence has been used in this study to derive the posterior distribution. 

Further information about the applications of the MCMC method can be found in Wang 

(2008), Engeland and Gottschalk (2002) and Qian et al. (2003). 
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Figure 7-1 shows a schematic diagram outlining the steps involved in the Bayesian 

PMME approach (based on TME) of our study to produce probabilistic future projections 

of monthly mean as well as maximum daily precipitation. TME has been implemented 

using the statistics package ‘R’ which can be downloaded from; http://www.r-project.org 

to develop the multi-model downscaling ensemble. 

The subsequent sections provide a concise summary of the steps involved in the 

formulation of the Bayesian framework for developing PMME and producing 

probabilistic future projections of precipitation. For full conceptual details and basic 

assumptions of the framework, readers are referred to Tebaldi et al. (2005). 

7.2.1. Data 

The first requirement in the formulation of our Bayesian model is data. In our case, it 

includes two sets of data. The first set contains the mean daily precipitation for a month, 

while the second set contains maximum daily precipitation for a month. In each of these 

two data sets, the data are of two types, i.e. observed and model-simulated. Moreover, 

data also includes the natural variability of monthly mean and monthly maximum daily 

precipitation for each month over the period of 1961–90 (λ0) (Table 7-1). Natural 

variability values were estimated by computing 30-year moving averages of monthly 

mean/ maximum Clutha precipitation, detrending it, over the period of 1961–90 and 

taking the difference between the maximum and minimum values (cf. Tebaldi et al., 

2005). 
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In Figure 7-1, Xo is the mean or maximum daily observed Clutha precipitation, monthly 

average for the 1961–90 period, Xi is the same as Xo but it comes from the i-th 

downscaling model output, Yi is mean or maximum daily precipitation downscaled by the 

i-th downscaling model, monthly averaged for a future 30-year period of 2070–99 and λ0 

is month-wise natural variability of mean daily or maximum daily precipitation. In this 

study, i = 1,.., 3 as outputs of the three statistical downscaling models to be combined as 

an ensemble. Note that the monthly means/maximums are obtained from the data which 

were originally on a daily time step. 

7.2.2. Models for Data (Likelihood functions) 

The operation of the Bayesian multi-model approach requires the specification of 

probability distributions to describe the likelihood functions for the observed data as well 

as for the results of the three downscaling methods. In this chapter, similar to other 

studies (e.g. Tebaldi et al., 2005), it is assumed that downscaling models and observed 

climate data are statistically independent and that three data sets Xi, Yi and Xo come from 

Normal (N) distributions and their means (μ and ν) are the true value of the data for the 

month represented by the data. 
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Table 7-1. Natural variability (mm) of observed data (a) monthly mean daily precipitation 

(b) monthly maximum daily precipitation. 

Month (a) (b) 

January 0.250 0.004 

February 0.540 0.037 

March 0.560 0.003 

April 0.480 0.009 

May 2.490 0.004 

June 1.790 0.004 

July 1.740 0.008 

August 2.200 0.014 

September 0.510 0.003 

October 1.250 0.009 

November 0.530 0.026 

December 1.170 0.011 
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(i) Data
X0 (observed), Xi, Yi

(i = 1,...,3; simulated by 
three downscaling models), 
λ0 (observed variability)

(ii) Likelihood function for 
observed data X0 and model 

results (Xi, Yi, i = 1,...,3) 

(iii) Specification of priors
distributions for parameters 

of data models (treating them 
as random variables)

(iv) Bayesian analysis
(combining parameter priors 

with data likelihoods to obtain 
joint posterior distribution

(v) MCMC simulation
to get posterior distribution of 

the parameters

(iv) Probabilistic ensemble 
projections

Monthly precipitation change 
projections obtained from the 

posterior distributions
 

Figure 7-1. Schematic diagram outlining the steps involved in the Bayesian PMME 

approach. 
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Accordingly, the likelihood functions for the three data sets are given as (cf. Lopez et al., 

2006):  

( )1
00 ,~ −λμNX          (7-2) 

( )1,~ −
ii NX λμ          (7-3) 

( ) ( )( )1,~ −−+ iii XNY θλμβν        (7-4) 

λ0 is the observed or natural variability of mean monthly or maximum monthly Clutha 

precipitation. These values are given in Table 7-1. While μ and ν (assumed to be random 

variables) are the true values of the present and future Clutha precipitation, the parameter 

λi
-1 = σi

2 is in fact the reciprocal of variance of a distribution; here it is assumed to be a 

random variable and a measure of the precision of the i-th downscaling model. In the 

above Eq. (7-4), the random variable ‘θ’ is an allowance for a model to have different 

variances for present and future downscaled outputs, while random variable ‘β’ makes 

the model robust by introducing a correlation between present and future downscaling 

results (cf. Tebaldi et al., 2005). 

7.2.3. Specification of Parameter Priors 

The data models (or likelihood functions) presented above contain the parameters μ, ν, λi, 

θ and β which are treated as random variables and in Bayesian terms are required to have 

their prior distribution assigned. To keep this Bayesian analysis an objective one, these 
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parameters were assigned uninformative prior densities (assuming no prior knowledge 

about them). Random variable, λi (i = 1,..., 3) and θ have Gamma (Ga) distribution of the 

form: 

λi ~ Ga (a, b)          (7-5) 

θ ~ Ga (c, d)          (7-6) 

where a = b = c = d = 0.001  with a unity mean and a large variance over the positive real 

line, thus keeping objectivity in their specification. According to Tebaldi et al. (2005), the 

prior distribution selected for λi is a standard choice for the precision parameters of 

Gaussian distributions. The prior densities for μ, ν and β are also uninformative, being 

uniform over the real line which is a further attempt to present an objective analysis. 

7.2.4. Posterior Distributions 

Multiplication of Eqs. (7-2) to (7-6) by applying Bayes’ theorem gives the required joint 

posterior distribution, which is then solved up to a normalising constant to simplify the 

computations and hence the following expression is obtained (cf. Lopez et al., 2006): 

( ) ( )[ ] ( )
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(7-7) 

In Eq. (7-7), the data contains observations and model outputs, i.e. ‘y’ = (X1, X2, X3, Y1, 

Y2, Y3, Xo). The full conditional posterior distributions for each parameter as a function of 



Chapter 7 

 

 

181 

all other parameters are then obtained (Tebaldi et al., 2005), e.g. posterior distribution of 

precision parameter λi (used for model weighting) is a Gamma distribution with mean 

given by (cf. Lopez et al., 2006): 

( ) ( ) ( )[ ]
22

1
22 μβνθμ

λ
−−−

+
−

+

+
≈

iii
i XYX

b

a
     (7-8) 

The two terms ( )μ−iX  and ( )ν−iY  in Eq. (7-8) define the criteria of ‘bias’ and 

‘convergence’ respectively, as the former term is the model error as compared to true 

value and quantifies the i-th model’s ability to reproduce the current climate, while the 

latter term is a measure of distance of the future prediction of i-th model from the 

ensemble mean (cf. Tebaldi et al., 2005). Accordingly, a downscaling model showing 

better capability in reproducing current climate and having its future output closer to the 

ensemble mean will get more weight than the one with inferior results. 

7.2.5. MCMC Simulation 

The joint posterior distribution obtained in the previous step by applying the Bayesian 

analysis has a complex form. It cannot be solved in a closed form solution. Hence, it is 

not possible to obtain directly the marginal posterior distributions of individual 

parameters. In such a situation, the MCMC simulation is performed through a Gibbs 

sampler (Katz, 2002) to draw a large number of random samples from the posterior 

distributions for all parameters. These sets of random samples are then used for further 

statistical analysis. 
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7.2.6. Application of the PMME model 

In the study presented herein, a monthly multi-model downscaling ensemble is developed 

based on TME, an improved version of the model developed by Giorgi and Mearns 

(2002). In this multi-model ensemble, the three downscaling models are assigned weights 

based on their precision parameters calculated using a criteria of ‘bias’ and ‘convergence’ 

(see Sec. 7.2.4). Note that for the weighting of the downscaling models, PMME is purely 

based on the outputs obtained from the three downscaling models. 

There were two rounds of TME runs. In the first round, the input data file contained 

derived values of X0, Xi, Yi and λ0 (defined in Sec 7.2.1) for monthly mean daily 

precipitation while for the second round the values of these parameters derived from 

monthly maximum daily precipitation were used in the input file. MCMC simulation is 

performed with a Gibbs sampler to draw random samples from the posterior distributions 

of parameters i.e. ‘μ’, ‘ν’ and ‘λis’ and was made to run through 750,000 iterations, 

saving every 50th sample to avoid correlation between the successive values. A number 

of initial samples were discarded (as burn-in period) so as to include only the final stable 

output into the analysis. The final set comprised 5,000 samples of each parameter of 

interest, the selection of the total number of iterations, ‘save every’ and burn-in period 

being consistent with other studies (e.g. Tebaldi et al., 2005). The means of the posterior 

distributions of λis, computed through PMME, for the three downscaling models were 

computed and then the relative weight to be assigned to each model was computed as 

given in Tebaldi et al. (2005). 
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7.2.7. Probabilistic Downscaled Projections 

In the Bayesian paradigm, the MCMC simulation is regarded as a very popular method 

for uncertainty assessment (Katz, 2002). For this reason, the MCMC simulation was used 

in this study for drawing random samples of the required parameters. It was performed 

through a Gibbs sampler as is done in Tebaldi et al. (2005). The posterior distributions of 

μ and ν were obtained using MCMC simulation in a previous step to utilise them for 

obtaining the probabilistic projections of downscaled precipitation change. Hence, these 

posterior distributions were converted to the percent precipitation change for the Clutha 

watershed as given in Eq. (7-9). 

μ
μν −

×=Δ 100% P          (7-9) 

Two types of changes in precipitation have been analysed herein. The first type involves 

monthly mean daily precipitation while the second type corresponds to the monthly 

maximum daily precipitation. 

Box plots are usually used to describe and compare the distribution of different groups of 

data. These plots for the posterior distributions of the monthly precipitation change 

(%∆P) were produced to present the shape of the distribution graphically. The difference 

between the first (25% quantile) and third (75% quantile) quartile of a probability 

distribution is called the ‘inter-quartile range (IQR)’ or mid-spread. It gives an idea about 

the compactness of the distribution and is usually represented by the shorter sides of the 

rectangles in a box plot. The noted advantages it offers make it a popular application as a 
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robust measure of variability and hence uncertainty (Lee, 1995). It has been adopted 

herein to assess the uncertainty in the probabilistic change projections of the downscaled 

precipitation. 

7.3. Results and Discussion 

7.3.1. Downscaled projections of the three downscaling models 

The first downscaling model is the SDSM which belongs to the family of linear 

regression-based models. The SDSM model was calibrated with 10 chosen large scale 

predictors of NCEP re-analysis data. Details regarding the calibration, validation and 

future projections of the SDSM model are available in Chapter 4 of this thesis. Hence two 

sets of Xi and Yi (explained in Sec. 7.2.1) were obtained from the SDSM outputs.  

The second downscaling model used in our study is LARS-WG which is a stochastic 

weather generator by nature, specially designed for climate change studies (Semenov and 

Barrow, 1997). All necessary details regarding the LARS-WG calibration and 

downscaling process for the Clutha watershed has already been presented in Chapter 4 of 

this thesis. 

The third downscaling model contributing to the study presented in this chapter is the 

GEP model developed using non-linear symbolic regression as part of this thesis study, 

and it belongs to the new breed of statistical downscaling models that involve some kind 

of evolutionary process. Theoretical background and the model development process 
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have been explained in Chapter 5 of this thesis so it will not be reiterated here. The 

calibration and validation results of the GEP downscaling model given in Chapter 5 show 

a very high R2 between observed and simulated time series and lower root mean square 

error (RMSE) as compared to the SDSM downscaling model for the Clutha watershed.  

The downscaled projections of percent change in monthly mean daily precipitation and 

monthly maximum daily precipitation obtained from the three downscaling models are 

compared in Figures 7-2 and 7-3, respectively.  
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Figure 7-2. Downscaled projections of change in monthly mean daily precipitation obtained 

from the three downscaling models. 

The monthly maximum daily precipitation is used in this study as an index of extreme 

precipitation. Examination of Figure 7-2 shows that the two models i.e. the SDSM and 

the LARS-WG, have produced somewhat similar projections except for the months of 

January and September. In January, the SDSM shows an increase of around 20% while 

the LARS-WG shows 0% change in Clutha precipitation. Similarly, in September the 
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SDSM suggests a 12% decrease while the LARS-WG shows an increase of the same 

order. On the other hand, the GEP model always suggests an increase which is mostly 

larger than projected by the other two models. Overall, only for the month of October do 

the three downscaling models show agreement on the likely change in precipitation in the 

Clutha watershed. 

Now, examining Figure 7-3 (showing percentage change in monthly maximum daily 

precipitation) reveals that the SDSM generally shows an increase except for the months 

of April and June where a decrease is suggested by this model. In the case of the 

LARS-WG, for most of the months no change or decrease in magnitude is projected. The 

third model, i.e. the GEP model, suggests an increase for all twelve months, though the 

level of this increase is different for different months. As a whole, three models produce 

contrasting pictures of likely change in the magnitude of extreme precipitation. 
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Figure 7-3. Downscaled projections of change in monthly maximum daily precipitation 

obtained from the three downscaling models. 
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It is quite clear from Figures 7-2 and 7-3 that the three downscaling models produce 

different pictures of the future for the same watershed. Under such a situation, relying on 

the projections of only one model seems inappropriate. The study presented here is a 

good example of how differently downscaling models may behave in producing climate 

change projections for the same study site. The diversity shown by the three downscaling 

models leads one to think about combining the projections obtained from individual 

downscaling models to produce a probabilistic ensemble that can provide ranges rather 

than point estimates, and hence may be adopted by an impact assessment study with more 

confidence. 

7.3.2. Outcomes of the PMME 

Two types of outcomes of the PMME are analysed here, i.e. monthly weighting of the 

three downscaling models on the basis of the posterior distribution of their precision 

parameter λi and the posterior distribution of per cent precipitation change for each 

month. These posterior distributions were obtained through the MCMC simulation in a 

previous step. The three downscaling models used in this study were weighted on the 

basis of ‘bias’ and ‘convergence’ criteria described earlier. The results of this analysis are 

described separately for monthly mean daily precipitation and monthly maximum daily 

precipitation in the next two subsections. 
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7.3.2.1. Monthly mean daily precipitation 

Figures 7-4 and 7-5 are pictorial representations comparing the capability of the three 

downscaling models on the basis of their precision (λi) value. This figure contains the box 

plots of the monthly posterior distributions of the model-specific precision parameter (λi) 

for all three downscaling models. The performance of all models is variable for different 

months of the year so they have been weighted accordingly. The vertical position of a 

box (representing any of the three models) compared to the other two boxes is indicative 

of the precision of that model compared to the other models. A model having large λi 

indicates that it is more capable of matching true climate response than one with smaller 

λi. Also, a model with higher box-plot position will get more weight than one with lower 

position. Using this comparison measure, it can be seen that the vertical position of all 

three boxes is highly variable for different months of the year. On most occasions, the 

models differ considerably in their capability. An exception is the month of May where 

the three models show quite similar performance. In most instances, the model with the 

highest weighting was either SDSM or LARS-WG. In this way, the PMME has produced 

a combined downscaled output in which each downscaling model has its part based on its 

performance. 

Figure 7-6 shows the box plots of monthly posterior distributions of the per cent 

precipitation change (%∆P) providing an overall picture of the nature of the distributions 

for each month and the level of uncertainty in the monthly precipitation change 

projections after downscaling. The thick white line in each box is the median value. On 

examination of Figure 7-6, in terms of IQR as a measure of uncertainty, it is quite evident 
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that the nature or shape of precipitation change distributions is different for all twelve 

months of the year. The shape of this distribution for a month depends solely upon the 

performance of the downscaling models for that particular month and helps to quantify 

uncertainty in the downscaled projections. Compact distribution will be obtained if the 

performances and projections of all the downscaling models are very similar. The reverse 

will be the case when downscaling models show different performance and produce 

contradictory projections. The box plot position for a month with respect to the 0-line 

refers to the magnitude of the change as well as a signal (positive, negative or neutral) of 

this change. It also signifies the level of agreement between all the downscaling models 

in favour of any type (positive or negative) of change. Examination of Figure 7-6 shows 

that the months of May, August and December have very compact (tight) distributions, 

i.e. small IQR, as compared to the other months. For these three months, the small IQR 

indicates very small uncertainty in magnitude and signal of precipitation change. On the 

other hand, February and April are exceptional cases where the quantiles are wide apart 

giving large IQR. The large uncertainty in the precipitation change ensemble projections 

for any month can be attributed to the disparity between the downscaling models. Also 

the bias in the GCM and downscaling models’ simulation for these months further adds 

to the total uncertainty. For the months of January, March, April, July, and September to 

November, boxes have some part on both sides of the 0-line but the position of the 

median on either side of the 0-line indicates the more probable signal of climate change. 
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Figure 7-4. Monthly posterior distribution of model specific precision parameter (λi) for three models 1=SDSM, 2=LARS-WG, 

3=GEP for monthly mean daily precipitation. Top three plots for Jan, Feb, Mar, bottom three for Apr, May, Jun. 
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Figure 7-5. Monthly posterior distribution of model specific precision parameter (λi) for three models 1=SDSM, 2=LARS-WG, 

3=GEP for monthly mean daily precipitation. Top three plots for Jul, Aug, Sep, bottom three for Oct, Nov, Dec. 
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Figure 7-6. Month-wise posterior distributions of percent change (vertical axis) in monthly mean daily precipitation.
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7.3.2.2. Monthly maximum daily precipitation 

Analysis of the monthly maximum daily precipitation will be presented using the same 

pattern and analysis criteria as used for analysing the PMME of monthly mean daily 

precipitation. The weighting of the three downscaling models is shown in Figures 7-7 and 

7-8. These figures show that the GEP model is least efficient at simulating the monthly 

maximum daily precipitation on most occasions except for the months of April, July and 

September. As a result, the GEP is given smaller weight as compared to the other two 

models in the PMME output, whereas, LARS-WG is the best-performing model in all 

months other than March and May. Comparing the IQR of the precision parameter for all 

three downscaling models, on most occasions, there is more uncertainty (large IQR) in 

estimation for LARS-WG as compared to the other two models. 

Change in monthly precipitation regime in terms of monthly maximum daily 

precipitation is presented in Figure 7-9 using the box plots. Overall, magnitude (vertical 

position of the box) and signal (positive or negative) of projected change varies from one 

month to another. Similarly the consensus (depicted by the IQR) among the three 

downscaling models over a particular amount and nature of change is different for all 

months. The month of February is a unique case of a high level of agreement between all 

three downscaling models over the signal and magnitude of the projected change in the 

precipitation regime. For this month the IQR of distribution is very small, and it is almost 

equivalent to a point estimate. The months of April, May, August, October and 

November have very compact distributions with a small IQR, and their positive or 

negative change signal is quite clear. Only the months of January, June, July and 
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September contain large uncertainty as compared to rest of the months regarding the 

magnitude of change in the precipitation regime. 
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Figure 7-7. Monthly posterior distribution of model specific precision parameter (λi) for three models 1=SDSM, 2=LARS-WG, 

3=GEP for monthly maximum daily precipitation. Top three plots for Jan, Feb, Mar, bottom three for Apr, May, Jun. 
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Figure 7-8. Monthly posterior distribution of model specific precision parameter (λi) for three models 1=SDSM, 2=LARS-WG, 

3=GEP for monthly maximum daily precipitation. Top three plots for Jul, Aug, Sep, bottom three for Oct, Nov, Dec. 
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Figure 7-9. Month-wise posterior distributions of percent change (on vertical axis) in monthly maximum daily precipitation.
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A comparison of Figure 7-6 and 7-9 shows that there is more agreement among the three 

downscaling models in estimating magnitudes of change in the monthly maximum daily 

precipitation for the Clutha watershed compared to that for monthly mean daily 

precipitation, thus resulting in less uncertainty in the later case. Moreover, there are more 

months with a clear change signal for monthly maximum daily precipitation as compared 

to the case of monthly mean daily precipitation. 

The results presented and discussed above have shown that TME, or a similar technique 

of combining outputs from multiple models, can be very effective to provide multi-model 

downscaled projections. Such a form of projections can be considered more useful as 

compared to the projections obtained based on a single model result as multi-model 

projections facilitate decision making in a flexible way. 

7.4. Downscaled Clutha precipitation vs. GCM 

precipitation: was the downscaling effort worth it? 

The study presented here uses the statistical downscaling results of precipitation data for 

the Clutha watershed. As mentioned in Sec. 7.1, the study presented in this chapter builds 

upon the work presented in Chapter 4 and Chapter 5 of this thesis. Chapter 4 described in 

detail that the daily precipitation data of 23 climate stations in the vicinity of the Clutha 

watershed were used in combination as an areal average precipitation time series. This 

areal average time series has been referred to as Clutha precipitation throughout this 
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thesis. This data aggregation may cause some questions about the advantage or 

usefulness of the downscaling effort over the direct GCM precipitation output. 

An analysis has been presented in Figure 7-10 to compare the SDSM downscaled Clutha 

precipitation and the precipitation output of HadCM3 GCM for a grid point closest to the 

Clutha watershed with the observed Clutha precipitation. The length of the data analysed 

represents the period 1961–89 at a daily time step as the GCM output for 20C3M (20th-

century run) is available up to the year 1989. The bars compare the mean daily 

precipitation for each month while the lines compare the monthly standard deviation for 

the three data sets. Examination of Figure 7-10 clearly shows that the precipitation output 

of HadCM3 is largely overestimated while the downscaled Clutha precipitation is well in 

agreement with the observed Clutha precipitation. In terms of monthly standard 

deviation, again the observed and the downscaled data sets are very comparable. The 

monthly standard deviation of the HadCM3 precipitation output not only overestimates 

for most of the months, but also the model could not capture the inter-month variation 

very well. On the basis of this analysis it is evident that statistical downscaling for the 

Clutha watershed has offered definite advantages over the direct GCM output even 

though the precipitation data were aggregated. 
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Figure 7-10. Comparison of the statistically downscaled, the GCM simulated and observed 

precipitation to show downscaling advantages. 

7.5. Summary 

This chapter presented the novel development of a probabilistic multi-model ensemble 

using a Bayesian statistical framework to produce probabilistic downscaled projections of 

precipitation change. Outputs from all three statistical downscaling models involved in 

this thesis have been used. First, the specific methodology of this study was described, 

which comprises of formulation of the Bayesian statistical framework, derivation of the 

required data sets, application of the Bayesian statistical framework to the problem of the 

study watershed and strategy for the results analysis. Finally, results and discussions were 
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presented which comprise an analysis of the precipitation change projections produced by 

the three downscaling models individually, and the probabilistic projections obtained 

from the multi-model ensemble of these three downscaling models. In this way, this 

study adds to the ongoing efforts to provide probabilistic projections (rather than point 

estimates) to the climate change/water sector stakeholders.  
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Chapter 8. Summary and 

Conclusions 

The primary objective of this research work was to contribute towards the challenging 

area of statistical downscaling of precipitation at the watershed scale. The key issues in 

this specific area of research were identified on the basis of a review of the relevant 

literature (Chapter 2), and research objectives for this thesis study were drawn. During 

the course of this study, these objectives were addressed through the application of 

appropriate methods. Applications of the methods and presentation and discussion of 

results obtained in this study have been presented in previous chapters of the thesis. This 

chapter is meant to summarise the main findings of the thesis by drawing conclusions 

regarding different aspects of the research, on statistical downscaling of precipitation 

covered in this study, then, on the basis of the findings of this study, suggest some 

possible future research directions.  
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This chapter has been designed to first present separately the conclusions drawn from 

each of the main components of the thesis. It is followed by a separate section on possible 

future research directions in the specific area of research of this thesis. 

8.1. Downscaling using Popular Downscaling Tools 

As discussed in the previous chapters of this thesis, downscaling of precipitation at the 

watershed scale using the output of a GCM is still a very challenging area of climate 

change research and more studies need to be done. Testing of the existing popular 

statistical downscaling models for new geographical and weather conditions is still 

encouraged and has been recommended in a few studies in order to fully evaluate the 

ability of these models in diverse conditions.  

Therefore, as a component of this thesis study, two very popular and widely used tools 

for performing statistical downscaling, i.e. the SDSM and the LARS-WG, were used to 

downscale the areal average daily precipitation time series of the Clutha watershed in 

New Zealand. These two downscaling models have different working principles and 

hence different input requirements. The performance of the SDSM downscaling model 

was satisfactory in both calibration and validation phases, apart from the fact that it 

simulated the winter and autumn precipitation better than summer and spring 

precipitation. Although overall performance of the LARS-WG model to simulate the 

watershed precipitation was good, it proved to be less accurate for the summer season 

compared to other seasons. Also, LARS-WG underestimated the observed standard 
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deviation of watershed precipitation during the validation phase. Future projections of 

precipitation as obtained from these two models show slightly different outcomes, but 

both models indicate a larger increase in winter precipitation as compared to precipitation 

for all other seasons. Hence,the application of these two downscaling models in this 

thesis study for downscaling precipitation of the Clutha watershed endorses their ability 

and importance for providing climate change information to impact studies. 

8.2. GEP as a Novel Downscaling Tool 

Although a wide variety of statistical downscaling models is available, no model is 

known to downscale complex parameters, such as precipitation, as efficiently as (for 

example) temperature is downscaled. Hence, more research is required towards 

discovering new statistical downscaling tools that are simpler and more efficient.  

As a major part of this thesis study, a new downscaling tool was developed based on 

symbolic regression using the GEP. A comparative statistical downscaling analysis was 

undertaken to evaluate the performance of this new model as a statistical downscaling 

tool. The background and development of the GEP downscaling model has been 

presented in Chapter 5 in full detail. The daily precipitation time series of the Clutha 

watershed in New Zealand were downscaled using GEP. The SDSM model results 

(presented in Chapter 4) were used as a benchmark for analysing the downscaled results 

of the GEP model. The results were analysed visually by using scatter plots, and also in 

terms of the parameters, such as the number of predictors used by the downscaling 



Chapter 8 

 

 

205 

model, RMSE and R2. The downscaling results of the GEP model, when compared with 

those of the SDSM, showed that the GEP downscaling model is simpler and offers some 

advantages. In the downscaling model developed using the GEP, a set of the most 

important predictors is selected automatically and it does not require an extra step of 

predictor screening. Furthermore, downscaling using GEP can provide a simpler and 

more efficient solution in the context of precipitation downscaling. This study encourages 

further research in applications of the new breed of soft computing techniques. It may 

lead to an increase in the efficiency of such models for the downscaling of precipitation 

or the introduction of more efficient methods of precipitation downscaling. 

8.3. Simulation and Downscaling of Extreme Precipitation 

Events  

The observed and anticipated changes in the frequency and intensity of regional 

precipitation due to climate change has urged hydrologists to test the available statistical 

downscaling tools for their ability to simulate extreme climatic events, especially of 

precipitation (which is a highly complex phenomenon and difficult to model) at the 

watershed scale. Hence, this thesis has a component specially dealing with this research 

issue, and a full chapter (Chapter 6) has been dedicated to it. The performances of a 

multiple linear regression model (SDSM), a multiple nonlinear regression model (GEP) 

downscaling model, and a weather generator (LARS-WG), were evaluated in terms of 

their ability to simulate present and downscale future frequency of extreme precipitation 
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events. The evaluation criteria are derived from Semenov (2008). Areal average daily 

precipitation data from the Clutha watershed were used for the analysis. The Generalised 

Extreme Value (GEV) distribution was fitted to the AM series, and the GEV estimates of 

precipitation amounts for five return periods (10, 20, 40, 50 and 100 year) as well as their 

corresponding 95% confidence interval, were obtained. In simulating the magnitude of 

precipitation for all the studied return periods, the GEV estimates based on the AM data 

of the two models,, i.e. the SDSM and the LARS-WG are within a 95% confidence 

interval (CI) of the GEV estimate based on observed AM data. It affirms that these two 

models have the ability to successfully simulate the extreme precipitation events of the 

five return periods studied here. It also provides reasonable confidence in the ability of 

both the models to simulate mean as well as extreme precipitation. While the GEV 

estimates based on the AM data of the GEP downscaling model, for all five return 

periods are outside the 95% CI of that based on the observed AM data, showing the 

inability of the GEP model to simulate the frequency of extreme events. As discussed in 

Chapter 5, this is because the downscaling models based on nonlinear regression, e.g. 

ANN downscaling models are known to be good at simulating observed precipitation in 

terms of number of wet days, but they usually underestimate the variability of the 

precipitation amount on those wet days (cf. Benestad et al., 2008). Due to this fact, such 

downscaling models should be used with caution whenever extreme event analysis is 

required. Future precipitation frequency analysis based on the downscaled data of all 

three models presents three different pictures. The contrasting implications of the three 

models about the future is a result of the difference in their downscaling strategy and 
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their basic concepts. These results further reinforce multi-model strategies for conducting 

climate change studies. 

8.4. Probabilistic Projections from Multimodel Ensemble 

of Downscaling Models 

The objective of this part of thesis is to devise a mean for producing probabilistic multi-

model ensemble of statistical downscaling method through the use of a robust Bayesian 

statistical framework. In this study, outputs from three downscaling models form a 

PMME. As a result, probabilistic projections of change in the Clutha watershed 

precipitation regimes in terms of monthly mean as well as monthly maximum daily 

precipitation were obtained. The PMME is based on the Bayesian framework developed 

by Tebaldi et al. (2005). Three reputable downscaling methods, namely multiple linear 

regression (SDSM), weather generator (LARS-WG) and multiple nonlinear regression 

(GEP), were used. The two time slices analysed for precipitation change were the 

baseline period 1961–90 and the future period of the 2080s. 

The downscaled projections obtained from the three models, on the basis of HadCM3 

GCM future projections for the SRES A2 scenario, show a different nature and amount of 

change in Clutha precipitation. Divergent downscaled future projections obtained from 

the individual models support the idea of the multi-model ensemble of this study. Outputs 

from three downscaling models and observed data from the watershed were combined by 

applying the Bayesian theorem. Values of the precision parameter for each participating 
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downscaling model determined the relative weight of each member in the ensemble of 

three models. In this way the performance of each individual model in any month of the 

year, in terms of ‘bias’ and ‘convergence’ criteria, was accounted for in the PMME. 

Overall, the results obtained in this study show that the performance of the SDSM model 

and the LARS-WG model, in downscaling Clutha precipitation, is better than the GEP 

model on most occasions. Accordingly they get more weight in the ensemble as 

compared to the GEP model for most months of the year.  

Due to the diversity in the performance of individual downscaling models, the ensemble 

output of percent precipitation change for each month shows some spread. For a few 

months this spread is large compared to other months. The spread in the monthly 

precipitation change projections is a measure of the uncertainty in the downscaled 

projections, due to the performance of individual models. Hence the multi-model 

ensemble developed in this study is able to combine the outputs from multiple 

downscaling models based on the ability of each model to reproduce the current climate 

and downscale the future climate from a GCM output. Moreover, it enables the 

estimation of uncertainty, due to diverse model abilities, in the ensemble downscaled 

projections of climate change. 

This new application of multi-model ensemble focusing specifically on multiple 

statistical downscaling models showed that climate change studies involving statistical 

downscaling can be more effective and acceptable than single model studies. The work 

presented in this thesis strongly supports the use of multi-model ensemble downscaling 

for providing the required data for hydrological impact assessment. It is recommended 
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here that more approaches and tools should be explored that can account for the 

uncertainty in an individual model’s results and combine results from multiple 

downscaling methods. 

8.5. Future Research Directions 

This thesis study remained fully focused on the statistical downscaling of precipitation at 

the watershed scale and moved towards more reliable estimation of future precipitation 

projections for a watershed. Although the study presented in this thesis is a significant 

contribution towards the ongoing research in the area of statistical downscaling of 

precipitation, some milestones remain to be achieved. The new downscaling tool, i.e. the 

GEP downscaling model, introduced in this study has shown an inability to simulate 

extreme precipitation events. Therefore, future research should explore rectifying this 

issue or introducing a similar tool that can offer the same advantages the GEP has but can 

simulate extreme events with more accuracy.  

Another major milestone would be to use the outputs of these downscaling models in a 

hydrological impact assessment model. Hence, the precipitation change projections 

would be transformed to streamflow projections that will help in the assessment of water 

management implications as a result of any likely changes in the precipitation regime for 

the study watershed. After transforming precipitation projections into streamflow 

projections, a flood frequency analysis is suggested that will be valuable for the planning 

and design of hydraulic structures and river management in general. 
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Future research may extend the PMME study presented in this thesis. For example, a 

comparative study may be carried out by, first, using the downscaled precipitation data 

from each of the downscaling models as input to a hydrological model to transform the 

precipitation projections obtained from the downscaling models into streamflow 

projections. At the second stage, the PMME projections are used in the same 

hydrological model to transform them into probabilistic streamflow projections. There 

could be some ways to use the PMME outputs as inputs to a hydrological model e.g. 

• using the PMME output as change factors in a weather generator and synthesizing a 

daily time series. 

• a monthly water balance model run by using the PMME output 

• perturbing daily weather data based on the PMME output (delta change method). 

Hence, a comparison of the streamflow projections from the individual models with the 

probabilistic streamflow projections may help to analyse the effectiveness of the PMME 

projections presented in this thesis and further extend the state of knowledge in this 

research topic. 
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Details related to the best regression model developed using 
the GEP 
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The best GEP model relating the independent variables with the one dependant variable 

obtained after the GEP evolution process is given below. 
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Here ‘Pe’ is estimated Clutha precipitation, ‘Atan’ is arc tangent function, ‘Exp’ is 

exponential function, ‘c0’ and ‘c1’ are the numerical constants. 

The short names of the twenty six independent variables (NCEP reanalysis predictors) i.e. 

dn; n=1,..., 26, used in Eq. D-1 represent P01 to P26 of Table 5-4 in Chapter 5 of this 

thesis. Table 5-4 also provide the short description of these variables whereas a 

description of functions used in Eq. (D-1) is given in Table 5-5. The Expression Tree 

(ET) of the best evolved model achieved at the end of the process is shown in Figure D-1. 

It consists of the 6 sub-ETs (Figure D-1) as six different parts of the model. Each of the 

sub-ET is composed of some of the functions or some of the predictor variables or both. 

The functions contained in the ET were selected automatically from the set of 13 

functions given in Table 5-5 of Chapter 5. Similarly the predictor variables included in 

the ET are the seven most important predictors selected among the whole set of 26 

predictors (i.e. d1, d2, d11, d16, d20, d24, d25). The set of most important predictors is 

based on the performance of the large number of computer programs that evolve during 
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the process. In the case of the SDSM, the set of ten most important predictors consisted 

of d1, d3, d5, d7, d9, d10, d11, d15, d19 and d22. 



Appendix D 

 

 

244 

 

Figure D-1. ET structure for the best GEP model. 
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