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Executive summary

Irrigated farming in the Murray—-Darling Basin faces increasing challenges due to a warmer
and drier climate. With water supply decreasing and irrigation demand rising, farmers
need better insights into future water needs to sustain their crops and investments.
Understanding these changes is crucial for medium to long-term planning and for making
informed decisions about crop choices and water sourcing.

This project assessed how climate change is likely to affect irrigation demand across the
Murray-Darling Basin. While the climate analysis is built around projected changes in
reference evapotranspiration (ETo), the expected change in crop water demand and
irrigation requirement was expressed in ML/ha as this relates directly to the volume of
water as traded and applied to the crops. The study combined two complementary
approaches: first, a basin-wide geospatial analysis of projected changes in ETo under
climate change; and second, expert interviews and crop-specific modelling to translate
those changes into irrigation demand for major irrigated crops. The central finding is that
irrigation demand is likely to increase across the Murray-Darling Basin irrigation systems in
response to climate change. The scale of increase, and the opportunities for adaptation,
differ between crops, regions, seasons and management systems — but the scale of the
increase and our ability to adapt appear to be balanced.

The geospatial component used a 10-member climate model ensemble, based on
downscaled CMIP6 projections from NARCIIM2.0 at about 4 km spatial resolution, to
assess changes relative to a 1995-2014 baseline. Two future periods were examined,
2031-2050 and 2051-2070, under two emissions pathways, SSP1-2.6 (immediate
reduction in emissions and a rapid transition to ‘net zero” with temperatures likely to be
maintained below 2 °C) and SSP3-7.0 (emissions continue to rise and temperatures
increase by between 2.4 and 4.6 °C). Across the Murray-Darling Basin, the modelling
projected increases in ETo under all scenarios and in all seasons. Median increases were
generally around 4-5% under the lower-emissions and earlier-period scenarios, increasing
to about 9% under the higher-emissions scenario in the later time-slice of 20517-207/0.
Spring showed the largest percentage increases in ETo, while summer showed the largest
absolute increases because background potential evapotranspiration is already highest in
that season. Temperature rise and associated increase in vapour pressure deficit was
identified as the dominant driver of these ETq increases, while wind speed, net radiation
and precipitation showed much greater uncertainty and a weaker influence on potential
evapotranspiration.

Theincrease in ETo did not translate directly, into an equal percentage increase in
irrigation requirements. The ETo is calculated using the FAO 56 Penman-Monteith
equation as the atmospheric evaporative demand over a reference surface and irrigation
demand depends on how that atmospheric demand interacts with a particular crop’s
seasonal growth pattern, crop coefficient (Kc - nominally canopy size), and effective
rainfall. In this study, crop water requirement was modelled using the relationship crop
evapotranspiration = K¢ x ETg, and irrigation requirement was estimated as crop
evapotranspiration minus effective rainfall. This means that the reported ETg increases of
around 4-5% through to 9% can legitimately translate into larger increases in both water
and irrigation demand when the crop coefficient profile concentrates this demand into

OFFICIAL



OFFICIAL

periods of the seasonal growth cycle where potential evapotranspiration are high
(typically warmer seasons or those with high Kc) and when rainfall offsets are limited. For
the case study perennial crops, this resulted in estimated increases in irrigation demand
of around 10-20% by 2070, equivalent to increases in irrigation requirement of up to
about 2 ML/ha under the higher-emissions, later-period scenario.

The expert interviews provided an important practical context for interpreting these
modelled changes. Twenty-one irrigator and adviser informants from major irrigation
regions were interviewed across almonds, winegrapes, cotton and rice. The interviews
suggested that management already creates substantial differences in water use
between farms, blocks and years. For almonds, typical irrigation was reported at around
12.6 ML/ha, with management-related differences often around 1.5 ML/ha and in some
cases up to 2.5 ML/ha. For winegrapes, average irrigation was about 6.8 ML/ha, again
with management effects commonly around 1.5 ML/ha and potentially higher. These
differences are important because they show that the projected climate-driven increase
in irrigation requirement is of a similar order of magnitude to the variation that already
exists within current practice. In other words, climate change is expected to add
pressure, but it is doing so within a system where management already materially
influences water demand.

The modelling is fundamentally a demand-side assessment, not a full system simulation
of future irrigation viability. It assumes crop water demand can be represented using
benchmarked crop coefficients and projected ETo, and that irrigation requirement can be
estimated after allowing for effective rainfall. It does not fully model changes in water
supply, allocation reliability, conveyance limits, price, system losses, groundwater
interactions, or broader hydrological constraints. Nor does it explicitly test major shifts in
crop mix, production system, or target yield. In effect, the modelling is best interpreted as
estimating the additional irrigation requirement needed to maintain a comparable
production system under warmer conditions, rather than predicting actual future water
use under all economic and biophysical constraints. For the same reason, any suggestion
that management options “will cope with this challenge” should be interpreted carefully:
the report supports the conclusion that there is meaningful adaptation capacity on the
demand side, but it does not imply that this alone resolves future risks associated with
reduced water supply or other structural drivers of change.

The choice of climatological baseline is also important for interpreting the results. Al
projections are expressed relative to 1995-2014, which is the historical reference period
used throughout the climate analysis. However, from today’s planning perspective, the
current climate is already closer in time to 2031-2050 than it is to the start of the
historical baseline. This means the adaptation task from the present day to the first future
period is likely to be smaller than the full percentage change quoted against 1995-2014.

The work also points to a more useful and action-oriented discussion of management
responses. The interviews identified a wide range of practices and technologies that
already influence irrigation demand. Tactical responses include improved irrigation
scheduling, better use of ETo and weather information, soil moisture probes, plant-based
sensing, automation, more precise heatwave management, and seasonal decisions about
water purchasing and application timing. Strategic responses varies more between crops,
and include improved irrigation layout and system design, shifts from flood to sprinkler or
drip systems, landforming and bankless channel design, low-pressure or variable-rate
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application systems, improved soil health and water-holding capacity, selection of better
land in low-water years, and the use of crop varieties better suited to warmer conditions.
These responses highlight potential for adaptation by irrigators and to counteract
increased irrigation demand over time.

Overall, the project shows that climate change is very likely to increase irrigation demand
across the Murray-Darling Basin. The projected increase is significant, particularly in high-
cost, low-allocation years or years when additional irrigation is required to manage
heatwaves, but it remains within the same broad order of magnitude as management-
related variation already observed in current irrigation systems. That does not diminish
the seriousness of the challenge, particularly when demand-side pressures are
considered alongside uncertain future water supply. It does, however, indicate that there
is a credible basis for adaptation through improved management, better information,
targeted investment and more flexible policy and system design.

Geospatial analysis of reference
evapotranspiration (ETG projections across
the Murray-Darling Basin (MDB) under ten
representative climate change scenarios
for 2031-2050 and 2051-2070

Introduction

This section presents the geospatial analysis and presentation of reference
evapotranspiration (ETo) projections across the Murray-Darling Basin (MDB) under climate
change scenarios. The analysis builds upon downscaled climate data from the
NARCIIM2 0 project (Di Virgilio, Evans, et al,, 2025; Di Virgilio, Ji, et al., 2025), applying the
FAO-56 Penman-Monteith method (Allen et al.,, 1998) to generate spatially explicit
projections of irrigation water demand. The work addresses a knowledge gap identified
by irrigators and water managers: understanding how climate change will affect crop
irrigation requirements across different regions and seasons within the Basin (Bodner et
al., 2015; Martinez-Valderrama et al., 2023).

The geospatial approach enables production of actionable information at scales relevant
to irrigation planning from individual irrigation districts to basin-wide assessments (Liu et
al., 2021, Sharma et al,, 2024). By presenting results through maps, regional summaries,
and uncertainty analyses, this work provides the foundation for flexible, risk-aware water
allocation planning that accounts for both the central tendency and the range of plausible
future outcomes(Adeyeri et al., 2024; Guillaume et al., 2017).
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Methodology Overview

Spatial Framework and Resolution

The analysis was conducted at approximately 4 km spatial resolution across the entire
Murray-Darling Basin, encompassing over 1,050,000 km?. This resolution was determined
by the NARCIIM2.0 downscaled climate projections and provides sufficient detail to
capture regional climate gradients while remaining computationally tractable for ensemble
analysis. The spatial grid was aligned with the NARCIIMZ2.0 output to ensure consistency
in data processing and avoid unnecessary resampling errors.

A digital elevation model derived from Geoscience Australia's 9-second DEM (Hutchinson
et al, 2008) was resampled to match the NARCIIM2 .0 grid and used to calculate
elevation-adjusted atmospheric pressure following Haynes (2010, pp. 14-20), a key input
to the Penman-Monteith equation. This attention to topographic detail ensures that
elevation-related climate variations, particularly important in the eastern highlands of the
Basin, are accurately represented in ETq calculations.

Case Study Region Selection

Four representative irrigation regions were selected for detailed analysis and reporting,
chosen to span the climate diversity present within the MDB's irrigated areas (Figure 1).
The selection was guided by Kdppen climate classifications (Beck et al., 2018) and aimed
to represent the three climate zones containing significant irrigation infrastructure:

Goondiwindi Region (BSh - arid, steppe, hot): Located in Queensland along the
Macintyre River, extending 80 km west and 20 km east of Goondiwindi. This
region represents the northern, warmer portions of the Basin with higher
baseline temperatures and lower seasonal temperature variation. The hot
steppe climate experiences significant evaporative demand year-round.

Murrumbidgee Region (BSk - arid, steppe, cold): Comprising the Benerembah,
Coleambally, Mirrool, and Yanco irrigation areas in New South Wales. This
extensive irrigation district represents the cooler, southern regions where
temperature seasonality is more pronounced and winter conditions significantly
differ from summer.

Mildura Region (BWK - arid, desert, cold): Encompassing irrigated land within a
30 km radius of Mildura, Victoria. This region typifies the desert climate zones
of the southern Basin, with very low rainfall and high dependence on irrigation.

Riverland Region (BWk - arid, desert, cold): Comprising irrigation areas adjacent
to Barmera, Berri, Loxton, and Renmark in South Australia. Selected for its
similarity to Mildura to assess consistency of projections across neighbouring
regions with similar climatic characteristics.

The selection strategy also maximised variation in climatic similarity, with Riverland and
Mildura expected to show high correlation in climate responses, while Goondiwindi
provides the greatest contrast, enabling assessment of how projections vary across the
Basin's climate gradient.
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W Irrigation Areas [ Csb Temperate, dry summer, warm summer
Cfa Temperate, no dry season, hot summer
Il BWh Arid, desert, hot Cfb Temperate, no dry season, warm summer
[ BWk Arid, desert, cold [ Dfb Cold, no dry season, warm summer
[ BSh Arid, steppe, hot Il Dfc Cold, no dry season, cold summer

BSk Arid, steppe, cold

Figure 1 Case study region — Murray Darling Basin in southeast Australia - with Koppen climate
classification (Beck et al., 2018), irrigation areas (Australian Bureau of Agricultural and Resource
Economics and Sciences, 2023) and case study sub-regions used in this study.

Climate Model Ensemble

The analysis employed a 10-member ensemble, comprising five global climate models
(GCMs) from CMIP6 — ACCESS-ESM1-5 (Ziehn et al,, 2020), EC-Earth3-Veg (Doscher et
al., 2021), MPI-ESM1-2-HR (Muller et al.,, 2018), NorESM2-MM (Seland et al., 2020), and
UKESM1-0-LL (Sellar et al,, 2019) — each downscaled using two regional climate model
(RCM) variants from the NARCIIM2.0 project (Di Virgilio et al., 2022). These GCMs were
selected for their relative independence while capturing a broad range of plausible
climate futures, a requirement for uncertainty quantification (Chang et al, 2016; Nasir et
al, 2024).

Two Shared Socioeconomic Pathways were analysed: SSP1-2.6 (low emissions) and
SSP3-7.0 (high emissions), representing contrasting greenhouse gas concentration
trajectories (Meinshausen et al., 2020). Two future periods were examined: 2031-2050
and 2051-2070, aligned with typical planning horizons for irrigation infrastructure and
perennial crop investments (Chung & Nkomozepi, 2012). Combined with a 1995-2014
historical reference period, this created four scenario-timeframe combinations for
analysis.

ETCCalculation Workflow

Reference evapotranspiration was calculated using the FAO-56 Penman-Monteith
equation (Allen et al, 1998), the most widely adopted method for estimating ETo from
routinely available meteorological data (Wanniarachchi & Sarukkalige, 2022) and
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demonstrated to perform strongly due to its physics-based approach (Multsch et al,
2015). The workflow was implemented through custom R scripts that processed gridded
climate data for each of the 40 projection datasets (10 GCM-RCM combinations x 4
scenario-timeframes). The workflow comprised several key steps:

1. Climate Variable Processing: Raw NARCIIM?2.0 outputs for temperature, humidity,
wind speed, radiation, and pressure were converted to the units and formats
required by the Penman-Monteith equation. This included converting
temperatures from Kelvin to Celsius, calculating saturation vapour pressure from
specific humidity using methods from Wallace and Hobbs (2006, Eqg. 3.59),
adjusting wind speed from 10 m to 2 m height, and computing net radiation from
component fluxes.

2. Bias Correction: A delta-change approach (Fowler et al,, 2007; Hay et al., 2000)
was applied to reduce systematic biases in the climate model outputs. For each
GCM-RCM variant, differences between projected and historical periods were
calculated, then applied to observed climate data from the SILO database (Jeffrey
et al., 2001). This preserves the observed spatial patterns and absolute values
while incorporating the projected changes from climate models.

3. Monthly Climatology: Climate variables and resulting ETo were aggregated into
monthly climatologies for each 20-year period, producing 12 monthly grids per
variable per scenario. This temporal aggregation balances the need to capture
seasonal patterns with the requirement to reduce noise from interannual variability.

4. Ensemble Statistics: For each grid cell, month, and scenario, the 10 ensemble
member outputs were summarised using percentile statistics (2.5th, 25th, 50th,
75th, and 97.5th percentiles), providing both central tendency (median) and
uncertainty range (95% confidence interval from 2.5th to 97.5th percentiles).

Uncertainty Quantification Through Signal-to-Noise Analysis

An important component of the geospatial analysis was the systematic quantification of
projection uncertainty using signal-to-noise ratios (SNR) (Hawkins & Sutton, 2009, 2011).
For each grid cell, month, and scenario, the SNR was calculated as the ratio of the
absolute mean change (signal) to the standard deviation across the 10-member ensemble
(noise). High SNR values indicate strong model agreement on the direction and
magnitude of change, providing greater confidence in projections. (Hawkins & Sutton,
2011) Four confidence categories were defined based on SNR values (Table 1). This SNR
framework was applied not only to ETo but also to its meteorological drivers (temperature,
vapour pressure, wind speed, net radiation) and precipitation, enabling identification of
which climate variables contribute most to projection confidence and which introduce the
greatest uncertainty (Guillaume et al., 2017).
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Table 1 Confidence levels and their interpretation related to the signal to noise ratios used in this
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study.
SNR Value Confidence in Change Interpretation
. The projected signal is weaker than noise (natural
SR Foor configence variability dominates). No clear change.
1<SNR <2 Low confidence The signal is stronger than noise, ahd a change is
distinguishable from natural variability.
5 < SNR < 3 Moderate confidence The S|gna\ is twice as large as the noise,
suggesting a clear change.
The signal is at least three times greater than
SNR > 3 High confidence noise, indicating a robust and statistically

meaningful change.

Results: Spatial Patterns of ET€Change

Presentation of Modelled Projections

Mean summary maps for the reference period (1995-2014) of ETy is provided for each
season in Figure 2. Figure 2 additionally presents maps for each of the four seasons for
precipitation flux, and each of the key meteorological variables: maximum and minimum
temperature, wind speed, vapour pressure and net radiation.

(a) 1995-2014 ETO mmid JJA

T T T T T T
MO 142 144 198 4B 15D 152
S8P370 20512070

(e} 1995-2014 precip (mmiday) JJA

T T T T T
14D 14z 14d 146 4B 150 152
SSP370 20512070

(b) 1995-2014 ETO mm/d SON

(c) 1995-2014 ETO mm/d DJF (d) 1995-2014 ETO mmvid MAM

S5P3T0 20512070

() 1995-2014 precip (mm/day) SON

T T T T T T
190 142 144 146 148 150 152

T T T T T T T T T T T T
140 142 144 148 148 150 182 140 142 144 M6 148 150 152
S5P370 20512070 SSP3T0 20512070

(9) 1995-2014 precip (mm/day) DJF (h) 1995-2014 precip (mm.day} MAM

T T T T T T T T T T T T T T
140 142 144 146 148 150 152 140 142 164 146 14E 150 152 160 142 144 B 148 150 152

SSP370 20512070

‘SSP370 20512070 SSP370 20512070

Figure 2 Derived reference evapotranspiration (row 1), precipitation flux (row 2), mean daily

maximum temperature (row 3), mean daily minimum temperature (row 4), mean wind speed (row

5), vapour pressure (row 6), net radiation (row /) for winter (column 1), spring (column 2), summer
(column 3) and autumn (column 4) of the reference period (1995 — 2014).
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Figure 2 [continued]
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(1) 1995-2014 Tmax (“C) SON

(k) 1995-2014 Tmax ("C) DJF
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Maps of projected percent change in ETg across the MDB for each of the four scenarios

are presented in Figure 3 for winter (JJA), Figure 4 for spring (SON), Figure 5 for summer

(DJF) and Figure 6 for autumn (MAM). The median, 2.5 and 97.5 percentiles are presented
to provide the 95% probability range of the 10 model ensemble. Signal to noise ratio is

presented in the fourth column of the figure as confidence categories. A clear change in
ETo is signified by an SNR above 2, whereas SNR values below 1indicate a signal that is
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less than the noise. Low SNR values are therefore due to a small projected change in ETy,
a large range of projected change in ETg, or both a combined small change and large
range across the model ensemble. Similar maps for precipitation flux and the precursor
variables are presented each season in the supplementary material: precipitation flux
(Figures AO1-A04), maximum temperature (Figures AO5-A08), minimum temperature
(Figures AO9-A12), vapour pressure (Figures A13-A16), wind speed (Figures A1/-A20), and
net radiation (Figures A21-A24).
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Figure 3 Projected range of reference evapotranspiration (%) change in winter (June, July, August)
across the ten model ensemble for SSP126 2031-2050 (row 1), SSP126 2051-2070 (row 2), SSP126
2031-2050 (row 3), SSP126 2051-2070 (row 4), in terms of 2.5 percentile (column 1), median
(column 2), 97.5 percentile (column 3) and signal to noise ratio (SNR) column (4), where “Poor”
indicates SNR < 1, “Low” indicates 1 < SNR < 2, “Moderate” indicates 2 < SNR < 3, and “High”
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indicates SNR > 3. White areas within the Murray-Darling-Basin boundary indicate values below

the 2.5 percentile or above the 97.5 percentile.
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Figure 4 Projected range of reference evapotranspiration (%) change in spring (September,

October, November) across the ten model ensemble for SSP126 2031-2050 (row 1), SSP126 2051-

2070 (row 2), SSP126 2031-2050 (row 3), SSP126 2051-2070 (row 4), in terms of 2.5 percentile
(column 1), median (column 2), 97.5 percentile (column 3) and signal to noise ratio (SNR) column
(4), where “Poor” indicates SNR < 1, “Low” indicates 1 < SNR < 2, “Moderate” indicates 2 < SNR <
3, and “High” indicates SNR > 3. White areas within the Murray-Darling-Basin boundary indicate
values below the 2.5 percentile or above the 97.5 percentile.
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Figure 5 Projected range of reference evapotranspiration (%) change in summer (December,
January, February) across the ten model ensemble for SSP126 2031-2050 (row 1), SSP126 2051-
2070 (row 2), SSP126 2031-2050 (row 3), SSP126 2051-2070 (row 4), in terms of 2.5 percentile
(column 1), median (column 2), 97.5 percentile (column 3) and signal to noise ratio (SNR) column
(4), where “Poor” indicates SNR < 1, “Low” indicates 1 < SNR < 2, “Moderate” indicates 2 < SNR <
3, and “High” indicates SNR > 3. White areas within the Murray-Darling-Basin boundary indicate
values below the 2.5 percentile or above the 97.5 percentile.
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Figure 6 Projected range of reference evapotranspiration (%) change in autumn (March, April, May)
across the ten model ensemble for SSP126 2031-2050 (row 1), SSP126 2051-2070 (row 2), SSP126
2031-2050 (row 3), SSP126 2051-2070 (row 4), in terms of 2.5 percentile (column 1), median
(column 2), 97.5 percentile (column 3) and signal to noise ratio (SNR) column (4), where “Poor”
indicates SNR < 1, “Low” indicates T < SNR < 2, “Moderate” indicates 2 < SNR < 3, and “High”
indicates SNR > 3. White areas within the Murray-Darling-Basin boundary indicate values below
the 2.5 percentile or above the 97.5 percentile.

Reference evapotranspiration for each case study location and season, both observed for
1995-2014 and projected for 2031-2050 and 2051-2070 under both SSP1 and SSP3
scenarios is presented in Table 2. The range in ETo projected by the 5 GCPs and 2 RCPs
is elucidated by percentiles of the distributions of outcomes from the model ensemble at
2.5% (low), 25% (Q1), 50% (median), /5% (Q3), and 97.5% (high). Both projected ETq
values and percent change from the 1995-2014 observed ETg are presented. The signal-
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