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1.  INTRODUCTION

Understanding the behaviour of Victoria’s water
catchments is of upmost importance for the state’s
water security, made clear by the impacts of the
recent Millennium drought. This event, spanning
1997−2009, was observed to be southeast Australia’s
longest and most severe drought in the observa-
tional record (Timbal 2009). During this period,
rainfall was 12% below the 1900−2012 mean
(CSIRO 2010) and streamflow across the catchments
studied in this work experienced declines of be -

tween 14 and 90% from the 1977−2012 mean (Fid-
des & Timbal 2016).

With Victoria’s population expected to grow to 10
million by 2051 (DTPLI 2014), water demand for
domestic means, agriculture and industry are expec -
ted to increase accordingly. Current climate projec-
tions are indicating that Victoria is likely to shift to a
warmer, drier climate (IPCC 2007, 2013, CSIRO &
BoM 2015). This decline in rainfall could further
translate to declines of up to 2 to 3 times greater in
surface water (Chiew 2006, CSIRO 2012), putting fur-
ther stress on the state’s water management.
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It has been shown that selected catchments across
Victoria experienced a decline in streamflow over
1977−2012 of up to 7% on average (Fiddes & Timbal
2016). Drier catchments experienced greater de -
clines (up to 30% in the east and west of the state),
whilst wetter, alpine catchments in some cases expe-
rienced no meaningful trends. Similar trends have
been reported for the Murray−Darling Basin (MDB)
for a range of water indicators (Potter & Chiew 2009,
CSIRO 2010, Leblanc et al. 2011).

Nonlinear processes within individual catchments
cause an elasticity of the streamflow response to rain-
fall changes. For example, streamflow changes dur-
ing the Millen nium drought that were 3.4 times
greater than the changes in rainfall in the same
period (CSIRO 2010). Catchments of differing physi-
cal characteristics and climate (e.g. in levels of arid-
ity), and which ex perience prolonged stress, respond
differently to changes in rainfall (Chiew 2006, Mur-
phy et al. 2010, CSIRO 2012, Saft et al. 2015, Fiddes
& Timbal 2016).

It is essential that these processes are understood,
and they should be captured when modelling
stream flows at fine temporal timescales. However,
at a monthly time scale, simple time-series-based lin-
ear regressions can satisfactorily reconstruct stream-
flows, especially those that experience flows for at
least 70% of the year, whereas drier catchments are
less well captured (Chiew et al. 1993). This was fur-
ther confirmed using direct general circulation model
(GCM) outputs and a multiple linear regression to
predict monthly streamflows for a catchment in west-
ern Victoria, though there were problems predicting
ex tremes in the streamflow time series (Sachindra et
al. 2013, 2015).

A multiple linear regression using rainfall of the
concurrent month, previous month and previous
year, and temperature of the concurrent month was
developed to reconstruct historical streamflow for
Melbourne’s water catchments (Timbal et al. 2015a).
This method was developed further (Fiddes & Timbal
2016) by adding a long-term (10 yr) rainfall memory,
and applied to 27 diverse catchments across the
state. The statistical reconstructions were able to
replicate the monthly streamflow time series well,
with an adjusted explained variance (R2–) of 88%. The
mean of the time series was highly accurate, whilst
streamflow variance (σ2) was underestimated. Long-
term trends were reconstructed with good skill,
whilst the magnitudes of the Millennium drought
event were underestimated in the worst-affected
catchments. Here, the same statistical reconstruction
is applied to an ensemble of statistically downscaled

climate model simulations from the Coupled Model
Intercomparison Project phase 5 (CMIP5) database.

Previous work investigating the performance of the
CMIP5 ensembles indicates a good ability to re -
produce the spatial pattern of Australian rainfall
mean and interannual variability (Smith et al. 2013),
whilst the variance is underestimated (Irving et al.
2012). Historical rainfall trends are not well captured
(CSIRO & BoM 2015). A decline in precipitation for
southeast Australia under representative concentra-
tion pathway (RCP) 8.5, especially during winter and
spring, is projected; however, model agreement is
not strong, and the ability to reproduce the annual
cycles are conflicting (Irving et al. 2012, Smith et al.
2013, Grose et al. 2015a, Timbal et al. 2015b).

Statistical downscaling of the CMIP5 GCMs uses
the relationships between local weather and large-
scale climate patterns that can be inferred from GCM
outputs. This method provides a GCM output of 5 km
resolution, as opposed to the original GCM resolution
of 150 to 400 km, providing much greater detail of
rainfall and temperature patterns across the state,
whilst also generally improving the GCM projections
of rainfall. A similar method was used to predict
point- based monthly streamflows directly from GCM
output (Sachindra et al. 2013, 2015). Whilst rainfall
projections from GCMs are not as reliable as, for ex-
ample, temperature projections, due to its inherent
variability, at monthly timescales the hydrological
community generally find analysis of average rainfall
and subsequent impact studies appropriate. Some ex-
amples of the application of GCM rainfall projections
to hydrological studies are commented on below.

Studies projecting streamflow or runoff generally
use individual catchment hydrological models of dif-
ferent levels of complexity, such as the Sacramento
or SYMHYD models (Chiew et al. 2008, CSIRO 2012,
Post & Moran 2013). These hydrological models are
lumped conceptual daily rainfall−runoff models, and
are driven by climate observations (rainfall and
potential evaporation in these cases cited above)
scaled by climate projections, in effect changing the
background mean, variance or even entire distribu-
tion. This ‘scaling factor’, or climate change signal,
remains at course resolution, unable to capture the
effects of topography and coastlines on the climate
variables (Chiew et al. 2008, Post & Moran 2013).

Such results for the southern MDB (encompassing
northern Victoria) range from −22 to −2% changes in
streamflow with 1°C of warming relative to 1990
(CSIRO 2012). A reduction of −14 and −25% was
found for median climate pathways for 2030 and
2060, respectively (Post & Moran 2013). Similarly, an
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11% decline in available surface water has been pro-
jected by 2030 (Leblanc et al. 2011).

This study combines 3 existing tools to project
streamflow into the future: (1) taking advantage of
the information global GCMs can provide about
large-scale changes, (2) the statistical downscaling
method’s ability to translate this into high-resolution
rainfall and temperature projections and (3) the sim-
plicity of the streamflow reconstruction method. 

2.  CATCHMENTS, DATA AND METHODS

2.1  Catchments and observed data

Twenty-seven catchments across Victoria were se -
lectedforthisstudy,chosentorepresentadiverserange

based on yield, location, size and elevation. The catch-
ments were grouped into regions based on their loca-
tion and streamflow behaviour (Fig. 1). It must be noted
that the statewide mean, often re ferred to in this work
for convenience, is the mean of the 27 catchments used
here, which do not reflect all catchments within the
state; the selected catchments cover about 10% of the
state land area and account for about 20% of the total
streamflow across the state. Further details and peculi-
arities of these catchments and regions can be found in
Table 1 and Section 2.1 of Fiddes & Timbal (2016).

The streamflow dataset was provided by the De -
partment of Environment, Land, Water and Planning
(DELWP) and Melbourne Water to the Bureau of Me-
teorology (BoM) as a part of the Hydrological Refer-
ence Stations dataset (Tur ner et al. 2012). Catchments
with in the Hydrological Reference Stations dataset
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Fig. 1. Schematic of climate model output grid sizes for an example of daily rainfall over Australia shown for (a) a resolution of
1.8° × 1.8° (typical of a climate model), (b) a resolution of 0.05° × 0.05° (achieved using the statistical downscaling method) and
(c) the same as (b) but zoomed in on Victoria. Overlaid on (c) are the catchment boundaries, colour coded by region: east (red), 

alpine (blue), west of Alps (magenta), far west (orange), Melbourne (purple)
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must meet quality control standards (de -
scribed at www.bom.gov. au/ water/ hrs/
guidelines. shtml), must have unregu-
lated flows, must have undergone mini-
mal land-use changes and have ≤10%
of the flow captured by agricultural use
(Sinclair Knight Merz 2010, Turner et al.
2012). Rainfall and temperature data
from the Australian BoM’s operational
high-resolution gridded (0.05° × 0.05°)
dataset (Jones et al. 2009) are used. For
more information on these datasets,
please see the studies referred to and
Fiddes & Timbal (2016).

In the present study, anomalies and
trends are presented as the percentage
of the climatological mean, allowing for
simple comparison between catch-
ments. Regional and statewide averages
are presented as weighted means of av-
erage annual catchment streamflow.

2.2  GCM data

GCM projections developed internationally to un -
derpin the most recent Intergovernmental Panel on
Climate Change (IPCC) report (IPCC 2013) and com-
piled in the CMIP5 database (Taylor et al. 2012) are
used in this study. A full list of the 22 models selected,
their institution and their horizontal grid size is given
in Table 1. Evaluations of model performance in
 simulating weather and climate pheno mena over
Australia most pertinent to this study are provided in
Table S1 in the Supplement at www.int-res.com/
articles/ suppl/c071p219_supp.pdf.

Two RCPs have been chosen for this work. RCP 4.5
is characteristic of a stabilization of global anthro-
pogenic emissions and population growth by mid-
century and sustainable technological development,
resulting in a stable radiative forcing of 4.5 W m−2

after 2100 (van Vuuren et al. 2011). RCP 8.5 is that of
a continuous increase in global anthropogenic emis-
sions and population and slower development of
technology, leading to an unstabilized radiative forc-
ing of 8.5 W m−2 by 2100 (van Vuuren et al. 2011).

2.3  Statistical downscaling method

Statistically downscaled GCM output was used to
gain higher-resolution (0.05° × 0.05°) rainfall and tem -
perature outputs as illustrated by Fig. 1. The BoM’s

analogue-based statistical downscaling me thod
(SDM), developed by Timbal & McAvaney (2001),
was used to perform the downscaling. Large-scale
circulation and weather systems inform local condi-
tions via the search for closely matching daily me -
teoro logical analogues based on several synoptic-
scale daily predictors. These predictors vary between
seasons and across the 3 large climate regions of
southeastern Australia. They generally include infor-
mation about the mean sea-level pressure, large-
scale precipitation or specific humidity at 850 hPa,
and a horizontal wind component at 850 hPa. Further
details of the method and predictors can be found in
Timbal et al. (2009).

2.4  Streamflow multiple linear regression

The multiple linear regression, developed by Tim-
bal et al. (2015a) and updated and tested by Fiddes &
Timbal (2016), used BoM gridded observations of
concurrent and lagged precipitation and the maxi-
mum concurrent temperature to reproduce observed
monthly streamflow. The Fiddes & Timbal (2016)
method, including a longer-term memory, was found
to have good skill in capturing the monthly average
streamflow, the trends over the 1977−2012 period
and the magnitude of the streamflow deficit during
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Model Institution name Latitude Longitude 
and country grid size grid size 

(km) (km)

ACCESS1-0 CSIRO-BoM, Australia 210 130
ACCESS1-.3 CSIRO-BoM, Australia 210 130
bcc-csm1-1-m BCC, CMA, China 120 120
BNU-ESM BNU, China 310 310
CanESM2 CCCMA, Canada 310 310
CCSM4 NCAR,USA 130 100
CMCC-CMS CMCC, Italy 210 210
CNRM-CM5 CNRM-CERFACS, France 155 155
CSIRO-mk3.6 CSIRO-QCCCE, Australia 210 210
GFDL-ESM2G NOAA, GFDL, USA 275 220
GFDL-ESM2M NOAA, GFDL, USA 275 220
HadGEM2-CC MOHC, UK 210 130
IPSL-CM5A-LR IPSL, France 410 210
IPSL-CM5A-MR IPSL, France 275 145
IPSL-CM5B-LR IPSL, France 410 210
MIROC5 JAMSTEC, Japan 155 155
MIROC5-ESM JAMSTEC, Japan 310 310
MIROC5-ESM-CHEM JAMSTEC, Japan 310 310
MPI-ESM-LR MPI-N, Germany 210 210
MPI-ESM-MR MPI-N, Germany 210 210
MRI-CGCM3 MRI, Japan 120 120

Table 1. CMIP5 climate models used in this study: model name, institution, 
and spatial resolution in latitude and longitude

http://www.int-res.com/articles/suppl/c071p219_supp.pdf
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the Millennium drought, except in the driest catch-
ments where it was underestimated. The regression
was tested for its ability to reproduce observed
streamflow and to ensure that the skill of the model
was not artificial via cross-validation, the Nash-
 Sutcliff efficiency test (Nash & Sutcliffe 1970) and the
adjusted explained variance (von Storch & Zwiers
2004). Furthermore, the importance of temperature
was tested and found to make little difference to the
skill of the model.

Equation (1) describes the regression model (R1)
used throughout this work. R1 uses the concurrent
precipitation and total precipitation of the previous
month, previous year and previous 10 yr to compute
streamflow, in addition to the concurrent month’s
maximum temperature. The regressions are applied
to each month separately.

R1 = a + bx1 + cx2 + dx3 + ex4 + fx5 (1)

x1 = concurrent month’s rainfall, x2 = previous
month’s rainfall, x3 = concurrent month’s maximum
temperature, x4 = previous 12 month’s total rainfall,
x5 = previous 120 month’s total rainfall, a to f repre-
sent coefficients for each regression.

The effects of including the temperature parameter
in the regression were again tested in this study,
whereby the temperature coefficient (d ) in Eq. (1) is
set to zero (denoted throughout work as R2). Unless
specifically stated, results are presented using the
full reconstruction (R1), as the removal of the temper-
ature variable was again found to have little impact
on the resulting streamflow prediction.

3.  MODEL BIAS CORRECTION AND
 EVALUATION

3.1  Downscaled CMIP5 precipitation and
 temperature evaluation

Figure 2 shows the annual cycles of the statistically
downscaled CMIP5 models’ rainfall and maximum
temperatures (over 1950−2005) compared with the
observed rainfall and maximum temperature for 4
selected catchments that represent a range of rainfall
and streamflow regimes. For rainfall, the models
generally underestimate the amount of precipitation
across the catchments. On average, the models cap-
ture 81% of the observed rainfall mean. The patterns
of the annual cycles are generally well represented
for rainfall, with the models reproducing the different
annual cycle of the eastern catchments (i.e. the
Buchan catchment in Fig. 2a). The ensemble’s ability

to replicate the observed rainfall variance, however,
is poor, capturing only 35% of the state’s average
variance (not shown). While the SDM is successful in
removing the large biases found in the direct CMIP5
model simulations of the current climate for large
areas (Timbal et al. 2015b), it is clear, even after the
statistical downscaling, that further bias correction of
the downscaled models is needed to address the
remaining issues with both mean and variance.

With regards to maximum temperature, the down-
scaled models are able to replicate catchment temper-
ature to a high degree. The shape of the annual cycle
and the statewide mean are well modelled; however,
the variance was overestimated by 28% (not shown).

3.2  Model bias correction

The model evaluation described above suggests
that the raw output of the statistically downscaled
models needs to undergo some form of bias correc-
tion before its application to the streamflow regres-
sion. A simple method of ‘normalisation’ has been
applied with respect to observed rainfall and tem -
perature and is described in detail in Part A of the
Supplement at www.int-res.com/articles/ suppl/ c071
p219 _ supp.pdf. This bias correction delivered a
much improved representation of rainfall and tempe -
rature mean annual cycles across the catchments. For
the rainfall, the model variance went from being only
35% of that of the observed data for the same time
period to 105% (an overestimation of 5%), and the
mean from 81 to 100%.  Furthermore, the shape of
the annual cycle from the models now matched the
observed annual cycle near perfectly. The tempera-
ture bias correction saw the variance go from 128 to
105%, whilst the mean and annual cycle continued
to be reproduced well.

Applying the streamflow regression after this bias
correction showed that the models were now able to
reconstruct 104% of the observed mean streamflow,
and 99% of the variance. The final stage of removing
negative monthly streamflow values (see Part A of the
Supplement at www.int-res.com/articles/ suppl/ c071
p219  _ supp.pdf) and then calibrating against the ob-
servations gave the reconstructions a mean of 101%
of the observations and variance of 98%. The differ-
ences between the reconstructed streamflow using
bias-corrected and non-bias-corrected models across
all catchments for both mean and variance (Fig. 3)
show the significant improvement on a model-by-
model basis. However, a residual over estimation of the
mean and underestimation of the variance is noted. On
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a catchment-by-catchment basis (Fig. 4), it can be seen
that spatially, these biases are driven by some catch-
ments that are not well reconstructed by the ensemble
mean. This is discussed further in Section 3.3.

Once these methods had been applied to the
streamflow data, ranking of the model outputs, based
on their reconstruction of the observed streamflow
mean and variance, was conducted. These results
can be found in Part B of the Supplement at www.int-
res.com/articles/ suppl/ c071p219 _ supp.pdf. No clear
‘best’ or ‘worst’ performing models were found, likely
due to the downscaling and bias correction carried out.

3.3  Reconstructed model streamflow across
 individual catchments

The catchments where the observed mean stream-
flow from 1975 to 2005 (1977 if observations were not
available in 1975) is reproduced most accurately
(within 5%) by the ensemble mean are those in the
vicinity of the alpine region or just to the west of this
(Fig. 4a). Drier catchments are less well recon-
structed, in agreement with Chiew et al. (1993) and
Fiddes & Timbal (2016). Large bias remains in Avoca
in the far west and Genoa in the east (overestima-
tions of 129 and 117%).

1 2 3 4 5 6 7 8 9 10111213141516171819202122

1

140

120

100

80

60

40

100

80

60

40

20

Model

Variance

P
er

ce
nt

 r
ec

on
st

ru
ct

ed

Mean

2 3 4 5 6 7 8 9 10111213141516171819202122

Fig. 3. Percentage of catchment mean (top)
and variance (bottom) annual streamflows
as reconstructed by R1 (with temperature)
for each downscaled climate model listed
on the right. Boxplots: 25th−75th per-
centile amongst the 27 catchments; hori-
zontal line in box: median; whiskers: maxi-
mum or minimum of the data or 1.5 times
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smaller); open circles: outliers of the data
series; filled diamonds: mean percentage
of reconstructed mean (red) or variance
(blue) before bias correction was per-

formed

Fig. 4. Reconstructed streamflow (a) mean and (b) variance
averaged across the 22 downscaled CMIP5 models for each
individual catchment, using R1. Topography is underlaid
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A similar spatial evaluation for the variance
(Fig. 4b) shows a large range of results across the
catchments. The worst-performing catchments are
Avoca in the far west, where only 83% of the vari-
ance is captured, and Genoa and Buchan in the east,
capturing 88 and 89%.

Modelled historical streamflow time series and
annual cycles (Fig. 5) for the 4 representative catch-
ments show that the ensemble mean is generally well
matched to the observations. While year-to-year ob -
served and modelled streamflows are not expected
to align, the absence of sustained periods of low
stream flow similar to the Millennium drought is
worth noting. The historical time series from the
downscaled Access 1.0 and IPSL-CM5B-LR models
have been highlighted to give an idea of individual
model’s interannual variability; the range of values
for annual streamflow is reasonable compared with
the observations.

The ensemble mean annual cycle (Fig. 5, right)
reconstructs the observations well for most catch-
ments, with the worst performer being the Buchan
catchment (Fig. 5b) where the February streamflows
are overestimated, likely contributing to the poor
performance in general by this catchment’s recon-
structions. Reconstructions of the other catchments
making up the east region do not show this same
 feature. However, the observed annual cycle of these
catchments are unlike other subregions, highlighting
the different hydro-meteorological regimes (also
seen in Fig. 2a). The fact that the downscaled GCM
reconstructions are overall able to capture these dif-
ferences between catchments highlights the im -
portance of statistical downscaling and its ability to
capture finer-scale rainfall regimes. Amongst the 4
selected catchments, the Snowy catchment has the
best ensemble mean downscaled GCM reconstruc-
tion compared with that of the observations for the
annual cycle, and the lowest model spread across the
months.

3.4  Historical trends

Climate models generate their own climate inter-
annual and decadal variability; therefore, the
GCMs’ skill in reproducing the observed climate
can only be evaluated from the perspective of the
mean and variability, as done above. It is neverthe-
less of interest to see whether the GCMs are dis-
playing long-term trends through the historical
period that resemble what was observed, in particu-
lar for the ensemble mean, which can highlight the

response to external forcings. Decadal trends for
1977−2012 (Gl decade−1) as a percentage of the
1977−2012 mean show a marked spatial pattern in
the observations (Fig. 6a), with sizeable trends, in
particular for the drier catchments. The downscaled
GCM ensemble means (Fig. 6b) show little trends in
general and hardly any spatial contrast between
catchments. When individual GCMs are considered,
6 models had statistically significant negative trends
in excess of a 5% decline per decade across the
state (compared with the ob served 7.2% decline),
whilst 3 had positive trends in excess of a 5%
increase. The remaining 13 GCMs displayed rela-
tively neutral trends. The IPSL-CM5B-LR model
provided trends in closest agreement with the
observations spatially and in magnitude and sign
(Fig. 6c) with an overall decline of 9.4%. These re -
sults are in general agreement with results for rain-
fall in the MDB cluster report, where a large range
of rainfall trends across the models was found; with
no clear drying trend in the ensemble mean (Timbal
et al. 2015b). It should be noted that the majority of
the observed trends are not statistically significant
at the 90th percentile confidence interval, and indi-
vidual model results also reflect this, as shown by
catchment borders in Fig. 6.

4.  FUTURE PROJECTIONS

4.1  Rainfall and temperature projections

Rainfall projections show little difference between
RCP 4.5 and RCP 8.5 until mid-century with small
mean change from the historical average (Fig. 7a).
After mid-century, the 2 emissions pathways sepa-
rate; RCP 4.5 maintains a constant gradual decline
whilst RCP 8.5 displays an increased declining
trend. By the end of the century, changes in the cool
season from the 1990 mean (1975−2005) for rainfall
(Fig. 8a) show, under RCP 4.5, declines of between
5 and 15%, with the catchments in the east region
experiencing the greatest declines. RCP 8.5 (Fig. 8b)
shows greater declines of approximately 20−30%,
and indicates that catchments in the east and far
west will experience the biggest cool season
changes.

For projected temperature (Fig. 7b), consistent
increases extending from the observed period are
seen up to 2040, after which the 2 emissions path-
ways project diverging mean temperatures. Temper-
atures plateau by 2070 under RCP 4.5, and are in -
creasing at greater rates under RCP 8.5.
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4.2  Future streamflow estimates

From these changes in rainfall and temperature,
the time series of projected streamflow for both emis-
sions pathways were computed for the average of the
27 Victoria catchments and their respective regions
(Fig. 9). In these plots, the average of the historical
observed mean, the mean streamflow experienced
during the Millennium drought and the 2070−2100
projected ensemble means and model mean range

(error bars) for both emissions pathways and both
regression methods are compared (right box in each
panel). The range of model outputs remains rela-
tively constant over the entire period, as does the
interannual variability. The 2 projected time series,
RCP 4.5 (green) and RCP 8.5 (blue), are similar in
decline until mid-century (1−37 and 7−36%
2035−2065 declines from the historical mean, respec-
tively), after which they begin to separate, as per the
rainfall projections.

The overall 2070−2100 projected streamflow aver-
age for the 27 catchments following RCP 4.5 is 26%
(5−41% uncertainty range) less than the historical
mean (Table 2). Under RCP 8.5 the 2070−2100 aver-
age projected streamflow is 45% (24−87%) less than
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Fig. 6. 1977−2012 linear decadal trends (as a percentage of
the period mean) for (a) observed streamflow, (b) the ensem-
ble mean reconstructed streamflow using R1 and (c) the
model (IPSL-CM5B-LR) depicting the most similar trends in
the reconstructed streamflow to the observed. Significance
at the 90th and 95th percentile confidence intervals are
shown by thick grey and thick black boundaries, respec-

tively. Topography is underlaid
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the historical mean, which is greater than the decline
experienced during the Millennium drought (31.3%).
Figure 8c,d provides a spatial perspective of these
trends, outlining the dependence of the magnitude of
the cool season decline on the position of the catch-
ment relative to the Alps, a pattern reminiscent to
what has been observed for recent observed trends
(Fig. 6a).

By region, catchments in the east and far west,
which experienced the largest deficits during the
Millennium drought (Fiddes & Timbal 2016), appear
to experience the largest declines by the end of the
century, under RCP 8.5 (Table 2), despite some of
these catchment reconstructions overestimating ob -
served streamflows. Avoca and Genoa were shown
earlier to have the largest overestimations (129%
and 117%) in the bias-correction phase, implying
that these changes in mean could be much greater
than what is calculated here. Looking at other catch-
ments in the east and far west regions, the Buchan,
Loddon and Campaspe catchments report annual
declines from 1990 of 56% (25−84%), 74% (50−96%)
and 76% (48−95), respectively. These results are in
agreement with current trends, respectively and are
again larger deficits than those experienced annually
during the Millennium drought (55, 66 and 72% of
the observed mean).

Across the other catchments, although lesser de -
clines are experienced compared with the east and
far west, they are generally between 1.0 and 2.5
times greater than the respective deficit that was
experienced during the Millennium drought.

The impact of including temperature in the statisti-
cal reconstruction of streamflows across the 27 catch-
ments (Fig. 9 and Table 2) appears very small overall.
An analysis of the top and bottom 5 performing mod-
els streamflow projections is presented in Table S2
of Supplement B at www.int-res.com/articles/ suppl/
c071p219 _ supp.pdf.

4.3  Annual cycle changes

The annual cycles of projected streamflows are
investigated (Fig. 10) and summarised for cool and
warm season averages (Table 2). The average RCP
8.5 streamflow response across the 27 catchments
(Fig. 10a) shows little changes during the warm sea-
son relative to the historical modelled streamflows
(grey) and the GCM model spread is also largely
unchanged, for both periods of time. In percentage
terms, the change between the 1975−2005 down-
scaled GCM mean and the RCP 8.5 2035−2065 and
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Fig. 8. Mean cool season (April to October for rainfall and
May to November for streamflow) change in (a,b) rainfall
and (c,d) streamflow using R1 for the 2070−2100 period (in
percent change from the 1975−2005 reconstructed mean)
following (a,c) RCP4.5 and (b,d) RCP 8.5 emissions path-

ways. Topography is underlaid

http://www.int-res.com/articles/suppl/c071p219_supp.pdf
http://www.int-res.com/articles/suppl/c071p219_supp.pdf
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2070−2100 downscaled GCM mean for the warm
season is −10% and −25%, respectively (Table 2).
Once again, little difference in streamflow deficits is
found when temperature is removed from the recon-
structions.

For the cool season (May to November), the
changes relative to the 1975−2005 mean are larger,
in particular for 2085 (2070−2100). The 2035−2065
mean change (red) from 1975−2005 is −23% and for
2070−2100 (orange) is −47% under RCP 8.5. The
range of model results for both time periods is larger
during the cool season (compared with the 1975−
2005 in grey), implying less model agreement. The
shape of the catchment average annual cycle re -
mains relatively constant across the 3 time periods,
where August continues to be the month of maxi-
mum streamflow, with no shift of seasonality.
Regional changes in monthly streamflow follow
trends that are largely reflected in the 27 catchment
average. However, some peculiar results are ob -
tained for certain months in certain regions.

In the east region, where models are consistently
overestimating observed streamflow, an increase in
streamflow of 5% during the warm season for the
2035−2065 (RCP 8.5) mean is seen, reversing to a
mean decline of 25% by 2070−2100 (Table 2). For
the cool season, declines in the mean are 25 and
55% by 2035−2065 and 2070−2100, respectively,
with the caveat of the lower skill in the east region,
particularly for Genoa. With this in mind, some fea-
tures of this projection have to be considered with
circumspection, such as the large peaks in June

(where there is also large inconsistency between
models) found in the reconstructions but not the
observations. When only the top 5 models for the
east region (not shown) are considered, some of
these spurious be haviours are reduced but not nec-
essarily eliminated.

For the far-west catchments (Fig. 10e), the peak of
the streamflow appears to shift from August to Octo-
ber by the end of the century, and appears to
increase. Exploration of the top 5 models (not shown)
indicates that this result is not due to one model but
is a feature of the best-performing models, where
strong agreement is seen, therefore increasing the
confidence in this result. Despite this, however, the
overall cool season decline is 42% by 2050 and 59%
by 2085.

4.4  Long-term drought risk

As future projections consistently point towards a
reduction of streamflow, the frequency of years in
which average streamflow is below that experienced
during the Millennium drought (a deficit of 31.3%)
has been evaluated for the first and second halves of
the 21st century (Table 3). In the 2005−2050 period,
the 2 emissions pathways show a very similar num-
ber of years; the model ensemble mean giving 14 and
16 for RCP 4.5 and RCP 8.5, respectively. This result
is proportionally larger than the historical recon-
structions (11 out of 46 years) and the observed
streamflow (7 out of 31 years). For the second half of

231

Catchment Annual Cool season Warm season
RCP 4.5 RCP 8.5 RCP 4.5 RCP 8.5 RCP 4.5 RCP 8.5

2050
East −12.3 (−16.0) −18.0 (−22.7) −17.7 (−21.6) −24.8 (−29.9) 5.7 (3.5) 5.1 (2.1)
Alpine −12.9 (−11.5) −17.1 (−15.5) −14.1 (−12.9) −18.7 (−17.2) −7.0 (−4.8) −9.6 (−7.1)
West of Alps −18.5 (−17.2) −23.9 (−22.7) −19.6 (−18.2) −25.1 (−23.7) −4.8 (−5.6) −9.8 (−10.5)
Far west −31.0 (−32.9) −40.6 (−43.7) −32.2 (−34.2) −41.7 (−45.0) −12.0 (−12.8) −21.0 (−21.8)
Melbourne −16.0 (−12.8) −21.4 (−17.3) −16.9 (−13.6) −22.5 (−18.2) −9.0 (−6.5) −13.1 (−10.4)
Average −16.2 (−15.0) −21.4 (−20.1) −17.7 (−16.5) −23.1 (−21.8) −5.9 (−5.3) −9.8 (−9.0)

2085
East −31.6 (−35.5) −48.4 (−56.9) −38.6 (−42.7) −55.3 (−64.5) −7.9 (−10.7) −25.0 (−30.3)
Alpine −21.9 (−20.3) −38.9 (−37.8) −23.3 (−21.8) −41.8 (−41.0) −15.2 (−13.5) −25.1 (−22.7)
West of Alps −27.5 (−26.3) −47.2 (−46.3) −28.5 (−27.2) −49.2 (−48.2) −14.3 (−15.1) −21.6 (−22.9)
Far west −41.8 (−45.6) −56.7 (−66.5) −42.8 (−46.9) −58.6 (−69.2) −21.6 (−22.6) −24.1 (−25.5)
Melbourne −24.8 (−20.7) −46.0 (−39.3) −25.5 (−21.1) −47.8 (−40.6) −19.3 (−17.0) −32.0 (−29.2)
Average −26.1 (−24.8) −44.8 (−44.0) −27.6 (−26.3) −47.5 (−46.7) −15.6 (−15.1) −25.1 (−24.7)

Table 2. Downscaled climate models mean changes for annual, cool (May−November) and warm (December−April) seasonal
streamflows. Changes are provided for the 2035−2065 (2050) and 2070−2100 (2085) periods, shown as a percent change from
the reconstructed 1975−2005 (1990) reference period, following RCP 4.5 and RCP 8.5 and using 2 statistical reconstructions 

with (R1) and without (R2, in brackets) monthly temperature
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the century (2051−2100), it is estimated that 21 of the
50 years will be below that threshold, assuming the
RCP 4.5 pathway, rising to 30 for RCP 8.5.

Table 3 additionally shows what to expect for the
driest 10 yr period in the second half of the 21st
 century. Such periods are projected to be 32% worse
than the Millennium drought (41% instead of 31%)
following RCP4.5 and 78% worse than the Millen-
nium drought with RCP8.5 (56% instead of 31%).

Another way to look at drought risk over a number
of years is using a drought depth duration (DDD)
curve (Timbal & Fawcett 2013). DDD curves (Fig. 11)
show the magnitude of the driest n-yr average, from
1 yr up to 31 yr, for the first and second half of the
century, as a percentage of the re con structed 1960−
2005 mean, for the 2 emissions pathways. The cur ves
for the observed streamflow (as a percentage of the
1975−2005 mean) and reconstructed streamflow for
the historical period (1960−2005) are shown as refer-
ence for all future periods.

For the historical reconstruction,
the driest 1 yr is shown to be a 63%
reduction from the 1960−2005 mean
and for the observed climate (black)
the driest 1 yr period was a 79%
reduction (from the 1975− 2005
mean). As we progress along the x
axis (longer period), the driest n-yr
period declines in magnitude, until
at the 31 yr period, both the obs -
erved and historical reconstructed
streamflow are under 4%, im plying
that the driest 31 yr period is close to
the mean, as expected since the
record is relatively short. It is worth
noting that the shape of the
observed DDD curve is not well
matched by the model reconstruc-
tion for the historical period. Mid-
length durations up to 18 yr are
more severe in the observed world,
which reflects the fact that no cli-
mate model simulated a drought of
similar magnitude or duration as the
Millennium drought.

For future projections, RCP 4.5 and
RCP 8.5 over 2005−2050 (Fig. 11a,b),
the severity of the driest 1 yr in -
creased relative to the reconstruc ted
historical climate, but re mained less
than observed. The shape of the
DDD curve for both RCPs is similar
to, although separated from, the his-

torical climate, indicating that we are seeing a shift in
the base climate rather than increased severity for
periods of particular duration.

In the second half of the century, an increase in
magnitude for all the driest n-yr periods over the
2051−2100 period is obvious (Fig. 11c,d). For RCP
4.5, at the 1−5-yr scale, a deficit of magnitudes simi-
lar to that experienced in the observed climate are
noted; however, for RCP 8.5 we are seeing greater
deficits at even the shorter time periods. The driest
31 yr periods are now approximately 28 and 44%
drier than that of the reconstructed and historical cli-
mate for each RCP pathway, respectively, matching
the mean declines discussed in Section 4.2.

5.  DISCUSSION AND CONCLUSION

In this study, streamflows for 27 of Victoria’s water
catchments were projected to the end of the 21st
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No. of years below MD average Driest 10 yr period 
2005−2050 2051−2100 2051−2100 (%)

RCP 4.5 RCP 8.5 RCP 4.5 RCP 8.5 RCP 4.5 RCP 8.5

Access1.0 14 16 21 30 −36.2 −60.4
Access1.3 21 9 25 38 −42.2 −70.5
bcc-csm1-1-m 11 22 26 31 −48.1 −54.9
BNU-ESM 23 10 33 46 −57.7 −89.5
CanESM2 10 17 27 27 −46.1 −42.3
CCSM4 14 10 18 22 −30.9 −54.8
CMCC-CMS 11 12 30 34 −51.5 −65.0
CNRM-CM5 12 11 29 31 −51.9 −59.4
CSIRO-Mk3.6.0 11 12 14 22 −30.1 −43.3
GFDL-ESM2G 8 10 27 27 −50.2 −64.2
GFDL-ESM2M 9 13 20 34 −38.3 −61.5
HadGEM2-CC 16 13 24 30 −50.6 −59.2
IPSL-CM5A-LR 13 11 17 33 −39.4 −58.4
IPSL-CM5A-MR 11 11 23 30 −40.1 −71.7
IPSL-CM5B-LR 8 14 21 22 −45.1 −46.1
MIROC5 17 20 20 22 −34.5 −43.1
MIROC-ESM 10 12 16 24 −33.7 −41.8
MIROC-ESM-CHEM 8 9 14 27 −25.6 −48.7
MPI-ESM-LR 11 10 22 31 −46.2 −50.1
MPI-ESM-MR 14 17 18 28 −45.8 −66.3
MRI-CGCM3 11 13 12 22 −23.1 −37.5
NorESM1-M 15 18 31 26 −48.3 −43.1

Ensemble mean 13 13 22 29 −41.6 −56.0

Table 3. Number of years where the annual 27 catchment average streamflow
deficit (in percent of model reconstructed historical mean) is below the mean
deficit observed during the Millennium drought (MD, in percent of observed
mean) for the first and second half of the 21st century, using RCP 8.5 and RCP
4.5 and the R1 reconstruction (with temperature). Rightmost 2 columns: lowest
10 yr mean streamflow expected between 2051−2100 as a percentage of the re-
constructed historical mean; values below what was experienced during the
MD (−31.3%) are in bold. Results are shown for the 22 CMIP5 downscaled 

climate models individually with the ensemble mean in the last row
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 century using 22 statistically downscaled CMIP5
GCMs and a multiple linear regression on rainfall
and temperature parameters to compute monthly
streamflows. Initial assessment found the models
needed bias correction with respect to the observed
rainfall, temperature and streamflow data before the
historical streamflow could be reconstructed satisfac-
torily. An average of 101% of the observed mean and
98% of the variance was captured after this step.

Results across all catchments indicate that by 2050
under RCP 8.5 (RCP 4.5), streamflow will be 21%
(16%) less than the 1990 average. By 2085 this in -
creases to 45% (26%). Under RCP 8.5, streamflow
declines are expected to be greater in magnitude
than what was experienced during the Millennium
drought (a 31.3% decline of observed mean).

The biggest declines are expected in the cool sea-
son (May−November), with little shift in the annual
cycle expected. The likelihood of years with stream-
flows less than that experienced during the Millen-
nium drought is to increase to just under half of all
years in the 2051−2100 period under RCP 4.5 and
over half under RCP 8.5. A shift towards more fre-

quent dry years will give catchments
less opportunity to recuperate in the
average or wetter years, putting them
under increasing stress (Saft et al.
2015). The driest 10 yr period in the
2051−2100 period is projected to be
32% worse than the Millennium
drought following RCP 4.5 and up to
78% worse than the Millennium
drought with RCP8.5.

Overall, these results do not depart
significantly from previous studies
using rainfall−runoff hydro logical
models (Leblanc et al. 2011, CSIRO
2012, Post & Moran 2013) while con-
firming spatial differences observed
during extended periods of reduced
rainfall such as the Millennium
drought. While it has been shown that
the multiple linear regression pro-
duces extreme drought conditions in
the future, these events may be more
severe than presented here due to its
reliance on a linear method (Sachin-
dra et al. 2013).

Historical observations suggest that
the catchments that will experience
the largest declines in streamflow will
be those that currently receive the
least rainfall in the far west and east

of the state (Fiddes & Timbal et al. 2016). While 2 of
these catchments are poorly reconstructed and
remain uncertain (Avoca and Genoa), projections for
the remaining catchments in these regions confirm
this with much larger declines in annual streamflow,
of as much as 76% for the Campaspe catchment.
Wetter catchments near the mountains, whilst not
projected to experience such large declines, will still
experience streamflow deficits worse than what they
experienced during the Millennium drought in terms
of both streamflow and rainfall. One caveat of this
work is the assumption that the relationship of rain-
fall and temperature to streamflows will remain lin-
ear throughout the 21st century. Whilst we have no
way of determining otherwise, by knowing that the
response of streamflow to the climate is non-station-
ary (Saft et al. 2015, Fiddes & Timbal 2016), these
results must be used with caution. Nevertheless, at
the monthly timescale, previous studies have sug-
gested that the use of multiple linear regression is
appropriate to compute streamflows (Chiew 1993,
Sachindra et al. 2013), and the historical reconstruc-
tions presented here are of satisfactory skill. Our
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knowledge of how catchments behave under stress
and the limitation of the multiple linear regression
implies that the effects of rainfall reduction and
warming temperatures could be larger than what is
captured in this work, especially in the worst-affec -
ted catchments.

Further uncertainties lie inherently with the use of
GCMs, and their respective emissions pathways,
especially in their low skill in reproducing historical
trends in precipitation (and subsequently stream-
flow). One reason for this will be due to the GCMs’
internally generated climate not experiencing a
Millen nium drought at the end of the period, whilst
systematic biases, not able to be rectified by the sta-
tistical downscaling and bias-correction phases, are
also responsible.

Arguments exist as to the appropriateness of GCM
rainfall projections in hydrological impact studies.
Despite the uncertainties discussed above, we be -
lieve these remain the best tool available to gain
some insight into the changes in future climate. We
note that it is not the absolute rainfall or streamflow
projections that are important in studies such as
these, rather the change from each model’s internal
historical mean.

Additionally, we are given greater confidence in
the rainfall projections when looking at studies ex -
ploring southeastern Australian rainfall trends in
connection with climate drivers such as the Sub-
Tropical Ridge, the El Niño/Southern Oscillation, the
Indian Ocean Dipole or the Southern Annular Mode.
Such work implies that with future warming, and
subsequent changes in the large-scale circulation of
the atmosphere, precipitation will decrease (Weller &
Cai 2013, Hendon et al. 2014, Grose et al. 2015b, Lim
et al. 2016). This is in agreement with the ensemble
mean rainfall trend found in this study. With greater
confidence in GCM projections of large-scale phe-
nomena, the use of these statistically downscaled
GCMs in this work is further justified, and can pro-
vide important information, es pecially with respect to
changes over time.

Results from this study indicate that whilst catch-
ments across Victoria will respond differently to the
effects of climate change, the majority are projected
to see reductions in streamflow of greater magni -
tude than those experienced during the Millennium
drought by the end of the century, severely limiting
Victoria’s water capacity if it were to rely on rainfall
alone. Alternative water sources, along with more
efficient water management and use, will be essen-
tial in the future if the state is to provide for increas-
ing population demands.
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