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a b s t r a c t

Economic analysis of climate scenarios and alternative water policies is critical for development and
implementation of appropriate water policies and programs. Mathematical models have been developed
to assess water resources policies due to their ability to explicitly represent the biophysical dynamics of
natural systems while integrating these within social and economic constraints. These models have been
criticised, however, due to the problems of simplification, overspecialisation, plausibility and lack of
empirical validation. This paper introduces a mathematical programming model which uses positive
mathematical programming method to calibrate and model agriculture and water use in the Murray-
Darling Basin of Australia. This paper reviews the theoretical and technical details of the model devel-
opment including the key steps taken in collating and scaling the biophysical and economic data, and to
address model parameterisation issues. The paper summarises results of an application of the model for
assessing climate change impacts in the form of reduced rainfall and water allocations and increased
crop water use for agricultural production. The results show the degree of variability in gross values
under different climate scenarios compared to the base case scenario, especially in very dry years. The
results also show how on-farm adaptation options and water markets can mitigate these losses.

Crown Copyright � 2012 Published by Elsevier Ltd. All rights reserved.

1. Introduction

The Murray-Darling Basin (MDB), which is the major irrigation
area of Australia, has faced irrigation water overallocation com-
pounded by reduced future rainfall due to climate change (CSIRO,
2008). According to the baseline assessment of water resources for
the NationalWater Initiative, the total sustainable yield for theMDB
was 14,533 GL while the total entitlements in the MDB were
18,368 GL (NWC, 2007) suggesting about 25% overallocation. Future
climate change is expected to reduce rainfall with consequent
effects on surface water availability in the southernMurray-Darling
Basin (SMDB). Projected future climate change impacts suggest
a decreased and more variable future water supply for irrigation. A
median scenario is expected to result in 10876GLwater available for

irrigation (CSIRO, 2008) indicating water overallocation in the MDB
by about 40%. Finally, environmental concerns have led to demand
for greater environmental flows. These issues are driving debate
about total water diversions and water set-aside for the environ-
ment (Kirby et al., 2012). Furthermore, irrigation faces changing
world food markets, and rapidly evolving water policy reforms.

Design of effective and efficient government policies to help
manage thesewater resources is limited by a paucity of information
about the likely scale and scope of the impacts of continuing
current management or alternative options. For example, there is
evidence that water markets or trading in the southern MDB
assisted some irrigators in avoiding substantial financial losses
(Kirby et al., 2012; Mallawaarachchi and Foster, 2009; Oliver et al.,
2009). In this paper we directly address the question of relative
benefits of different policy mechanisms including water markets
and trading.

Integrated biophysical and economic modelling is becoming
a common approach for assessing policy scenarios across water-
sheds or other scales (Jakeman and Letcher, 2003). The approach
has gained momentum with the introduction of integrated
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catchment management policies (MDBC, 2001) and legal require-
ments for water resources management in the MDB. Attempting to
carry out an integrated assessment is a major challenge because the
approach requires establishing links between different disciplines
and utilising biophysical and economic data often collected at
different scales and time periods.

Mathematical programming models have been used to link
biophysical and economic information in an integrated biophysical
and economic modelling framework and to assess impacts of
agricultural policies and scenarios. Thesemodels are widely used to
analyse irrigation water demand and agricultural-environmental
policies since these models work well with a multitude of
resource constraints and complex interaction between agriculture
and the environment (Griffin, 2006). These models are also
accepted for analysing the impact of climate change and water
resources management policies and scenarios (Adamson et al.,
2009; Qureshi et al., 2007, 2010). However, these models have
a tendency towards overspecialisation in production and resource
allocation (Howitt et al., 2010; Howitt, 1995). Often, maximum or
minimum resource constraints were added to address the issue of
overspecialisation (Qureshi et al., 2007).

Differentmethods have been developed to solve the aggregation
and overspecialisation problem in agriculture production models.
Positive Mathematical Programming or PMP has been suggested to
deal with the problem of aggregation and specialisation in math-
ematical programming models (Howitt, 1995). The PMP approach
has been widely used in agriculture production models due to its
many advantages compared to conventional mathematical
programming or traditional optimisation models, including an
exact representation of the reference situation or observed value of
production, lower data requirements, and continuous changes in
model results in response to continuous changes in exogenous
variables (Röhm and Dabbert, 2003). In recent years, PMP has also
become a widely accepted method for analysing water demand as
these models work well with the multitude of resource, policy,
scenario, and environmental constraints often observed in practice
(Griffin, 2006; Howitt et al., 2010).

The term ‘positive’ in a PMP model implies the use of observed
data as part of the model calibration process. The approach uses
a three-step procedure in which a non-linear cost function is cali-
brated to observed land use of each agricultural activity across
catchments (Howitt et al., 2010). The first step in PMP is a non-
linear program model of farm profit maximisation with calibra-
tion constraints set to observed values of land use. The Lagrangian
multiplier on the calibration constraints is used in the second step
to parameterise a quadratic PMP cost function. The third step is
a non-linear objective function that includes the PMP cost function
restrictions on a resource. At this stage, the program completely
self-calibrates and calculates all of the necessary parameters and is
used for policy or scenario analyses by incorporating additional
policy or scenario constraints and re-running.

Calibration in PMP models has been reviewed and critiqued in
the literature (Chen and Onal, 2012; Heckelei and Wolff, 2003) and
variations have been developed including a generalised maximum
entropy or GME (Heckelei and Britz, 2005; Paris and Howitt, 1998).
However, the GME procedure has seen little application in applied
research. Along with other reasons, one of the reason of its limited
application is the limited availability and/or reliability of the
required information (Merel and Bucaram, 2010). McCarl (1982)
suggested an alternative top-down approach by restricting the
choice on crop mix to a convex combination of historical crop
mixes. However, the approach requires substantive additional data
at several scales which may not be available. The approach also
requires arbitrary adjustments to the model specifications which
could be difficult to check easily.

Integrated biophysical and economic models have evolved
parallel to research on improving PMP models for water policy
simulation analysis. Economic models generally lack detailed
representation of hydrology while the hydrology models lack the
ability to allocatewater in an economically efficientmanner. Hybrid
hydro-economic models, either holistic or compartmental, have
been built (Cai, 2008). Compartmental hydro-economic models
often composed of a hydrologic model linked with an economic
model calibrated using the PMP approach (Gomann et al., 2005;
Quinn et al., 2004). However, we are not aware of any irrigated
agriculture economic impact PMP study where the model included
all the major climate related impacts, including impact on water
allocations, crop effective rainfall, crop evapotranspiration and
water requirement and impact on irrigation water quality. As we
demonstrate, these factors can have an important influence on the
model results.

This paper develops an irrigation sector integrated biophysical
and economic model utilising the PMP modelling approach. The
model is used to assess the impacts of climate change scenarios and
water allocation policies on the profitability of major irrigation
activities in catchments of the southern Murray-Darling Basin,
Australia. The methodology used, the key steps taken in obtaining
and linking the biophysical and economic data, and the challenges
and difficulties faced in constructing a baseline condition (or base
case model scenario) are described in the next section. This is fol-
lowed by a section on model calibration and its reliability as an
analytical model for economic analysis. Results and discussion are
presented in the fourth section. Conclusions and policy implica-
tions complete the paper.

2. Methodology and data acquisition procedures

2.1. Model focus, data acquisition and scaling issues

We focus on the southern Murray-Darling Basin (MDB), Australia (shown in
Fig. 1). The MDB is Australia’s most significant river system and accounted for more
than 50% of Australia’s total water consumption (more than 80% used by the irri-
gation sector), mostly in the southern MDB, and in total contributes around 40% of
Australia’s gross value of agricultural production (ABS, 2011).

The CSIRO carried out a detailed basin scale assessment of the anticipated
impacts of climate change on the availability and use of water resources in the MDB
(CSIRO, 2008). The four scenarios CSIRO considered were: a) base case scenario of
historical development and historical climate; b) historical development and
a future climate change dry scenario; c) historical development and a future climate
changemedian scenario; and d) historical development and a future climate change
wet scenario. Details of these scenarios, including data, methods, and the models
used can be found in the CSIRO Sustainable Yield project reports (CSIRO, 2008).

The choice of an appropriate scale for an integrated biophysical and economic
model is important because mechanisms vital to the spatial dynamics of a process at
one scale may be unimportant or inappropriate to another. We consider the sub-
catchment level to be the most appropriate scale because most sub-catchments
are small enough to limit climate and crop variation and have relatively uniform
rules governing entitlements and allocations [for detail on MDB water entitlements
and allocations see Kaczan et al. (2011)], but are large enough to minimise the total
data requirement and for aggregated economic analysis.1 The CSIRO study sub-
catchments were not aligned with the natural resources management planning
(NRM) regions or Statistical Local Areas (SLAs) scale reported by the Australian
Bureau of Statistics (ABS) in AgStats for agricultural land and water use and gross
values data and economic performance. Land use data were obtained from the ABS.
These data were collected at Statistical Local Area (or SLA) level and were

1 In Australia, water is allocated to individual irrigation districts, valleys or
regions based on their historical water rights or entitlements (with associated
securities) linked to the historical land use along with dam storage capacity and
current year rainfall. However, these water entitlement and allocation rules differ
depending on state or territory. In South Australia and Victoria, irrigation water
entitlements are more secure (or high security) than in NSW where the irrigators
have less secure (or general security) entitlements. This was the reason that the
water allocations in Murray NSW (for example) were close to zero in 2007e08
when there was severe drought while water allocations were high in SA and Vic
in the same year (Kaczan et al., 2011).
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disaggregated across watershed (here after called catchments) boundaries in order
to estimate the agricultural activity occurring within the reporting catchments. The
linking and alignment process resulted in agricultural land use area for 13 catch-
ments. Later, the Lower Murray-Darling part of NSW was combined with Murray
Riverina NSW catchment for simplicity (due to its very small land and water use),
resulting in 12 catchments. A schematic representation of the steps involved in land
use data scaling is shown in Fig. 2. A detail on the steps involved in land use scaling is
provided in Appendix A.

Simulated irrigation water diversion data for 111 years estimated for CSIRO
Sustainable Yield project (CSIRO, 2008) was adjusted to the case study catchments
for the four climate scenarios.2 To represent the high degree of variability in
Australian climate and the resulting variability in historical water allocations
(supply), we organised the water diversion data of the four climate scenarios in
ascending order and classified them into four distinct categories or, states of nature
(i.e. very dry, dry, wet and very wet). A very dry state of nature represents the
mean of the 12% of driest years, a dry state of nature represents the mean of the
next 38% of dry years, a wet state of nature represents the mean of the next 38% of
relatively wet years, and a very wet state of nature represents the mean of the 12%
of the wettest years in the 111 year simulation. This gave a final set of 16 (i.e. 4
scenarios � 4 states of nature) different potential states of nature according to
climate change and long-run variability in rainfall. For example, low water allo-
cation years become more common as the climate moves from no change to severe
change.

Despite the alignment effort there was a mismatch between irrigated land use
and simulated water diverted inmost catchments due to an under/overestimation of
land use or water diversion data calculated for each catchment (i.e. inclusion and
exclusion of more spatial area) or due to not accounting for groundwater use. For
example, in Loddon-Avoca, water use in 2005e06 (considered a long term average
year) was about 5% of the SMDB while the water allocation under the climate base
case was close to 10% of the total water allocated for the SMDB. On the contrary, in
Murray Riverina Vic, water use in 2005e06 was about 20% of the total water use in
the SMDB while the water allocation under the climate base case was less than 15%.
We aligned land use data with regional base case (or initial) water allocations data
by accounting for expected mean crop evapotranspiration (ET), expected mean
effective rainfall, individual on-farm crop irrigation efficiency and estimated net

irrigation requirements. We redistributed and allocated water to each region by
multiplying the proportion of total water use by total water available for irrigation in
each of the four climate scenarios. This approach of allocating water to individual
crops and catchments is consistent with previous studies where water demand is
calculated according to irrigation water requirements and adjusting for average
estimated irrigation efficiencies and average crop effective rainfall (George et al.,
2011a,b).

Agricultural productivity of water is impacted by its salt content which in turn
is impacted by climate change. The CSIRO (2008) study did not provide any data
about the impact of climate change on water salinity. We used MDB MSM-BIGMOD,
a suite of software packages (MDBC, 2002) and estimated salinity in the River
Murray across catchments (except Murrumbidgee catchment as MSM-BIGMOD
only accounts for Murray River catchments) in the southern MDB. MSM-BIGMOD
simulates the Murray River system by dividing it into a number of river reaches.
The salinity of the inlet channel is dependent on the history of flow. The model
maintains a salt balance even when a reach ceases to flow and the dead storage
evaporates. Estimating weekly/monthly/annual river salinity under the different
climatic conditions is described by Elmahdi et al. (2008). This procedure resulted in
salinity3 data for 25 years (i.e. 1975e2000) at different reaches across the Murray
catchments for different scenarios. An average of salinity data at different reaches
is used for those catchments which received water from more than one reach.
These data were ranked in ascending order and assigned to our four states of
nature (i.e. more salinity in dry years and less in wet years) within each climate
scenario. Murrumbidgee predicted salinity concentration is taken from Beale
et al. (2000) with change in salinity concentration guided by the Murray catch-
ment analysis (i.e. 20% average increase in salinity in all Murray catchments in
a year resulted in a 20% increase in Murrumbidgee).

Along with reduced rainfall and water allocations, climate change is expected to
increase crop water requirements by increasing evapotranspiration. On the contrary,
higher concentration of CO2 may lead to enhanced plant growth through a range of
effects (Drake et al., 1997) and could affect crop yield or reduce crop water
requirement. However, given the lack of decisive information about the likely
impacts for the crops grown in theMDB this aspect is not considered in this analysis.
Instead, we have estimated actual crop ET, effective rainfall and net irrigation
requirements of different crops grown in the southern MDB using a soil water

Fig. 1. Map of the Murray-Darling Basin southern catchments.

2 These are the years for which the hydrology (including rainfall record) was
available for MDB.

3 Electrical Conductivity (EC) measured in micro-Siemens/cm where 1 mS/
cm ¼ 1 mmho/cm.
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balance simulation model. The model is similar to that of the CROPWAT model
developed by FAO (Allen et al., 1998). The model has been used previously to esti-
mate ET and irrigation water requirements for a range of crops grown in the MDB
(Mainuddin and Kirby, 2009; Qureshi et al., 2007). We used spatial average historical
and future climate scenario rainfall and potential ET data available from the MDB
sustainable yield study (Chiew et al., 2008). Maximum crop water requirements (in
millimetres) for each of the eight major agricultural activities are estimated for each
scenario and state of nature to use in the analysis. The detail of the data including ET
and effective rainfall under each scenario and state of nature and potential
maximum crop yield is given in Qureshi et al. (2012).

The key economic data are commodity and input prices. To deal with temporal
variation in commodity prices, average recent prices of individual commodities
were obtained from ABARE and ABS and other publications (ABARE, 2007; ABS,
2006) as well as from state agricultural departments. For simplicity in the re-
ported analysis water costs are limited to an average per mega-litre water pumping
charge.

2.2. Model objective function and constraints

Mathematical description of the model including objective function and
constraints is given in (Qureshi et al., 2012). A summary of the model is as follows
while a brief mathematical description of the model is provided in Appendix B. The
objective of the model is to maximise profits for each catchment (region) after
accounting for amortised annual establishment costs and operating/variable costs
subject to water and land availability constraints. Thewater availability constraint in
the model ensures that for each scenario and state of nature, the sum of the amount
of water required will not exceed the total amount of water available after
accounting for conveyance losses in each region. The land availability constraint
ensures that for each region, the sum of the land areas required will not exceed the
total available area for irrigation in a region. Inclusion of a crop water production
function allowsmodelling of deficit irrigation. That is applying less than the full crop
water requirement and accepting less than the greatest possible yield. By reducing
the water use per hectare, a greater area can be irrigated. However, the potential for
deficit irrigation depends on the type of crops. Thus, the currentmodel allows deficit
irrigation subject to a certain threshold of minimum water requirements for each
agricultural activity. The amount of irrigation water use required to meet a specific
crop’s ET depends on the effective rainfall and the on-farm irrigation efficiency. The
irrigationwater salinity can affect crop productivity and requires additional water to
maintain crop productivity. As such, the model allows for this increase in irrigation
requirements.

Later in the analysis, the model is run with the option of water trade so as to
evaluate the impact of water trading, especially as water availability changes. For the
trading purpose, the water constraint presented is modified to allow feasible trades
of water among regions across the basin. Trading equates the value of marginal
product to the shadow price of the water and results in optimal allocation across the
regions. Those regions which are not part of the surface water regulated system

and/or have no physical linkage with other catchments are excluded from the
interregional water trading market.4

2.3. Model calibration

Calibration of a model using land and water use data to observed values was
necessary to ensure it was able to adequately represent real world responses and to
address the problem of overspecialisation in agricultural production (Howitt et al.,
2010; Howitt, 2005). The positive mathematical programming or PMP approach
has been used to calibrate the model and address the problem of overspecialisation
assuming a profit-maximising equilibrium in the reference period and adding a cost
function. However, calibration in PMP models has been critiqued in the literature
(Heckelei and Wolff, 2003) and variations have been proposed including a general-
ised maximum entropy or GME (Heckelei and Britz, 2005; Paris and Howitt, 1998).
However, the GME procedure has seen little application in applied research and one
of the reasons of its limited application is the limited availability and/or reliability of
the required information (Merel and Bucaram, 2010). An alternate top-down
approach suggested by McCarl (1982) could be used by restricting the choice on
crop mix to a convex combination of historical crop mixes. However, the top-down
approach requires substantive additional data at several scales and arbitrary
adjustments to the model specifications would be difficult to check easily.

We applied a variant of PMP developed by Röhm and Dabbert (2003) that
accounts for the greater elasticity of substitution amongst crop variants than
amongst completely different crops. In the current analysis, the variants include the
same crop grown with different water application rates and accounting for indi-
vidual crop deficit irrigation. A simple example showing how coefficients of the cost
functions are estimated in PMP approach and used in a non constrained mathe-
matical programming model is given in Qureshi et al. (2012).

PMP model self-calibrate to the reference year data, calculates the necessary
parameters and can be used for policy or scenario analysis by incorporating relevant
parameter constraints and re-running. Typical output of the model includes reve-
nues by crop and catchment, land use, water use, crop ET rate, and marginal value of
water. Each crop within each catchment is assigned a specific on-farm irrigation
system and viewed as a representative farmer. This level of aggregation is useful for
specifying disaggregated biophysical and other resource constraints, and allows for
more accurate climate impact scenarios and water policy options modelling. All the

Fig. 2. A schematic representation of the steps involved in land use data scaling in southern MDB.

4 As trade already occurs across feasible regions we assume that the required
infrastructure is available, however we acknowledge that further investment could
be required to overcome some transfer impediments such as capacity constraints.
Within the model limits to water trading can be applied to prevent greater trade in
the light of farm expansion capacity, use of a minimum volume of water on-farm
demand constraint, or to represent regional administrative rules and regulations
on water trading.
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hydrologic, agronomic and economic data were linked in GAMS (General Algebraic
Modelling System) (Brooke et al., 2004).

We comparedmodel runs with land andwater use data from other years and the
results were broadly consistent for all the catchments and agricultural activities,
shown in Tables 1 and 2 and Figs. 3 and 4. While PMP conclusions can be weaker the
further from the calibration space, in the short run they are reasonably robust and
broadly consistent with the observed responses.

3. Results and discussion

In the analysis and comparisons that follow we present
a summary of the results from different climate change scenarios.
Instead of presenting the impact of each state of nature within
a scenario, we present expected mean value (i.e. multiplication of
values in each state by its attached probability and summation of
the four states) for the three scenarios (dry, medium and wet) and
compare against a baseline case, for three treatments (here after
called Policy 1, Policy 2 and Policy 3). The baseline case includes
water allocations and crop effective rainfall as well as crop ET and
water salinity levels based on CSIRO climate change base case
scenario high state of nature which we assume represents a long
term average rainfall and water allocation year. Policy 1 e Most
restricted module presents impact of climate change scenarios when
the irrigators face reduction in water allocations, and crop effective
rainfall, an increase in crop ET and water salinity, and have no crop-
management adaptation and no interregional institutional (i.e.
water market) flexibility. Policy 2 e Less restricted with farm adap-
tation flexibility module relaxes the on-farm management options
available to include deficit irrigation. Policy 3 e Most flexible with
farm adaptation and interregional water trading module allows
interregional water markets where irrigators can buy and sell from

irrigators in other regions. Effectively the model is run across the 12
sub-catchments, four climate scenarios, four states of nature and
three policies e i.e. a total of 48 runs.

Fig. 5 and Table 3 show a set of aggregate gross values of the
baseline case and expected mean values of climate dry, climate
medium and climate wet scenarios. Table 3 also shows
percentage change in gross values from the baseline case. These
estimates show the degree of variability in gross values under
different alternative climate scenarios compared to the baseline
case. The reduction in economic returns is obvious, especially in
climate dry scenario (36%). Fig. 5 and Table 3 also show how on-
farm adaptation options and water markets can mitigate these
losses in Policies 2 and 3, respectively. However, as shown in
Fig. 5, there is very little difference in the estimates of the gross
values for Policies 1 and 2. This implies that the on-farm adap-
tation value of deficit irrigation is negligible, reducing losses to
gross values by just one percentage point at most. However,
comparison of Policy 2 and 3 results leads us to conclude that
reductions in gross value are markedly smaller when irrigators
are able to take advantage of full adaptation possibilities in
Policy 3 via interregional water markets. Under the climate dry
scenario water markets are able to reduce loss of gross value to
14% (i.e. a reduction of 12% from the inflexible Policy 1). Fig. 6
shows about 2/3rd reduction in gross values under the
extreme case (i.e. very low state of nature of climate dry

Table 1
Southern MDB catchments irrigated area (1000 ha) and water use (GL)e ABS 2005e
6 observed versus model simulated.

ABS
2005e06
land use

Model
simulated
land use

ABS
2005e06
water use

Model
simulated
water use

Murrumbidgee 298 288 1986 1986
Ovens 6 6 29 27
Goulburn-Broken 160 160 1007 977
Campaspe 26 26 195 192
Lodon-Avoca 115 115 923 923
Wimmera-Avon 18 17 132 132
Upper Murray

and Kiewa
20 20 95 87

Murray Riverina NSW 134 131 1236 1236
Murray Riverina Vic 38 38 379 379
Mallee Vic 36 32 249 249
Lower Murray SA 62 58 479 479
Total 913 891 6710 6667

Table 2
Agricultural activities in SMDB catchments irrigation area (1000 ha) and water use
(GL) e ABS 2005e6 observed versus model simulated.

ABS 2005e06
land use

Model
simulated
land use

ABS 2005e06
water use

Model
simulated
water use

Cereals 181 181 454 468
Rice 92 80 1107 1111
Dairy 498 490 4305 4132
Fruits and

vegetables
67 66 444 550

Grapes 76 76 398 404
Totala 914 893 6708 6665

Note: Dairy represents all the pasture related activities.
a There is a small rounding error which makes the difference in total areas,

especially the area of fruits and vegetables once the areas of the individual activities
are combined.

Fig. 3. Model simulated and ABS observed land use by activities in the SMDB.

Fig. 4. CSIRO base case and model simulated water use by activities in the SMDB.

Fig. 5. Aggregate expected mean gross values of the southern MDB under the baseline
case and alternative scenarios for three policies.
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scenario), and a similar reduction in gross value losses is possible
with Policy 3. Given the recent shifts in policy towards
improving irrigation efficiency, we tested the impact of increased
water use efficiency and found that adoption of the most effi-
cient techniques with Policy 2 can reduce mean expected climate
change impact by about 10%. This illustrates that there may be
greater on-farm adaptation available than our base model
suggests. The results clearly indicate the impact of climate
change and potential for this type of integrated biophysical and
economic modelling for policy analysis.

4. Conclusions

The model described in this paper has been constructed with
the objective of informing the water policy in the southern MDB
in Australia. Several key steps were necessary to address data
incompatibility, scaling and model calibration issues. For
example, land use data had to be aligned with water allocation
data in order to describe the economic returns from irrigation
water use across catchments and to examine the impact of
reduced water allocations. The PMP approach has the advantage
of calibrating exactly to the base year of observed land use data
which increases accuracy within the program. The results pre-
sented in this paper suggest the usefulness of integrated envi-
ronmental and economic PMP modelling for such policy analysis.
Accurate assessment of a region’s allocation can help govern-
ments in evaluating climate change impacts, impacts of alloca-
tion changes (such as to the environment or urban consumers)
and in developing and implementing policy such as regional
water sharing plans.

While the model presented has several features which improve
and distinguish it from previous work, such as inclusion of deficit
irrigation, effective rainfall and evapotranspiration effects, there
remain a number of further opportunities for development. We
suggest that future work focus on greater biophysical modelling
accuracy including water allocations based on more detailed
assessment of regional rainfall and run off. Potential impact on CO2
and crop yield could be investigated along with potential for crop
range shifts or new crops made possible by a changing climate.
Another policy opportunity is examination of the impact of

economic incentives such as subsidies for irrigation water effi-
ciency as well as a wider range of alternative policy frameworks
than examined in the current model. Finally, the model is relatively
deterministic with no direct accounting for risk and uncertainty
associated with key economic parameters, such as commodity
prices and profit range distributions. Inclusion of a more sophisti-
cated understanding of these factors will allow for the assessment
of the sensitivity of individual crops and regional economies to
future economic and climatic conditions.
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Appendix A. Steps involved in land use data scaling

The Bureau of Rural Sciences (BRS) land use grid (BRS, 2004)
was used to determine what proportion of a broad land use
category occurring in a given SLA fell into a given reporting
catchment. Eight agricultural activities dominate in the southern
MDB [including cereals, rice, pasture related activities (repre-
sented by dairy), vegetables (represented by potatoes), citrus
fruits, deciduous fruits, stone fruits and grapes] are considered in
the analysis. Agricultural commodities in the ABS data were
categorised according to the SPREAD land use categories repre-
sented in the BRS land use grid. For specific tree crops (fruits),
AgStats reports tree numbers rather than area in hectares. For
disaggregation and scaling, tree numbers were converted to
hectares based on the orchard tree density estimates used in the
2001 National Land and Water Resources Audit. The commodity
level tree crop areas derived from tree numbers were cross
checked with the ABS aggregate areal statistics for tree crops
where available. Similar issues were faced in livestock area data.
The ABS does not provide livestock areas; rather the number of
dairy, and beef cattle and sheep per SLA along with total grazing
land. The BRS land use grid does not specify livestock types. We
disaggregated total grazing land within an SLA to area of dairy
and beef cattle and sheep pastures based on Dry Sheep Equiva-
lent (DSE) proportions of livestock numbers reported in the SLA
(DSE is a commonly used procedure in assessing livestock
production and its economic productivity). The derived SLA
based livestock areas were distributed to catchments using the
SPREAD pasture category following the above procedure. This
procedure results in the agricultural land use area by crop or
livestock type for each catchment. Due to commercial sensitivity,
ABS does not provide irrigated area by commodity type but
rather irrigated areas of aggregate land use classes at a small
scale within an NRM region. We used our spatial disaggregation
method and estimated the irrigated area of commodities for each
catchment.

Table 3
Aggregate expected mean gross values of the southern MDB and percentage change from the baseline case in alternative scenarios for three policies.

Policy 1 ($) Policy 2 ($) Policy 3 ($) Policy 1 (%) Policy 2 (%) Policy 3 (%)

Baseline case 4944 4972 5201 N/A 1 2
Climate dry 3678 3761 4260 �36 �34 �26
Climate medium 4678 4745 5070 �18 �17 �12
Climate wet 4904 4981 5240 �14 �13 �9

Fig. 6. Aggregate gross values of the southern MDB of very low and very high states of
nature under the baseline case, climate dry and climate wet scenarios for three
policies.
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Appendix B. Mathematical description of the biophysical and
economic model component

The analytical framework or methodology used in this analysis
extends the previous mathematical modelling approaches
(ABAREeBRS, 2010; Adamson et al., 2009; Grafton and Jiang, 2011;
Hafi et al., 2009; Qureshi et al., 2007). The model explicitly
considers several climate induced water resource impacts and
adaptation options in the southern MDB. It is anticipated that the
combined impact of climate change (including impact on water
allocation, rainfall, crop ET and salinity) on irrigated agriculture
may be greater than assessed in the previous studies. However,
adaptation options and institutional policies generate the opposite
effect by ameliorating the impacts of reducedwater availability. The
aim of this model was to yield a more thorough understanding of
the differential impacts and inform resource managers and policy
makers for a more sound policy response.

B.1. Irrigation sector impacts of climate change

The objective function of the model is to maximise profits p

under each scenario and state of nature for the MDB after
accounting for amortised annual establishment costs and operating
or variable costs subject to available land and water. The objective
function is expressed in Eq. (1). All of the variables and parameters
used in Eq. (1) and subsequent equations of the model are defined
in Table 1. The first expression in Eq. (1) characterises the long-run
on-farm irrigation and agricultural activity infrastructure capital
investment choices that can vary across but not within a growing
season. The second two expressions characterise the short run
decisions that can be varied within a season after stochastically
determined factors affecting production are revealed.
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The water availability constraint is given in Eq. (2) and a land
availability constraint in Eq. (3). The water availability constraint
ensures that for each state of nature s and region r, the sum of the
amount of water requiredwill not exceed the total amount of water
available (TWatsr) after accounting for conveyance losses (CLossr) in
each catchment. The land availability constraint ensures that for
each region r, the sum of the land areas required will not exceed the
total available area for irrigation (TArear) in a catchment.

X
j

X
h

IWC
srjh � AREAsrjh � ð1� CLossrÞ � TWatsr c s; r (2)

X
j

X
h

AREAsrjh � TArear c r; s (3)

The portion of the total available area not irrigated is considered
dryland and represented by Eq. (4). The dryland constraint is used
to release irrigated land towards dryland activities if it is not
economic to irrigate given water allocation and market conditions.

DAREAr ¼ TArear �
X
j

X
h

AREAsrjh c r; s (4)

B.2. Modelling crop yield response to water and deficit irrigation

YIELDsrjh is a function of crop ET ETRsrjh which is crop water

requirement including irrigation water use IWR
srjh and effective

rainfall (ERainsrj) and accounting for on-farm irrigation system
efficiency (IEffrjh). A quadratic yield response function is used of the
form:

YIELDsrjh ¼ f
�
ETRsrjh

�
¼ arj þ brj � ETRsrjh þ crj �

�
ETRsrjh

�2
(5)

where: arj is intercept of the yield response function (t/ha or l/ha);
brj is slope coefficient of the yield response functions (t/ML or l/ML);
and, crj is other (quadratic) coefficient of yield response function
(t ha/ML2 or l ha/ML).

A minimum threshold is imposed on crop water requirement in
those yield (production) functions where the intercept arj is not
zero to deal with negative yield occurrence at zero water usage. The

amount of irrigation water use IWR
srjh required to meet a specific

crop’s ETRsrjh will depend on the ERainsrj and the IEffrjh as shown:

IWR
srjh ¼

�
ETRsrjh � ERainsrj

�.
IEff rjh (5a)

The irrigation water salinity can affect crop productivity and
requires additional water to maintain crop productivity, as shown
in Eq. (5b).5

IWC
srjh ¼

�
ETCsrjh � ERainsrj

�.
IEff rjh (5b)

Table 1A
Parameters used in the model and their explanation.

s, each state of nature reflecting very low, low, high and very high rainfall and
water allocations; r, irrigation catchment or region (12 catchments of the
southernMDB); j, irrigated cropping activity (rice, cereals, vegetables, and fruit);
h, on-farm irrigation efficiency system; AREAsrjh, irrigated area (ha); YIELDsrjh,

crop yield (t/ha); ETRsrjh , crop water requirement (mm); ERainsrj, regional crop

effective rainfall; arj, intercept of the yield response function (t/ha or l/ha); brj,
slope coefficient of the yield response functions (t/ml or l/ml); crj, other
(quadratic) coefficient of yield response function (t ha/ml2 or l ha/ml); IEffrjh, on-
farm crop irrigation system efficiency; TWatsr, total amount of water available
after accounting for conveyance losses in each region; CLossr, water conveyance

losses in each region; IWR
srjh , irrigation water use (ml/ha) for revenue purpose;

IWC
srjh , irrigation water use (ml/ha) after accounting for leaching for cost

purpose; IECostjh, irrigation establishment cost ($/ha); CECostj, crop
establishment cost ($/ha); Probs, probability (prop) of water allocations/supply;
CPricerj, crop price ($/ha); DRevenue, dry revenue ($/ha); VCostrj, variable cost
($/ha) of each agricultural activity; WCharger, water charges or price of water
($/ml); YldMaxsrph, maximum crop yield (t/ha); WAllocationsr, the fraction of an
irrigator’s entitlement; WPricesr, water market price ($/ml); TECsr, total
electrical conductivity; TH1 TH2, thresholds defined for total electrical
conductivity by agricultural activity depending on salinity tolerance.

5 Irrigation water salinity is accounted for in the form of two components, i.e.
concentration SCr and electrical conductivity ECsr. The values of these two
components result in total electrical conductivity TECsr (i.e. TECsr ¼ SCr þ ECsr) of
available water for each scenario and in each catchment/region.
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where ETCsrjh is the total crop water requirement which is greater

than ETRsrjh (i.e. ETCsrjh > ETRsrjh) because of the salinity impact. It

should be noted that ETCsrjh is used for cost purpose while yield is

obtained using ETRsrjh.Total irrigation water use is obtained
following Kan et al. (2002) and Schwabe et al. (2006) as shown in
Eq. (5c). These crop-water-salinity functions are in line with the
literature on yield-water-salinity relationships (Letey et al., 1985)
and research on the economics of salinity management (Schwabe
et al., 2006).

where x1, x2 and x3 are numbers (factors) and their values start from
1 (i.e. x1 ¼1) and increases with TECsr. g1, g2 and g3 are proportions,
which also increase as the value of TECsr increases. TH1 and TH2 are
two thresholds defined for TECsr which vary across agricultural
activities depending on the salinity water tolerance.

Inclusion of a cropwater production function allowsmodelling of
deficit irrigation or applying less than the full crop water require-
ment and accepting less than the greatest possible yield. By reducing
the water use per hectare, a greater area can be irrigated. However,
the level of deficit irrigation depends on the type of crops. In general,
cereals and grapes are tolerant towater stress to some extent. Rice is
sensitive to water stress particularly at the flowering and the second
half of vegetative period (Doorenbos and Kassam, 1979). Thus, the
current model allows deficit irrigation subject to a certain threshold
ofminimumwater requirements for each agricultural activity, see for
detail (Qureshi et al., 2012). The plausible on-farm irrigation effi-
ciency systems included in the model and the assumed irrigation
efficiency of each system are also shown in (Qureshi et al., 2012).

B.3. Modelling water trade and water prices

Later in the analysis, the model is run with a water trade policy
so as to evaluate the value of water trading, especially as water
availability changes. For the trading policy, the water constraint
presented in Eq. (2) is modified to allow trade of water among
regions across the basin, as shown in Eq. (6). Those regions which
have no physical linkage with other catchments are excluded from
the interregional water trading market. At the basin scale analysis,
no water price is included as the value of water trades represents
a transfer payment within the basin therefore does not impact on
aggregate results. For convenience, we assume that there is no
restriction on interregional water trading and zero transaction
costs of trade. Therefore, the regional trading gains could be
considered the maximum possible gains of water markets.

X
r

X
j

X
h

IWC
srjh�AREAsrjh�

X
r
ð1�CLossrÞ�TWatsr cs (6)

To estimate the impact of water trading on each region’s total
gross value and profitability, Eq. (7a) is included in the objective
function (Eq. (1)). While in Eq. (7b), the parameters WPricesr and
WAllocationsr represent water market price ($/ML) and water
allocation (ML) for each catchment, respectively. When the term in
bracket in Eq. (7b) is positive, water is brought into the region
through water purchases. When negative, water is transferred out
of the region through water sales.
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j
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h
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� (7b)

The steps carried out in estimating regional water price and
using as water revenue for the water selling regions and water cost
for the water buying regions are described by Qureshi et al. (2012).
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