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Executive Summary

Climate change presents a growing threat to water resources in the Murray-Darling Basin
(MDB). While numerous studies have assessed climate risks, large river basins with multiple
jurisdictions, such as the MDB, provide a particular challenge for climate risk modelling due
to fragmented modelling frameworks, high model complexity, and limited capacity to explore
the full range of plausible future climates. These constraints make it difficult for
governments and water users to understand how changing patterns of rainfall, runoff, and
hydrologic variability will affect water availability, trade, and environmental outcomes.

This project provides a Basin-scale assessment of climate vulnerability using a bottom-up
stress-testing framework. Unlike traditional top-down approaches that rely on a small
number of climate scenarios, stress testing systematically varies climate inputs to reveal
thresholds, nonlinearities, and the conditions under which water allocation systems and river
flows begin to fail. To overcome the computational limitations of existing river system
models, the project developed and applied novel modelling approaches, including stochastic
hydroclimate generation, simplified regression allocation models, and machine-learning
emulators trained on detailed water resource models.

Analyses of 37 CMIP6 climate projections show clear signals of long-term drying,
particularly in the southern MDB, alongside large spatial and temporal uncertainties. Runoff
sensitivities vary substantially across valleys, with northern catchments more sensitive to
changes in precipitation and temperature, while southern catchments are more sensitive to
changes in rainfall seasonality. Stress-testing results reveal that small declines in
precipitation (10-20%) or moderate warming (2 °C) can result in widespread failure of
environmental flow targets and declines in water availability across major entitlement
products.

Water allocation systems respond differently to climate stress. Victorian high-reliability
entitlements appear more buffered to small changes but show sharp declines under more
severe drying, whereas New South Wales general-security systems exhibit steadier
declines. Metrics of water availability (such as average allocation versus reliability) provide
contrasting perspectives on climate risk, underscoring the importance of selecting outcome
measures aligned to decision needs. The project also explored implications for inter-valley
transfers (IVTs), finding that predictive capability can be improved by using Basin-wide
inflow information, although further work is required to represent evolving rules and trade
behaviours.

Overall, the study delivers the most comprehensive stress-test of MDB water availability
and river flows undertaken to date. It provides a methodologically robust, computationally
efficient framework for assessing climate risks at the Basin scale and reveals where current
management and modelling approaches may need to evolve. The methods developed can
be widely applied to any complex river system.

Impact

The project evolved to respond to changing needs from project partners and to ensure the
outcomes were relevant. The project has produced several high-value contributions for
governments, Basin institutions, and water users:
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Improved climate-risk assessment capability — The project delivered Basin-wide stochastic
climate and runoff datasets, machine-learning emulators of river system behaviour, and
stress-testing tools that allow thousands of climate futures to be examined, capabilities
that were not previously possible using existing models.

Clear identification of climate risks to Basin Plan objectives — Findings show that many
environmental flow targets become difficult to achieve under relatively modest climate
changes, highlighting the need to reassess long-term expectations for river health,
environmental water recovery, and adaptation pathways.

Insights into the distributional implications of climate change — The study demonstrates
how allocation policies (through the structure of entitlement products) strongly influence
which regions face the greatest risks. These insights can inform future policy design,
including potential reforms to allocation frameworks.

Direct contribution to government decision-making — Outputs were provided to the Murray-
Darling Basin Authority to support the Basin Outlook Report and multi-lines-of-evidence
assessments. The work has also been communicated through journal publications, national
and international conferences, government briefings, and a widely accessed public
webinar.

Foundation for future integrated assessments — The approach can be extended to
ecological response models and to analyses linking climate-impacted supply with
changing irrigation demands, enabling a more complete understanding of system-wide
climate risks.

Collectively, this research equips Basin planners, environmental water managers, and
consumptive users with clearer, more flexible tools for planning under deep uncertainty.
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1 Introduction

Climate change is a threat to water resources (D4l et al., 2018). There have been a large
number of studies examining climate risks to water resources (IPCC, 2022; Schewe et al.,
2014). However, there are significant challenges in assessing climate risk for large river
basins, especially those with multiple jurisdictions and competing management objectives
(Tickner et al., 2017; Hattermann et al., 2018). Existing modelling efforts are disparate across
jurisdictions, highly complex, with multiple model inputs. This existing modelling context
limits the flexibility in modelling the full range of plausible climate futures and examining
risks to water resources.

Climate change is projected to decrease river flows by 20% in the Murray Darling Basin,
however there is a wide range of uncertainty in how this will unfold (Prosser et al., 2021).
The combination of differing biophysical conditions and allocation policies leads to varying
allocation reliability for different entitlement products across the MDB. Climate change may
exacerbate these differences by impacting regions in contrasting ways. Differences in
temporal sequencing and spatial patterns of changes in river flows can impact water
allocations in different river basins and disrupt existing trade patterns. Stakeholders across
the Basin need to make ongoing decisions despite this uncertainty in future climate. This
project aims to reveal plausible changes to supply across the southern basin and inform
decision making by both government agencies and consumptive users.

This project aims to better understand the risks posed by climate change to different
entitlement products across the basin. To achieve this, the project will adopt a bottom-up
method and:

= Stress test allocations across the Southern Connected system

= Explore the relationship between reliability of different entitlement products, and the
drivers of any changing relationships due to climate change (differences in climate
impact on rainfall, differences in rainfall runoff response, or difference in allocation
policy impact)

Traditional climate change projection methods follow a top-down approach, where the
impacts of climate projections by climate models are simulated using hydrological and water
resource models (Fowler et al., 2024). These methods can provide a detailed snapshot of
how rivers are impacted under a limited number of projected future climates. However, the
computational burden of large water resource models (Bell et al., 2014), and challenges in
linking water resource models owned by different jurisdictions (Wheeler et al., 2018) mean it
is difficult to robustly explore the implications of aleatory (from hydroclimate variability) and
epistemic (from hydroclimate change) uncertainty. In addition, climate projections based on
a limited number of scenarios may not highlight important aspects of system behaviour,
such as thresholds of change or non-linearities of system response (Brown et al., 2012).

Unlike top-down approaches, bottom-up approaches can be used to better understand
vulnerability under a range of possible future climate (Brown and Wilby, 2012). Bottom-up
approaches begin with a sensitivity analysis of important management objectives to multiple
hydroclimate stressors. They can show insights into non-linear system behaviour in
response to change, such as thresholds in future conditions that lead to rapid performance
degradation or undesirable outcomes, by more systemically describing how outputs
respond with changes in inputs (John et al., 2022).
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Unfortunately, despite these benefits, bottom-up approaches are constrained when using
complex system models in large river basins, as their methodologies typically require many
times more simulations than top-down approaches (Whateley et al., 2016; Francois et al., 2024). A
key challenge that this project addresses is how to overcome this computational burden
using novel modelling approaches.

1.1

Research outputs

This report provides an overview of the research project. Detailed research method and
outcomes are presented in the following open access publications (with code available):

= Andrew John, Avril Horne, Leah Traill, Keirnan Fowler, Rory Nathan (accepted) Bottom-up
assessment of climate change vulnerability of a large and complex river basin using
emulator models. Journal of Hydrology.

» Avril Horne, Andrew John, Keirnan Fowler, Zigi Zhang and Rory Nathan (accepted) Stress
testing water allocations across large river basins. Climatic change.

1.2

Research communication and dissemination

In addition to the journal publications listed above, this research has been presented in
several other scientific, policy and public forms. These include:

1.3

Exploring future climate impacts on water allocations in the southern Murray Darling
Basin. Oral presentation, ModSim 2023, Darwin, Australia

Balancing uncertainty when assessing climate change risk in large river basins: the
case of the Murray Darling basin, Australia. Oral presentation, European Geoscience
Union 2024, Vienna, Austria

Overcoming the challenges of model complexity for climate vulnerability assessments
in large river basins. Oral presentation, American Geophysical Union 2024, Washington
D.C., United States of America

Modelling for a purpose: Can we do water resource modelling better to support climate
adaptation? Oral presentation, American Geophysical Union 2024, Washington D.C.,
United States of America

Stress-testing water availability in the Southern Murray-Darling Basin. Public webinar.
Australian Water School 2024. nttps://awschool.com.au/training/stress-test-water-
availability-mdb/

Innovating through Murray-Darling Basin challenges. News article, Australian Water
Association 2024. https://www.awa.asn.au/resources/latest-news/innovating-through-
murray-darling-basin-challenges

Research partners

The research was led out of the University of Melbourne, with other partners including the
Murray Darling Basin Authority, and HARC.
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2 Project Approach

Traditional climate assessment methods are based on a small number of scenarios run
through complex models to assess outcomes. To understand how vulnerable a system is to
changes in climate, a stress test systematically and incrementally exposes the system to
different levels of climate impact. For example, we can systematically vary precipitation and
temperature inputs, and by running each of these combinations through a water resource
model, get an idea of how robust the system is to various possible changes in future climate.
By running a simulation model many times, we can generate a stress test to show how a
system might behave to wide range of uncertain future changes. We can overlay the full
suite of available climate projections. This supports decision makers to make risk-based
judgements in future planning for adaptation.

In this project, we utilise stochastic data generation methods and novel system modelling
approaches (including machine learning emulators) to rapidly undertake the thousands of
scenarios necessary behind a climate stress test. This is not possible using a traditional
Source-based modelling approach due to the computational load and model complexity.
The novel system modelling approaches are designed to replicate the key relevant aspects
of the system to assess the outcomes of concern.

2.1 Case study

This project covers the Murray Darling Basin, however different parts of the project focus on
different catchments within the basin. Major features of the MDB are shown in Figure 1. This
study reports a variety of outputs aggregated at different scales and locations across the
basin, all of which are shown in Figure 1. We contrast some results between the northern
and southern basins (red and blue highlighted regions), 21 major river valleys (black lined
catchments), with data inputs generated at the 77 sub-basin regions (grey lined
catchments, further explained below).
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Figure 1. Major features of the MDB and regions important to the context of this study. Labels
show the 21 major river valleys, as well as the Snowy Scheme area which is located outside the
MDB but whose water is diverted into the Upper Murray and Murrumbidgee storages.

2.2 Stochastic data generation

We used the data framework of Fowler et al. (2022) to generate multiple sequences of
stochastically generated streamflows reflecting baseline and climate-change impacted
scenarios across the 77 sub-basin areas. This method generates monthly climate data
(precipitation, temperature and PET) and streamflow data in a way that preserves spatial
and temporal cross-correlations between sites, and includes functionality for directly
perturbing the data to represent climate-change impacted scenarios. The baseline period
for the study was 1976-2005, designed to be consistent with other Australian Government
products (Wilson et al., 2022). Note that the generation of stochastic data is informed by a
much longer timeseries (1889-2022) to capture multi-decadal cycles of variability, but the
central tendency is matched to the baseline period. All baseline and future impacted
scenarios are informed by 500 years of stochastic data to include additional hydrologic
variability beyond the historic sequence. The 77 sub-basin areas used across the MDB were
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derived to describe the dominant areas of hydro-climatic variability, major storages and
tributary inflow points.

Rainfall-runoff models were used to convert climate inputs (precipitation, PET) into
streamflow at the 77 sub-basins. We used the monthly WAPABA rainfall-runoff model (Wang
et al., 2011), modified for snowmelt in alpine regions (Burns et al., 2024) and calibrated
models using an approach which accounts for model performance over multi-year wet and
dry periods (see Fowler et al., 2022, 2016).

We evaluated stochastic data generation performance across the distribution of seasonal,
annual and multi-annual data, and spatial variability at the river valley scale (refer to John et
al (in review) and Fowler et al., (2022)). Overall, the stochastic hydroclimate modelling
performed well in replicating multi-annual and seasonal statistics from the historic record
(such as the seasonal distribution of flows and the distribution of five-year flow sums),
especially for the wetter headwater catchments. Rainfall-runoff calibration performance was
comparatively worse in the driest and more hydrologically variable downstream catchments.
However, these catchments typically contribute less than 1% of mean annual MDB inflow.

2.3 Climate change projections

We simulated climate change projections using change factors in long-term mean
precipitation, mean annual maximum daily temperature, and precipitation seasonality applied
to stochastic baseline data generated for each of the 77 sub-basins. Change factors for
mean precipitation were multiplicative and those for temperature were an addition to the
baseline. Change factors in seasonality represent a redistribution of precipitation away from
a defined period. This study contrasted May-Oct from Nov-Apr, which are typically the wet
and dry periods respectively in the southern basin, although this seasonality starts to invert
in the northern basin. Therefore, an increase in seasonality represents a proportion of long-
term average precipitation redistributed from May-Oct to Nov-Apr (for full details see
Fowler et al. (2022)). Climate projections were derived for each of the 37 member CMIP6
ensemble mentioned previously. GCM outputs were bias-corrected using a quantile-quantile
mapping approach (Johnson and Sharma, 2011) before calculating change factors.

2.4 Regression modelling

We develop a simple statistical approach to model allocations trained on the output of a
small number of climate scenarios from the more detailed water resource. Allocations are
sensitive to runoff and water held in storage. However, there are also complex storage
operating and allocation rules that govern how water within a storage is made available (Box
1). Since SCMDB storages are carry over (ie. they hold multiple years’ worth of water), the
key variable determining an allocation decision is the water already held in storage. Water
allocations are therefore usually modelled using complex water resource models to track
water storage and availability as a state variable. Here, to allow the application of a stress
testing, we require a computationally more tractable approach to derive allocations. We
adopt a weighted sum of the inflow of past years is used as a proxy for storage. This allows
end-of-season allocation to be estimated based on storage inflows alone. We calibrated
our model to replicate the outputs from detailed water resource model outputs for 4
different allocation systems. The larger allocation products in each river were considered:
general security for the NSW Murray and Murrumbidgee, and high reliability for the Victoria
Murray and Goulburn. Further details can be found in Horne et al (in review).
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2.5 Emulator modelling

To support modelling of flows across the MDB to allow stress testing, we used Long-Short
Term Memory (LSTM) emulator modelling trained on the more complex and computationally
intensive existing water resource models. Thus, the emulator models replace the river
system models in our analysis. As with the more complex models, the inputs are the
headwater and unregulated inflows projected from the conceptual rainfall-runoff models
and the outputs of interest here are the river flows at selected sites downstream of
reservoirs. Thus, the difference between inputs and outputs represents the operation of the
managed river system, including reservoir storage, removal of water to satisfy demands
(e.g. irrigation), and management of the system towards environmental objectives. Whereas
the above human processes and actions are represented individually in the detailed model,
the emulator model is only given input and output and thus will tend to focus on the
dominant behaviours for each site. This may vary from one site to another as each valley is
managed according to local conditions and objectives. LSTM emulator models were trained
on the streamflow outputs derived using the more detailed complex water resource models
of system behaviour forced by specific climate scenarios representative of plausible future
climate conditions. Details of the emulator model calibration are provided in John et al (in
review). The minimum validation performance had a KGE of 0.88.

Monthly emulator model outputs were disaggregated to a daily timestep (using John et al
2021) to calculate whether SFls are achieved. The disaggregated outputs can be compared
to ‘observed’ daily data, where ‘observed’ is the original complex water resource model
outputs using historic input data, allowing an assessment of the efficacy of both the
disaggregation scheme and emulator modelling in representing the behaviour of daily flows
aligning with SFI flow components. The high r? values show that the impact of
disaggregation from monthly data, and from using emulator model outputs is small in terms
of replicating the overall success of SFls at most sites.
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3 Stop-down assessment of climate
projections and basin-wide inflows

Climate change projections from GCMs point to a drying basin overall, but there are
significant differences between individual river valleys. Figure 2 demonstrates the
distribution of projected impacts on the runoff generated in each river valley from the 37
member GCM ensemble (SSP5-8.5, 2060). Projected impacts are generally worse in the
southern basin compared to the northern basin, where the median impact is between ~22%
to 50% flow reduction in the south, and ~10% to 38% flow reduction in the north. A majority
of GCMs project a reduction of inflows generated in the southern basin, with the 75™

percentile of impacts in the south remain negative, whereas in the north more GCMs project

a potential increase in runoff. Nonetheless, impacts present a reasonably clear picture of
future flow reductions, especially in the productive southern river valleys of the Goulburn,
Upper Murray and Murrumbidgee.
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Figure 2. Projections of changes in mean annual runoff generated in the 21 river valleys across the
MDB. Projections are for SSP5-8.5 centred around 2060, using a 37 member CMIP6 GCM
ensemble.

Figure 3 shows how the projected changes in runoff influence the distribution of
contribution of each river valley to total runoff across the MDB. The intent here is to show
whether climate projections, considering the spatial differences in climate change and the
sensitivity of hydrological response, lead to a redistribution of water around the MDB.
Although there is significant uncertainty, the results show that more reliance may be
required on some river valleys to generate runoff under future climate. In the southern basin,
the Upper Murray and Murrumbidgee may generate a higher proportion of overall basin
runoff, with a commensurate reduction in contribution from the Goulburn, Campaspe and
Loddon rivers. Note that the total MDB runoff reduces under this climate scenario to
approximately 20,000 GL/yr. Thus, a redistribution of contribution to total basin inflow in an
individual river valley of 1% means an increased reliance of about 200 GL/year. Median
impacts for the northern basin are generally near zero.

One Basin CRC 14
Stress testing water availability in the Southern Murray-Darling Basin (QS4)



SSP5-8.5 2060 projection

o
1

N

N

1
N

-4

Change in contribution to total basin inflow (%)
o

Figure 3. Projections of changes in the contribution of runoff in the 21 river valleys to the total
runoff in the MDB. Projections are for SSP5-8.5 centred around 2060, using a 37 member CMIP6
GCM ensemble.
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4 Basin-wide inflow sensitivity to climate
change

The stress testing methodology allows the sensitivity of hydrological response to changes in
climate to be assessed. Figure 4 shows the first order (one climate variable at a time,
holding the others constant) sensitivity of runoff in the 21 river valleys. This is also referred
to as runoff elasticity in other studies (e.g. (Chiew, 2006)). There are substantial differences
across river valleys, particularly between northern (dashed lines) and southern (solid lines)
valleys. Generally, runoff sensitivity to changes in precipitation and temperature was higher
across northern valleys, typically by around a factor of 1.5. Overall rainfall elasticity of runoff
ranged between approximately 2 to 6 (% change in runoff per % change in precipitation),
although the response is non-linear. Southern basin elasticity ranged between ~2 and 4.5,
and northern basin elasticity between ~3.5 and 6. Overall temperature elasticity ranged
between 3.7 to 11.3% per °C. Again, sensitivity was higher in the northern basin, which
ranged between 6 and 11.3% per °C. Southern basin temperature elasticity ranged between
3.6 to 7.6% per °C.

However, southern basin valleys are more sensitive to changes in precipitation seasonality
compared to the north, with some valleys showing greater non-linearity. Recall that
precipitation seasonality change here refers to a redistribution of precipitation from May-
Oct to Nov-Apr (i.e. from winter to summer in the southern hemisphere). Most southern
basin valleys exhibit a reduction in runoff for a positive change in seasonality (and vice
versa). Southern basin elasticity to seasonality change was generally between 1to 4 (%
change in runoff per % change in seasonality). Northern basin valleys showed an almost
parabolic runoff response to change in seasonality. In many northern valleys runoff
increased regardless of the direction of the seasonality change. In some valleys the
response was the opposite compared to the south, where runoff increased for positive
seasonality change, and decreased for negative seasonality change. These differences in
response are almost certainty due to the differences in hydroclimatology between northern
and southern valleys, where southern systems typically exhibit a higher proportion of runoff
generated in the May-Oct period. The southern valleys have winter and spring dominated
flow regimes. Thus, taking rainfall away from winter reduces these seasonal flow peaks. In
contrast, northern valleys either have summer dominated or highly variable flow regimes, so
redistributing rainfall from winter to summer can

add to existing seasonal flow peaks.
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5 Stress Testing water allocations

The sensitivity of allocations to changes in streamflow are shown in Figure 5. Under current
conditions (on the zero line change in streamflow line), the average NSW general security
allocations are significantly lower than the Victorian high reliability allocations, but rivers in
NSW or Victoria achieve a consistent allocation performance (i.e. NSW average end-of-
season allocations are ~82%, and Victoria ~96% in baseline conditions) Perhaps
unsurprisingly due to the nature of the allocation policy, the Victorian products are less
sensitive to small changes in streamflow (i.e. £5%), although the Murray is more sensitive
than the Goulburn. However, there is a sudden drop off in performance for the Victorian
products for changes in streamflow greater than ~25%, compared to the more even declines
in allocations with declining streamflow in the NSW systems. The relative differences
between the systems reflect the large differences in how water is managed.
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Figure 5: Change in end of season allocation vs. change in average annual streamflow, for the
major entitlement products in each region.

Figure 6 shows the relative vulnerability of average end of season allocations for each
system, driven by shifts in seasonality and annual precipitation. To keep these results
consistent with an expectation of continued climate change, each panel in Figure 6 has
temperature increases modelled at a static 2 °C above the baseline scenario. The Goulburn
allocations are the least vulnerable in terms of how low average end-of-season allocations
may become under future climate. Like Figure 5,the NSW allocations decline more
consistently (more even spacing of shading gradients), while the Victorian systems have
more rapid declines in extreme dry conditions (precipitation reductions >20%). The overlay
of 2060 climate projections show that there are a number of projections that will likely result
in extremely low Murray NSW allocations and as low as 50% average allocations in the
Murrumbidgee. Many of the drier Victorian climate projections take the allocation systems
to the precipice of significant performance degradation.
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Figure 6: Vulnerability of average allocation to changes in seasonality and annual precipitation
(for a temperature increase of 2°C)

One Basin CRC
Stress testing water availability in the Southern Murray-Darling Basin (QS4)

19



5.1 Selecting different indicators to represent allocation
outcomes

While Figure 6 shows the outcome for average end-of-season allocation, different metrics
of allocation performance may be relevant to alternate objectives, and these metrics may
show large differences in outcomes. In the SCMDB, it is often reliability that is used as a
measure of water availability of licence holders. Reliability refers to the percentage of years
that an entitlement holder would expect to receive their full allocation (i.e. 100% of their
entitlement volume). The result in Figure 7 show the both the average allocation (matching
Figure 6) and reliability for the Goulburn River system.

The metrics selected to represent water availability can lead to very different understanding
of climate risk (e.g. Figure 7 and the difference between average end of season allocation
and reliability). There is little discussion around what metrics align best with the decisions
being made, and the time over which these decisions are assessed (Nathan et al., 2019).
Moving forward, it will be important to have discussions around what metrics inform water
management and adaptation decisions.
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end of season allocation reliability
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Figure 7: Comparison of outcomes for average allocation (a) and reliability of allocation (b) for the
Goulburn River system.
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5.2 Implications for Intervalley transfers

Since approximately 2012 the volume of water leaving the Goulburn River system as an IVT
(transferred for use by entitlement holders in the Murray system) has substantially
increased. This has resulted in changes to the hydrologic regime along the river, with an
emphasis on higher flow over the summer period. Consequently, this led to environmental
degradation along the lower Goulburn River. High unseasonal flows submerged riparian
vegetation and prevented new recruitment, reduced habitat for macroinvertebrates and
native fish, and contributed to bank erosion.
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Current predictions of IVT volumes for modelling purposes are based on water availability in
the Goulburn system. Recently, a relationship was developed to predict the variable
component of IVT releases based on total water availability in the Goulburn system at the
start of the water year. We examined whether that relationship can be improved by the
inclusion of data from other parts of the system that may also influence IVTs. We know that
temporary trade volumes depend on numerous factors, many of which (such as climate
conditions in the mid Murray and commodity prices) occur outside of the bounds of the
Goulburn system. While we found that predictions of IVT volumes can be significantly
improved by including inflows to other systems (representative of availability) in the analysis
(Appendix A), much of the data used to inform this comes from before major changes in IVT
rules instituted by the Victorian Government. There is not enough data to create a
relationship representative of the new IVT transfer rules, however in concept, predictions of
these volumes would also be improved through inclusion of information from the other
regions. A consistent climate data set and rainfall runoff modelling framework makes this
possible.

Based on these findings, the recommended future implementation of IVTs in water resource
modelling should include both the economic and physical drivers of water trade, and the
most up-to-date representation of constraints, and government policy on water use and
trade restrictions. This needs to include processes at the spatial scale of the Southern
Murray-Darling Basin. Such modelling does not currently exist in a form that is useable for
informing policy decisions, but this should be a priority for investments in future modelling
capability.




6 Stress Testingriver flows

We assessed changes in a range of monthly hydrologic metrics at the indicator sites,
including high flows (90" percentile), February and August flows, and the duration of low
flows (10™ percentile). To compare results across sites, we highlight the range of changes in
climate that lead to a 20% and 50% reduction in hydrologic metrics (Figure 8). These
thresholds are used as illustrative examples here, whereas a more site-specific study might
opt to choose thresholds that are better connected to specific flow objectives at a given
site. The 20% and 50% flow reduction thresholds are shown by a contour in each panel of
Figure 8 representing each site. Note that Figure 8 shows the response based on changes in
precipitation and precipitation seasonality only, as these were generally the two climate
variables to which river flows were most sensitive (although sensitivity varies between
sites). Given that change in temperature is not an axis on these plots, change in temperature
must be held at a specific value; to keep these results consistent with an expectation of
continued climate change, each panel in Figure 8 has temperature increases modelled at a
static 2 °C above the baseline scenario.

Figure 8 demonstrates that the response of some metrics is very different between sites,
evident from the range of both location and shape of the contours in the duration of low
flows and February flows panels. However, there is more consistency in the response of
high flows to changes in climate. Especially in the northern basin, where most sites cluster
around a narrow range of changes in precipitation for a given response in the high flow
metric. Like the sensitivity results in Figure 4Error! Reference source not found., there are
differences in the relative sensitivity and form of response between the northern and
southern basin, especially for the response to precipitation seasonality. Southern basin
catchments tended to be a little less resilient than northern basin catchments, reaching the
20 and 50% reduction thresholds sooner (i.e. for less change in climate inputs) for some
metrics. This is evident from the contours in the southern basin panel for magnitude of high
flows being slightly further to the right compared to the northern basin. Note that for some
metrics, sites cross the first 20% threshold even for no change in precipitation or
precipitation seasonality inputs, because the static 2 °C simulated rise in temperature is
sufficient to impact hydrologic metrics.
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Figure 8. Stress testing results of changes in hydrologic metrics basin wide, for changes in
precipitation and precipitation seasonality. These plots include a static increase of 2 °C above the
baseline scenario. Each panel shows a contour of where in the range of simulated climate changes
a specific reduction in hydrologic metrics occurs for each site (in this case a 20% or 50%
reduction, except for duration of low flows which is a 20% and 50% increase). Northern and
southern basin sites are distinguished to contrast results.

Figure 9 shows how the total percentage of SFls meeting long-term targets changes with
one- and two-dimensional changes in climate inputs. This comparison is restricted to
pairwise for ease of graphical visualisation. With no climate change, 33% of SFls meet long-
term targets (corresponding to white shading in the figure). In the one-dimensional
response (diagonal panels), reductions in precipitation and increases in temperature lead to
a monotonic reduction in the percentage of SFIs meeting long-term targets. A reduction in
precipitation of 10% reduces the percentage of targets met down to ~10%. An increase in
temperature of 2 °C reduces the percentage of targets met to ~22%. Responses to
precipitation seasonality are more complex, most likely owing to the diversity of the form of
sensitivity to precipitation seasonality across the sites. Increases in precipitation seasonality
by itself does not largely decrease the percentage of SFls meeting long-term targets,
presumably because while some sites are no longer meeting their targets, others are now
meeting targets that weren’t being met under baseline conditions.

The off-diagonal plots in the bottom right of Figure 9 show the two-dimensional stress
testing response to changes in climate. Beyond reductions of precipitation of ~10%, few
SFls are meeting long-term targets. Reductions in precipitation of 20% lead to no sites
across the basin meeting long-term targets. Increases in temperature amplify the risk of
reductions in precipitation (middle left panel). For example, for every 1 °C increase in
temperature, the threshold of precipitation change at which a given percentage of SFls
achieve their targets reduces by about 2%. Thus, for no temperature increase, a reduction in
precipitation of ~20% leads to no SFIs meeting their targets, but if temperatures increase by
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3 °C, now a reduction in precipitation of ~14% is sufficient to lead to no SFls meeting long-
term targets.

The response to climate variables alongside changes in precipitation seasonality is slightly
more complex, as it can be seen in the blue region of the bottom middle panel that
reductions in the seasonality parameter can increase the number of SFls meeting long-term
targets.
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Figure 9. Stress-testing results of the percentage of long-term SFIl targets being met under
various changes in climate inputs. Non-diagonal axes show contours of percentage of targets met
from pairwise combinations of changes in climate inputs. Diagonal axes show Kendall's Tau rank
correlation for response in changes in the percentage of long-term SFl targets and changes in a
single climate input. Note that the x-axis is consistent for all columns, but the y-axes changes in
the diagonal scatter plots to be the percentage of long-term SFl targets met.

We further focus on some specific outcomes at the end of system Murray Barrages, since
the flow at this point is an important objective for overall basin management. There are two
SFls for this site, each with their corresponding targets. Both relate to maintaining annual
flows above a particular minimum threshold (as quantified by the three year rolling average
flow), but they differ by degree. The first target is that the three year rolling average flow
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be above 1,000 GL/y for 100% of years; and the second is three year rolling average flow be
above 2,000 GL/y for 95% of years. Figure 10a shows the sensitivity of Murray Barrage SFls
to changes in precipitation compared to other sites. Both Murray Barrage SFls drop off in
success rate significantly after precipitation reductions of about 10%. In addition, these SFls
appear more sensitive to climate change than other SFls in the basin, due to their more rapid
drop off in performance. Figure 10b shows the stress-testing results for just the second
Murray Barrages SFI (three year rolling average flow above 2,000 GL/y) and the context of
the long-term target of 95% frequency of success. Like the previous plot in Figure 8, this
shows SFl response to changes in precipitation and precipitation seasonality, with a static
increase of 2 °C in temperature. This SFl is reasonably sensitive to changes in precipitation
seasonality, such that it is possible to cross the long-term target with just a change in
seasonality without a change in precipitation (i.e. the 95% success rate target can be failed
by moving from (0, 0) to about (0, 3) in the plot). Generally, once the 95% success rate
target is not met, overall frequency of meeting the SFI rapidly degrades, especially for
reductions in precipitation of greater than 20%.
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Figure 10. a) Comparison of sensitivity of Murray Barrage SFl success to changes in precipitation,
compared to other SFls; b) stress-testing results of the frequency of meeting Murray Barrage 2 SFI
- three year rolling average flow above 2,000 GL/y, with changes in precipitation and precipitation
seasonality. This plot includes increases in temperature of 2 °C from the baseline. The long-term
target of 95% of years is shown by the white contour.
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7  Project impacts and future directions

This research has yielded significant improvements in modelling and assessment capability
at the large river basin scale. The specific outputs in this project have included the ability to
generate stochastic data at the MDB scale and integrate this with rainfall runoff models to
provide future stochastic runoff timeseries. Novel machine learning approaches were
implemented to allow the robustness of normally costly and time-intensive water resource
outcomes to be assessed.

The results of this research highlight two important considerations for policy makers:

e There are significant climate risks to achieving current environmental flow targets, and
the objectives of Murray-Darling Basin Plan, across the basin. This will require
rethinking water management and adaptation options. This may ultimately require
revaluation of what objectives can be achieved into the future.

e Allocation policy plays a significant role in how impacts of climate change are
distributed. The potential role of allocation policy and how this should be structured
into the future should be included in adaptation options under consideration.

Project outcomes have been communicated through two journal publications, a webinar,
three conferences, and presentations to a number of government agencies (including
MDBA, NSW and QLD). We have also provided a package of outputs to the MDBA to inform
the Basin Outlook Report. The content and format of these outputs was discussed and
agreed with MDBA to determine what would be most useful. This significantly increased
MDBA'’s quantitative data at the MDB scale, improved understanding of climate change
uncertainty, and allowed them to expand a multi-lines-of-evidence approach to climate
change impact assessment.

We have identified two possible aspects where further work could be undertaken:

» Thresholds - the results show that there may be systemwide thresholds where
particular ecological outcomes are no longer achievable. This study used hydrological
metrics as proxies to imply likely ecological outcomes. This could be further
investigated suing ecological models.

» Link to irrigation demands - the approach adopted here to understand water
availability could be linked to outcomes from Quickstart projects that examine climate
impacted demands to understand risks to crop production in different regions due to
combined local changes in climate and water availability in the system.
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Appendix A: Improving IVT modelling

Previous efforts to model IVT volumes out of the Goulburn River have been based on water
availability within the Goulburn system (Figure 11). Water availability being defined as the
sum of total allocations and carryover volume at the start of August. A statistical linear
relationship was found between IVT volumes and water availability (R? value of 0.27), noting
that this relationship is much stronger if the year 2017 is not include.
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Figure 11. Relationship between available water (carryover plus allocation at the start of August)
and detrended annual IVT volumes. This is used to vary annual IVT volumes from the default 273
GL in the SGEFM. Year labels are water years beginning in July.

Where the regression is expanded to include inflows to include inflows to Hume, Blowering,
Burrunjuck and Dartmoth the relationship and predictive capacity is improved (R? value of
0.49).
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