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Abstract 
The intrinsic link between the urban water cycle and climate variables, in particular rainfall, is 
forcing water supply managers to revise future water plans to incorporate the likely impact of 
climate change. However, there is great uncertainty surrounding how climate change will affect 
urban water security due to difficulties in projecting rainfall and the variability in rainfall 
projections between the various Global Circulation Models (GCMs) and the Special Report on 
Emissions Scenarios (SRES) scenarios produced by the Intergovernmental Panel on Climate 
Change. 
 
The purpose of this study is to develop a method to incorporate rainfall projections under a 
range of climate change scenarios into an urban water supply model in an attempt to estimate 
the effects on the security of supply. We illustrate the approach for Adelaide’s Southern water 
supply system up to the year 2100. The future Adelaide supply system includes reservoirs fed 
from catchments and water pumped from the River Murray, household rainwater tanks, 
stormwater reuse schemes and a desalination plant.  
 
Monthly percentage change factors for Adelaide’s rainfall at five-year intervals for four GCMs 
and three SRES scenarios were obtained from CSIRO’s OzClim website. These were 
superimposed on 1000 stochastic daily rainfall time series, which were used as inputs for a 
planning model of Adelaide’s Southern water supply system. Water security, in terms of the 
average annual shortfall of supply, was then determined for each of the 12 combinations of 
climate change possibilities.  
 
The average annual shortfall for Adelaide’s Southern system is greatly affected by the rainfall 
sequence, the GCM used and, to a lesser extent, the SRES scenario. These findings indicate 
that urban water managers should consider planning for the likely impacts of climate change 
using multiple stochastic rainfall sequences and a broad range of GCM projections and SRES 
scenarios. 

Introduction 
Climate change is expected to greatly affect urban water supply security because of the intrinsic 
link between climate variables and the urban water cycle. Rainfall in particular is important in 
determining supply from sources, such as catchments, rivers, rainwater tanks and stormwater 
reuse schemes. However, with uncertainty surrounding how climate change will affect rainfall 
and the likely magnitude of climate change due to the range of possible global development 
pathways, how do we determine the likely impact of climate change on urban water supply 
security? 
 
Several studies have analysed the effect of different climate change scenarios on water supply 
security by using a combination of Global Circulation Models (GCMs) and emission scenarios. 
Maheepala and Perera (2003) assessed the potential impact of climate change on the reliability 
of the Benalla water supply system in North Eastern Victoria, Australia in 2030. They used four 
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future emission scenarios and eight GCMs, which were combined to formulate 32 different 
climate scenarios. Howe et al. (2005) investigated the impact of climate change on the 
vulnerability of Melbourne’s urban water supply for 2020 and 2050, using 30 different climate 
scenarios derived from three emission scenarios and 10 GCMs.  
 
The overall objective of this paper is to build on these previous studies by (1) using 
stochastically generated rainfall sequences to enable estimates of security to be presented in a 
probabilistic fashion rather than as a single deterministic value, (2) using a continuous planning 
horizon and extending this to 2100, and (3) applying the methodology to a case study that 
includes alternative water sources. A methodology for incorporating these extensions is firstly 
presented and then illustrated for Adelaide’s Southern water supply system.  

Methodology 
Figure 1 illustrates the methodology developed to undertake an assessment of the impact of 
various Global Circulation Models (GCMs) and Special Report on Emissions Scenarios (SRES) 
scenarios on the security of an urban water supply system. The four major steps are: (1) 
generating stochastic rainfall time series, (2) developing climate change influenced rainfall time 
series, (3) running the water supply simulation model and computing shortfall and, (4) 
comparing the shortfall across climate change scenarios. Steps 1 and 2 can be conducted 
simultaneously, which is why in Figure 1, they are both highlighted as starting processes.  

Step 1 – Generating stochastic rainfall time series  
Stochastic rainfall sequences facilitate the incorporation of temporal variability in rainfall, by 
producing rainfall time series that, when compared to the historical data, are different but which 
all have very similar averages for certain statistical properties (such as mean, variance and 
mean number of wet-days) (Srikanthan et al. 2004). If only the historical times series was used, 
then one would be assuming that the variability present in historical records holds true for the 
future, which is not likely to be true considering there are a great number of alternative 
realisations that are equally likely to occur in the future (Srikanthan et al. 2004).  
 
Selecting an appropriate historical rainfall time series to generate the stochastic rainfall time 
series is important. The historical time series should be at an appropriate timescale for accurate 
modelling of urban water sources. The data should also cover an appropriate spatial scale. For 
example, if modelling the water supply system of a city that has large spatial variation of rainfall, 
then multiple rainfall stations are probably necessary. Further, the data should cover a long 
timeframe, so that any existing long-term variability in rainfall can be incorporated. Techniques 
used later in the methodology to search for trends in the time series, to generate stochastic 
rainfall and to simulate the water supply system, will most likely require a continuous time 
series, so at this point any missing data must be in-filled. 
 
As the rainfall data are to be subjected to climate change scenarios, it is important that the 
historical time series used to create the stochastic time series do not already exhibit any trends. 
If any trends are observed, then they should be removed before using the historical data as the 
basis for generating the stochastic rainfall time series (Figure 1). 
 
The number of replicates (i.e. the number of stochastic time series to be generated) must first 
be selected, keeping in mind that although more replicates are better to capture sampling 
variability, they will also add to the computational effort of the study. If important statistical 
characteristics of the historical time series are not upheld in these stochastically generated time 
series, then the process should be repeated with more repetitions (Figure 1).    

Step 2 – Developing climate change influenced rainf all time series 
A number of methods to incorporate climate change into impact studies have been developed 
(which involve generating climate series associated with emission scenarios and then 
manipulating the data to the appropriate scale): global atmosphere ocean general circulation 
models (more widely referred to as simply global circulation models (GCMs)); high and variable 
resolution  atmosphere-only  GCMs;  dynamical  downscaling,  otherwise  known  as  regional  
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Figure 1: Flowchart of methodology for estimating water supply security for 
different climate change scenarios 

climate models; statistical downscaling; hypothetical scenarios; and analogue scenarios 
(Ashbolt and Maheepala 2008). Ashbolt and Maheepala (2008) note that GCMs are a useful 
tool for impact studies, as a number of physically plausible scenarios can be constructed easily, 
although a limiting factor for regional and local impact assessment is their coarse scale. 
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However, more sophisticated techniques that could combat this coarse scale, such as 
downscaling techniques, have their own shortcomings. For example, a great limitation of 
dynamical downscaling is that it is computationally expensive, with many studies limiting future 
impact studies to a small time slice of the future, say 20 or 30 years (Fowler et al. 2007) while 
for sophisticated statistical downscaling techniques, the calibration and validation phases are 
time consuming and complicated to apply (Srikanthan 2009). Therefore, for this methodology, a 
simple method of developing percentile changes for certain GCMs and SRES scenarios that 
can be superimposed on the stochastic rainfall timeseries is recommended (Figure 1).  

Step 3 - Running the water supply simulation model and estimating system shortfall 
The rainfall time series must be integrated into a water simulation model, so that the effects of 
climate change on rainfall can be translated to effects on water supply from individual sources 
and, subsequently, the effects on water supply security for the whole system (Figure 1). The 
water simulation model is required to balance the demand and supply of the system and check 
that constraints, such as reservoir levels and pumping limits, are upheld. Selection of the water 
simulation model is important and should consider the ability of the model to (1) readily 
incorporate multiple rainfall time series, (2) model the necessary water sources, (3) model at the 
required spatial and temporal scales, (4) output data to compute system shortfall and, (5) 
consider water quality if necessary.  
 
System shortfall is calculated as the average annual amount by which demand exceeds supply. 
For each climate change scenario, the water simulation model is run for the different stochastic 
rainfall time series that have been modified for that particular climate change scenario (Figure 
1). In doing so, the system shortfall is calculated multiple times for each climate change 
scenario, providing probabilistic estimates of water supply security. 

Step 4 - Comparing water supply security across cli mate change scenarios
Finally, probabilities of shortfall for each of the different climate change scenarios can be 
compared (Figure 1) to provide an understanding of how a particular climate change scenario 
will impact on the estimated security of an urban water supply system.  

Case Study 
Adelaide is the capital city of South Australia, with a population of approximately 1.3 million 
people (Figure 2). Adelaide is described as having a ‘Mediterranean’ style climate of mild 
winters and hot dry summers and has experienced annual rainfalls ranging from 257mm to 
882mm over the last 120 years (Maier et al. 2009). Interdecadal variability across South 
Australia is also apparent, with the 1920s and 1960s being dry and the 1970s being wet 
(Government of South Australia 2009).  
 
Historically, Adelaide has received much of its water from reservoirs in nearby catchments and 
water pumped approximately 100km from the River Murray. However, Adelaide’s water security 
is under threat due to recent periods of consecutive below-average-rainfall, reduced River 
Murray flows and water quality, projected population growth and forecasts of an even drier 
climate under the likely impact of climate change. The case study focused on Adelaide’s 
Southern system, which can be considered separate from Adelaide’s Northern system because 
they largely act independently of each other (Crawley and Dandy 1993). In this case study, we 
examined the water supply security up to 2100 of a range of climate change scenarios for a 
particular planning alternative for the Southern system. The simulation model WaterCress (Clark 
et al. 2002) was used to model the case study system because it satisfied the requirements 
mentioned in Step 3 of the methodology.  

Demand projections 
Water demand is a function of population, number of people per household and individual per 
capita consumption. The Southern system population caters for approximately half of Adelaide’s 
demand, so the initial population in 2009 was taken as 590,900 people. With a future planning 
horizon of 92 years (from 2009 to the end of the century), population was then determined for 
each year by applying an annual non-compounded percentage increase of 1.2%, which was 
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based on projections from the Australian Bureau of Statistics. The number of people per 
household was assumed to be constant at 2.5 people over the whole planning horizon.  
 
Individual per capita consumption was split into three categories; Type I – household use 
including kitchen, laundry and bathroom water but not including water for toilet flushing; Type II 
– household use including toilet flushing and garden watering; and Type III – public purpose, 
commercial and industrial use as well as unmetered water use predominantly caused by 
distribution system leaks. In 2009, annual demands for the entire Southern system were 
assumed to be 32GL for Type I, 28GL for Type II, and 35GL for Type III water, which was based 
on current water consumption patterns for Adelaide. These demands were also modified by an 
annual non-compounded percentage change each year to incorporate effects of permanent 
water restrictions and projected savings due to government measures and an increase in the 
use of water efficient technologies. Water savings are projected to be varied across water uses, 
with in-house water use expected to be much lower than savings made in the garden and 
outside of the home. Therefore based on future projections for Adelaide water use, a 0.26% 
annual reduction was applied for Type I use, while for Type II and Type III uses, 0.53% and 
0.56% reductions were applied respectively. 

Water supply system details 
There are three reservoirs in Adelaide’s Southern system, which were therefore included in this 
case study; Myponga, Mt. Bold and Happy Valley (Figure 2). Happy Valley is simply a storage 
reservoir without a catchment, receiving water released from Mt. Bold reservoir, so these two 
reservoirs are treated as a single reservoir in the model. Myponga and Mt. Bold store runoff 
from their respective catchments, with Mt. Bold also storing water from the River Murray, which 
is conveyed to the Onkaparinga River via the Onkaparinga-River Murray pipeline (Figure 2). For 
this case study, water from the River Murray is capped at 32.5ML/day for the Southern system. 
This is a quarter of Adelaide’s current licence for River Murray water extraction. The licence has 
firstly been halved to represent the Southern system license portion and then halved again to 
represent the possibility that policy and water quality may restrict River Murray water availability   
in the future. A 100GL/yr reverse-osmosis membrane desalination plant currently being built at 
Port Stanvac for use in Adelaide was also included as a water source for this case study. In a 
similar way to the River Murray supply, its capacity was halved to represent Southern system 
supply only. Ten stormwater harvesting schemes for Southern Adelaide identified by Wallbridge 
and Gilbert (2009) were also included but for simplicity, these schemes were condensed into 
three larger schemes. The final water source considered is a 5KL rainwater tank for each 
household, which in this case study supplies water for household toilet flushing and garden use. 
New houses built each year (as a result of population growth) were assumed to have rainwater 
tanks installed. A roof size of 210m2 was assumed for all houses and 50% of the roof was 
assumed to be connected to the tank.  
 
Type I water (indoor household use excluding toilet flushing) was sourced in equal proportions 
from reservoirs (includes River Murray) and the desalination plant, while Type II water (toilet 
flushing and garden use) was initially sourced from the rainwater tanks and when this water 
supply was exhausted, water was taken in equal proportions from reservoirs (includes River 
Murray) and the desalination plant. Similarly, Type III water (commercial, industrial & public 
purpose use) was initially sourced from stormwater schemes and then in equal proportions from 
reservoirs (includes River Murray) and the desalination plant, once stormwater was exhausted.  

Historical Rainfall Time series 
Rainfall data were required to determine supply volumes from reservoirs, stormwater schemes 
and household rainwater tanks. Due to the dynamic filling and emptying of household rainwater 
tanks, daily rainfall was deemed necessary. For this case study, daily rainfall was extracted from 
the Patched Point Dataset (PPD) (Jeffrey et al. 2001), which is based on observed Bureau of 
Meteorology (BoM) daily meteorological records and enhanced by high-quality rigorously-tested 
data infilling and deaccumulation of missing or accumulated rainfall, respectively (Charles et al. 
2008). There are three major advantages in using the PPD dataset; (1) data from each site 
span identical time periods, so inter-station correlations are upheld, (2) data are a continuous  
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Figure 2: Adelaide’s Southern Water Supply System; Map of South Australia 
showing the location of Adelaide (insert). 

time series, which is a necessary input requirement for programs used later in the study, and (3) 
the data cover a long timeframe, so that any existing long-term variability in rainfall can be 
incorporated. A 92-year data subset was selected, as this matched the length of the projected 
future time period of the study. The 92 years prior to and including 1990 were chosen because 
1990 is the baseline climate year for which climate change scenarios are based on. 
Furthermore, in selecting years preceding 1991, the added uncertainty of whether climate 
change impacts have already started to take effect in the last two decades is avoided. 
 
Hahndorf, Myponga Reservoir and West Terrace were chosen as suitable rainfall stations for 
the Mount Bold Catchment, Myponga Catchment and Southern demand area (for household 
rainwater tanks and stormwater schemes), respectively. Suitability was based on (a) the rainfall 
station’s inclusion in PPD (b) spatial location of the rainfall station (c) representativeness of 
annual average rainfall for the relevant location and (d) length and quality of data in the BoM 
dataset, so as to maximise use of observed data and minimise use of infilling and 
deaccumulated records in the PPD dataset. 
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TREND analysis of historical rainfall 
TREND (www.toolkit.net.au/trend), a Cooperative Research Centre (CRC) for Catchment 
Hydrology tool, which enables statistical testing for trend, change and randomness in time 
series data (Chiew and Siriwardena 2005), was used to check for trends in the historical rainfall 
data. For the period 1899-1990 and for each of the three rainfall stations, the Mann-Kendall and 
Spearman’s Rho tests (used to check for a trend), the Distribution-Free CUSUM test (used to 
identify a step jump in the mean) and the Rank-Sum test (used to check for a difference in 
median between two sections of the dataset) did not return a significant result, indicating that 
there were no trends or step jumps in the nominated time series. Consequently, it was not 
necessary to manipulate the historical rainfall data to remove trends.  

Developing SCL stochastic time series 
Another of the CRC for Catchment Hydrology tools – the Stochastic Climate Library (SCL) 
(www.toolkit.net.au/scl) – was used to generate the stochastic rainfall time series because it is 
freely available, runs quickly, has a straightforward user interface, generates rainfall at a 
number of temporal and spatial scales, has good supporting documentation and for a number of 
locations around Australia, the model preserves the important characteristics of rainfall at the 
daily, monthly and annual time scales (Srikanthan 2005). The SCL uses a number of stochastic 
models to generate single-site stochastic rainfall at the sub-daily, daily, monthly and annual 
timescales, and multi-site stochastic rainfall at daily timescales (Srikanthan et al. 2004).  
 
The multi-site daily rainfall model was used for this case study because of the daily time step of 
the rainfall and because rainfall was sourced from different stations. The multi-site daily rainfall 
model is a multi-site two part model, nested in a monthly and annual model. The first part 
consists of rainfall occurrence, which is determined using a first-order two-state Markov chain, 
while the second part relates to rainfall amounts, derived using a gamma distribution 
(Srikanthan et al. 2004). Initially 500 stochastic time series were developed but these proved to 
be unable to accurately capture many of the statistical characteristics of the original historical 
time series at the daily, monthly and annual time scales. Six-, seven-, eight- and nine-hundred 
repetitions also returned poor quality results, although statistics generally improved as the 
repetitions increased. For 1000 repetitions there were still some statistics for the generated time 
series that were quite different to the historical time series, such as the annual minimum being 
overestimated by 12-15%, but a number of the poor quality statistics improved noticeably. Due 
to limitations in SCL’s computing capacity and for computational efficiency reasons, 1000 
repetitions were deemed adequate for this case study. 

OzClim Climate Change Scenarios 
CSIRO’s OzClim (www.csiro.au/ozclim /), a tool created for the scientific research community 
and policy makers, was used to develop climate change scenarios for the case study. OzClim 
allows the extraction of monthly percentage change factors of rainfall (compared to the 30-year 
baseline scenarios from 1960 to 1990), at five year intervals from 2020 to 2100. Users can 
create a scenario by firstly choosing from 23 GCMs, then from six SRES scenarios or two CO2 
stabilisation scenarios, and finally from three rates of global warming – low, moderate or high.  
Three SRES scenarios (A1B, B1 and A2) were selected for the case study, which cover three of 
the four scenario families (A1, B1 and A2), thus investigating a range of alternative development 
pathways. The A1B scenario explores the situation of rapid economic growth and introduction of 
new and efficient technologies, a peak in global population around 2050 and a balance between 
using fossil fuels and non-fossil energy sources (Intergovernmental Panel on Climate Change 
2007). B1 assumes the same population outcomes as the A1 family but with quicker changes in 
economic structures to enable a service and information economy, while A2 proposes a world 
with high population growth, slow economic growth and gradual technological advancement 
(Intergovernmental Panel on Climate Change 2007). Therefore, they represent future scenarios 
with relatively moderate emissions (A1B), low emissions (B1) and high emissions (A2).  
 
GCM models for this case study were chosen based on their performance across Australia in 
terms of matching simulated and observed rainfalls, as reported by Suppiah et al. (2007). The 
GCMs selected for this case study included the Geophysical Fluid Dynamics Laboratory’s 
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GFDL2.0 model, the Max Plank Institute for Meterology’s ECHAM5 model and the Hadley 
Centre for Climate Prediction and Research’s HadGEM1 model (Suppiah et al. 2007). In 
addition, CSIRO’s Mk3.5 model, which was not assessed by Suppiah et al. (2007), was also 
selected. A ‘moderate’ rate of global warming was used for all climate change projections.  

Results 
The average annual shortfalls for the case study presented in this section have a probabilistic 
nature based on the 1000 stochastic rainfall time series replicates. For the scenario without 
climate change effects, there is a greater than 90% probability that no system failures will occur, 
while for each of the GCMs considered, failures are at least 10% likely to occur for each of the 
SRES scenarios investigated, apart from the ECHAM5 model, which indicates that failures are 
less than 10% likely for the B1 and A1B scenarios (Table 1). Although the demand for the 
Southern system changes over the 92 year planning horizon, the average annual demand for 
the system is approximately 100GL per year. Therefore, the shortfalls presented in Table 1 in 
GL/yr are also a good approximation of the percentage shortfall for the system. 

Table 1: The 90th, 50th and 10th percentile exceedance values of the average 
annual shortfall (GL/yr) for the Southern system for the selected GCMs for the 

B1, A1B and A2 scenarios and for a scenario without climate change 

No Climate Change

Global Circulation 
Model

B1 A1B A2 B1 A1B A2 B1 A1B A2

ECHAM5 0 0 0 0 0 5.9 0 0 10.9

GFDL2.0 0 6.4 9.8 6.7 9.9 11.2 11.6 13.0 12.4

HadGEM1 0 0 4.2 1.5 7.4 9.2 9.5 11.7 12.8

Mk3.5 7.1 11.6 15.1 10.3 13.9 16.9 13.1 15.9 18.5

90th percentile 50th percentile 10th percentile

0 0 0

 

Differences in average annual shortfall between GCM s for each SRES scenario 
For the B1 scenario, only the Mk3.5 model projects failures at greater than 90% probability, with 
GFDL2.0 and HadGEM1 projecting failures for 50-90% of the rainfall time series (Table 1). 
Similarly, Mk3.5 projects the largest magnitude of average annual shortfall during failure years 
with 80% of the annual average shortfalls lying between 7.1 and 13.1GL/yr. GFDL2.0 projects 
the second highest magnitude of failure for the GCM models with a shortfall of 6.7GL/yr being 
exceeded for 50% of the rainfall time series, followed by HadGEM1 which projects a 50% 
exceedance probability of 1.5GL/yr (Table 1). Similar patterns of magnitude occur for the annual 
average shortfall projected by these three models across the A1B scenario, with Mk3.5 
projecting the greatest failures followed by GFDL2.0 and then HadGEM1 (Table 1). For the A2 
scenario, the smallest magnitude of annual average shortfall occurs for ECHAM5, followed by 
HadGEM1, then GFDL2.0 and lastly Mk3.5 (Table 1). However, GFDL2.0 projects a slightly less 
severe shortfall than HadGEM1 for the 10th percentile (Table 1). This suggests that the 
magnitude of system shortfall for a particular rainfall sequence may be greater for one GCM 
than another, but that this magnitude may be reversed for another rainfall sequence.  

Differences in average annual shortfall between SRE S scenarios for each GCM 
At the 10th, 50th and 90th percentiles and for the ECHAM5, HadGEM1 and Mk3.5 models, the 
magnitude of shortfall for the B1 scenario is less than that for the A1B scenario, which is less 
than that for the A2 scenario (Table 1). This is to be expected, because B1 is meant to 
represent a future with relatively low emissions, while A2 represents a relatively high emission 
future and A1B lies in the middle. The 50th and 90th percentiles for GFDL2.0 also follow this 
trend, but not the 10th percentile; it is 10% likely that the annual average shortfall will be greater 
than 13.0GL/yr for the A1B scenario, while only being greater than 12.4GL/yr for the A2 
scenario (Table 1). This can be explained by examining the changes to the rainfall for GFDL2.0 
for these two SRES scenarios. Up until 2060-2065, A1B actually has a slightly greater negative 
impact on rainfall amount than A2, which presumably occurs because projections for A1B and 
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A2 emissions are relatively similar until the middle of the century. The two scenarios then rapidly 
diverge, with emissions from A2 increasing rapidly, while emissions under the A1B scenario 
start to decline. For some rainfall time series, events that presumably occur in the first half of the 
time period considered contain a number of consecutive below-average-rainfall years or at least 
some years with very low rainfall. Consequently, the A1B scenario could consequently have a 
greater negative effect on rainfall and thus water supply security compared to the A2 scenario.  

Comparative effects of the GCM, SRES scenario and r ainfall sequence 
The differences in average annual shortfall between SRES scenarios for the same GCM are 
actually smaller than the differences across GCMs for the same SRES scenario. For example, 
at the 50th percentile, differences between SRES scenarios are 5.9GL/yr for ECHAM5, 4.5GL/yr 
for GFDL2.0, 7.7GL/yr for HadGEM1 and 6.6GL/yr for Mk3.5, while differences across the 
different climate change models are greater at 10.3GL/yr for B1, 13.9GL/yr for A1B and 
11.0GL/yr for A2 (Table 1). This is concerning because the SRES scenarios are intentionally 
different, whereas the climate change models should be in agreement for the same SRES 
scenario, since there can only be one future realisation of climate for a certain SRES scenario. 
Furthermore, the variation in average annual shortfall for the same SRES scenario and same 
GCM illustrates that the rainfall sequence contributes significantly to variation in average annual 
shortfall. For example, the maximum average annual shortfall for GFDL2.0 for the A1B scenario 
is 17.9GL/yr, while the minimum is 0GL/yr, suggesting the future rainfall sequence will have 
greater influence on water supply security than GCM or SRES scenario.  

Management implications of results 
First of all, the relatively large differences in average annual shortfall that occur for the same 
SRES scenario and same GCM highlight the importance of using multiple rainfall sequences in 
assessing the impact of climate change on urban water supply systems. If only the historical 
record was used, then a single value for average annual shortfall would be obtained, which 
simply would not reflect the great range of possible shortfalls. This is further supported when 
examining the differences between GCMs for each SRES scenario and differences between 
SRES scenarios for each GCM, as some of the rainfall sequences returned results that did not 
conform to the expected trend. Finally, because of the differences in average annual shortfall 
due to variation in GCM projections and to a lesser extent the SRES scenario, it is 
recommended that urban water managers use multiple combinations of GCMs and SRES 
scenarios when assessing the likely impacts of climate change on urban water supply systems.   
 
The results also have implications for water managers in terms of their responses to the 
shortfalls. Although small shortfalls of a couple of GL/yr could probably be avoided through 
imposing short-term water restrictions, larger shortfalls could not. In planning to mitigate the 
larger shortfalls, water managers would need to reduce demand in the long-term or supplement 
water supply sources.  

Conclusions and Future Directions 
This paper illustrates a methodology to assess the likely impacts of climate change on urban 
water supply systems, in terms of average annual shortfall. The methodology is illustrated for 
Adelaide’s Southern system, whereby rainfall time series that are influenced by climate change 
projections affect supply from three water sources – catchment reservoirs, rainwater and 
stormwater. Results indicate that average annual shortfall for this system will be quite varied 
and is most affected by the rainfall sequence, then the GCM and finally the SRES scenario. 
Based on these findings, it is most important to use multiple stochastic rainfall sequences, 
followed by multiple GCMs and finally a number of SRES scenarios when assessing climate 
change impacts on urban water supply systems.  
 
Future directions for this research include: 
� In-depth analysis of rainfall sequences to understand the patterns within certain sequences 

that drive average annual shortfalls to behave differently to expected trends,  
� Application of climate change impacts to climate variables other than rainfall,  
� Assessment of other water supply security measures, such as reliability and resilience,  



F. Paton, G. Dandy, H. Maier 

 

10

� Incorporation of more sophisticated climate change modelling methods, 
� Extension of the case study to include more climate change projection combinations, which 

are available in OzClim, and 
� Identification of the best options for future water supply considering climate change impacts. 
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