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Abstract: A rigorous evaluation of future hydro-climatic changes is necessary for developing climate
adaptation strategies for a catchment. The integration of future climate projections from general
circulation models (GCMs) in the simulations of a hydrologic model, such as the Soil and Water
Assessment Tool (SWAT), is widely considered as one of the most dependable approaches to assess
the impacts of climate alteration on hydrology. The main objective of this study was to assess the
potential impacts of climate alteration on the hydrology of the Yarra River catchment in Victoria,
Australia, using the SWAT model. The climate projections from five GCMs under two Representative
Concentration Pathway (RCP) scenarios—RCP 4.5 and 8.5 for 2030 and 2050, respectively—were
incorporated into the calibrated SWAT model for the analysis of future hydrologic behaviour against
a baseline period of 1990–2008. The SWAT model performed well in its simulation of total streamflow,
baseflow, and runoff, with Nash–Sutcliffe efficiency values of more than 0.75 for monthly calibration
and validation. Based on the projections from the GCMs, the future rainfall and temperature are
expected to decrease and increase, respectively, with the highest changes projected by the GFDL-
ESM2M model under the RCP 8.5 scenario in 2050. These changes correspond to significant increases
in annual evapotranspiration (8% to 46%) and decreases in other annual water cycle components,
especially surface runoff (79% to 93%). Overall, the future climate projections indicate that the study
area will become hotter, with less winter–spring (June to November) rainfall and with more water
shortages within the catchment.

Keywords: climate alteration impacts; hydrology; GCMs; SWAT; Yarra River; Australia

1. Introduction

The alteration of climate has occurred since industrialization due to greenhouse gas
pollution and rapid advancements in technology [1]. According to the recent Intergovern-
mental Panel on Climate Change (IPCC) report, the global average surface temperature
rose by 0.85 ◦C between 1880 and 2012 [2]. Since 1910, the average temperature of Aus-
tralia has increased by 1.4 ◦C, resulting in extreme heat events and a decline in rainfall
in the southern and eastern regions of the continent [3]. Climate alteration likely impacts
catchment hydrology due to changes in rainfall, temperature, and atmospheric CO2 levels.
Changes in rainfall volume and variability are anticipated to have the most significant
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impact on catchment hydrology, resulting in seasonal timing shifts and changes in water
yields [4]. In addition, temperature variation will have an impact on the growing seasons
of trees and plants, and changes may also be seen in the hydrologic cycle through increased
evapotranspiration [5].

The hydrologic changes will impact nearly every aspect of human life. For example,
larger channel spillways and drainage canals will be necessary as extreme rainfall events
are expected to increase in intensity and frequency. In contrast, more water supply storage
will be required as runoff is expected to reduce. Water’s enormous significance in both
society and nature emphasizes the importance of acknowledging how a change in the
global climate may affect a basin’s water resource.

The magnitude of climate alteration impacts and their adverse effects is difficult
to predict with accuracy. Integrating future climate projections from general circulation
models (GCMs) into hydrologic model simulations is considered as one of the most reliable
methods for assessing the effects of climate alteration on water resources [6]. However,
the output resolution of GCMs is too coarse to load in the hydrologic models [7]. Due to
this, several downscaling methods, such as statistical and dynamic downscaling, have been
developed to transform climate data from a coarser to a finer resolution [8]. Furthermore,
climate scenarios have evolved steadily from plain hypothetical situations to more real-life
situations, such as the Special Report on Emissions Scenarios (A1, A2, B1, B2) and the recent
Representative Concentration Pathways (RCPs; RCP2.6, RCP4.5, RCP6.0, and RCP8.5)
developed by the IPCC in 2001 and 2013, respectively. Li and Fang [9], as well as CSIRO
and BoM [10], have provided detailed information on GCMs, downscaling methods, and
climate scenarios.

Lumped parameter conceptual hydrological models are commonly used to simulate
runoff under climate alterations, especially in Australian conditions [11,12], for example, the
Australian water balance model (AWBM) [13] and SIMHYD [14] models. However, physics-
based models are not suitable for various Australian catchment areas due to a lack of model
development and assessment data [15]. Howe et al. [16] used a group of 13 GCMs and
the AWBM model to assess the impact of climate change on Melbourne’s water resources.
Potter et al. [11] used the SIMHYD model and an ensemble of 42 GCMs for hydroclimate
projections of Victoria. They found a 4–6% increase in potential evapotranspiration (PET)
by 2040 and a 6–10% increase by 2065, driven mainly by increasing temperatures. Moreover,
the decrease in runoff will be greater than 20% and 40% by 2040 and 2065, respectively. Post
et al. [17] discovered similar climate alteration impacts on runoff in south-eastern Australia
using the SIMHYD model and an ensemble of 15 GCMs. Nguyen et al. [18] used a group
of supportive SWAT-SALMO models to guess the daily patterns of nutrient flow in the
Millbrook catchment reservoir systems of south Australia, and they discovered significant
eutrophication impacts in the reservoir due to future climate alteration.

Physics-based models, such as SWAT, are more suitable for the precise simulation of
temporal and spatial arrays in surface runoff, chemicals, and their connected flow path;
however, a considerable amount of data and processing are required by the model [19,20].
Gassman et al. [21] examined the SWAT model for climate variation impact studies with
various GCMs and concluded that the SWAT model is a versatile and vigorous tool for
simulating a wide range of catchment processes. The impacts of climate alteration can
be directly simulated in SWAT by taking into account: (1) the effects of higher CO2 con-
centrations in the atmosphere based on plant growth and transpiration and (2) changes
in climatic inputs [21]. SWAT includes methods for explaining how CO2 concentration,
rainfall, temperature, and humidity affect plant growth, Evapotranspiration (ET), snow,
and runoff generation, and is frequently used to explore the effects of climate alteration [22].
Several studies have recently been conducted using the SWAT model to assess climate
alteration impacts on the hydrology of catchments around the world [6,18,23–27]. Notably,
Rajib and Merwade [25] used the SWAT model to assess the impact of land use change
in the upper Mississippi River basin at monthly intervals. Sunde et al. [27] also used the
SWAT model to assess the potential effects of climate alteration on streamflow processes
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in a mixed-use catchment in the US on a seasonal time scale for the mid-21st century
(2040–2069) and the late 21st century (2070–2100).

Australia is historically the driest inhabited continent, and several studies have shown
that the climate in many parts of the country (for example southeast Australia, where
our study area is located) is changing rapidly when compared to the long-term historical
average [3]. The country is predicted to face more frequent hot and dry days in the
future, along with increased rainfall intensity during extreme storm events [16]. This
climate change has a massive impact on the catchment’s agriculture, freshwater supply, and
industrial sectors, necessitating a systematic assessment of future hydro-climatic impacts.

The aims of the research undertaken in this study are as follows:

a. To assess the potential effects of future climate alteration on the hydrology of the
middle Yarra River catchment in Victoria, Australia. The SWAT model was chosen
for the assessment of future hydrologic behaviour in 2030 and 2050 against a baseline
period of 1990–2008 using the application-ready downscaled data of five Coupled
Model Intercomparison Project phase 5 (CMIP5) GCMs (ACCESS1-0, CanESM2,
CNRM-CM5, GFDL-ESM2M, and MIROC5) under the scenarios of RCP 4.5 and RCP
8.5. To date, no work has been found in the literature to the best of our knowledge
that assesses future climate alterations and their impacts on the hydrology of the
Yarra River catchment.

b. To apply the SWAT model in the context of Australian catchments, where many
available data are sparse. Because of this, only a few applications of the SWAT model
that undertake future climate alteration studies are found in Australia [18,28]. As
far as the authors are aware, this is one of the first studies that has implemented the
SWAT model to study the middle Yarra River catchment.

The results from this research could be utilized by ecologists and water managers
to develop an extensive water resources management plan for the Yarra River catchment.
This will support an integrated catchment management plan with better strategies by also
considering the environmental aspects of the catchment. The paper is structured as follows.
The following section presents the methodology used in this study. It is then followed by a
section presenting the results and discussion, and the conclusions drawn from this study
are finally presented in the last section.

2. Methodology
2.1. Location

The Yarra River in the state of Victoria in Australia is a potential source of high-quality
potable water, especially the forested upper reach, with a total catchment area of about
4000 km2 [29]. The catchment is sub-divided into three distinct portions—the lower, middle,
and upper Yarra divisions—according to its land use pattern. The land use patterns in the
lower and upper divisions are mainly urban and forest, respectively, whereas that in the
middle division is mainly agricultural. The Middle Yarra Division (MYD), which covers
1511 km2 of the area, was chosen for this study (location shown in Figure 1).
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Figure 1. Location of the middle Yarra division [30,31].

2.2. Input Data in Modelling

The ArcSWAT interface of the SWAT2005 model developed by the USDA-ARS was
utilized in this study; for the ArcSWAT users’ guide and the development of the SWAT
model, please refer to Winchell et al. [32] and Arnold et al. [19], respectively. SWAT includes
a powerful sensitivity, autocalibration, and uncertainty analysis tool. As a result, many
researchers have recommended using this model, especially in agricultural catchments for
long-term simulations [21,33]. In addition, SWAT requires extensive data to develop the
model. In the study area, information on erosion, soil properties, spatially referenced land
use, and data on crop management practices were relatively sparse. Table 1 presents all
required input data for the SWAT model. Figure 2 depicts the digital input maps and the
climate and streamflow data monitoring stations.

Table 1. Data sources for the SWAT model.

Data Sources

Digital elevation model (DEM)
ASTER 30 m GDEM, jointly developed by The Ministry of Economy, Trade, and Industry (METI) of Japan and
the United States National Aeronautics and Space Administration (NASA),
(http://asterweb.jpl.nasa.gov/gdem.asp, (accessed on 26 January 2022)).

Soil Atlas of Australian Soils from the Department of Agriculture, Fisheries and Forestry, and CSIRO
(http://www.asris.csiro.au, (accessed on 18 November 2021)).

Land use Australian Bureau of Agricultural and Resource Economics and Sciences (50 m grid raster data for 1997 to
May 2006) (http://www.agriculture.gov.au/abares/aclump/land-use, (accessed on 26 January 2022)).

Climate
SILO climate database (http://www.longpaddock.qld.gov.au/silo, (accessed on 15 October 2021)) and Bureau
of Meteorology data for 16 precipitation/rainfall stations, and four weather stations (temperature max and
min, solar radiation, wind speed, and relative humidity).

Streamflow
Melbourne Water
(http://www.melbournewater.com.au/water-data-and-education/rainfall-and-river-levels#/, (accessed
on 26 January 2022)) for daily time series data at Warrandyte (outlet of the MYD) and at Millgrove.

Crop management practices
Australian Bureau of Statistics (http://www.abs.gov.au, (accessed on 14 September 2021)), Melbourne Water,
and the Department of Environment and Primary Industries (http://www.depi.vic.gov.au/, (accessed on 14
September 2021)) for data including tillage practices, cropping seasons, and irrigation rate.

http://asterweb.jpl.nasa.gov/gdem.asp
http://www.asris.csiro.au
http://www.agriculture.gov.au/abares/aclump/land-use
http://www.longpaddock.qld.gov.au/silo
http://www.melbournewater.com.au/water-data-and-education/rainfall-and-river-levels#/
http://www.abs.gov.au
http://www.depi.vic.gov.au/
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Figure 2. Spatial input maps (a) DEM, (b) Soil map, (c) Landuse map and (d) monitoring stations for
SWAT model in the MYD [30,31].

For this study, the SWAT model used ASTER 30m GDEM, as shown in Figure 2a. The
soil names in Figure 2b are represented with the dominant principal profile form shown in
brackets as per the ASC (Australian Soil Classification) and Factual key methods [34,35].
Sodosol (54%) and dermosol (35%) were the main soil in the catchment. For two layers of
the soil, various soil properties were available. Figure 2c illustrates the comprehensive land
use forms in the MYD, where pasture accounted for approximately 32% of the total region.
The SWAT model generated land use classes for the MYD following the compatibility of
the model guidelines, as the model had pre-defined land use forms for creating links with
land use maps [32].

The climate data were collected from 1980 to 2008. Figure 3 shows the MYD’s average
monthly temperature and rainfall. In September, the highest rainfall occurred, whereas
the lowest occurred in February. The highest average temperature varied from 11.40 ◦C in
July to 25.30 ◦C in February, whereas the lowest varied from 4.40 ◦C in July to 12.30 ◦C in
February. Figure 4 shows the most acute drought in the recent past that occurred in the
MYD, and is denoted by a sudden decline in annual average rainfall (from 1140 to 922 mm)
in the beginning of 1997 (known as the Millennium Drought). Such droughts necessitate
the need for future climate change impact studies on the catchment’s hydrology.
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Figure 3. Average monthly rainfall and temperature (max and min) in the MYD [30].

Figure 4. Annual rainfall and temperature (max and min) in the MYD [30].

The accurate representation of surface and subsurface hydrological processes can be
achieved by calibrating the baseflow, surface runoff, and total streamflow. Baseflow was
separated in this study using the “Baseflow Filter Program” which is an automated digital
filter-based software [36,37]. The baseflow estimation indicated that the MYD’s baseflow
was about 75% of the total streamflow. Streamflow data from the Millgrove station (see
Figure 1) was used to add the upper division’s flow of the Yarra River into the MYD using
the “upstream inlet point” function of the SWAT model (refer to Figure 2d to see the location
of the upstream inlet point).

2.3. SWAT Model: Formulation, Sensitivity Analysis, Calibration, and Validation

As per the guidelines of Winchell et al. [32], all the spatial datasets and input files
were prepared and used to develop the SWAT model. ArcGIS was used to process and
prepare the spatial datasets and their input files along with other readily available tools,
such as Microsoft Excel. In the model, the MYD was divided into 51 sub-catchments and
431 hydrological response units (HRUs), each with its own distinctive combination of land
use, soil form, and slope. To estimate runoff, PET and channel routing in the model, curve
number (CN), Penman–Monteith, and Muskingum methods were used respectively.

The sensitivity and auto-calibration tool of the SWAT model [38] was utilized at
Warrandyte (the MYD outlet in Figure 2d) for model sensitivity and calibration analysis.
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SWAT has a total of 26 streamflow parameters. Each parameter is assigned an initial value
from the default lower and higher limit during the model setup, following the study area’s
climate, soil, land-use, and topography. During the calibration process, the model’s output
variables are modified by assessing the initial values of the parameters that are found to be
sensitive, while the other parameters remain unchanged. The LH-OAT (Latin-hypercube
and one-factor-at-a-time) approaches are utilized for all streamflow parameters in the
sensitivity analysis of the SWAT model. Then, the ParaSol (SCE-UA) auto-calibration
analysis is accomplished using the most sensitive streamflow parameters. In addition,
in the SWAT model, the manual tuning of the runoff and baseflow-related parameters is
performed for runoff and baseflow calibration.

In addition to the visual/graphic approaches, the Nash–Sutcliffe efficiency (NSE),
percent bias (PBIAS), and the ratio of the root mean square error to the standard deviation
of measured data (RSR) were used in the model evaluation, as recommended by Moriasi
et al. [39]. The optimal RSR and Px values were 0, and negative and positive PBIAS values
implied overprediction and underprediction in model output, respectively. According to
Moriasi et al. [39], a satisfactory model output has NSE > 0.50%, RSR > 0.70%, and PBIAS >
25% in a monthly time step for streamflow. In addition, the coefficient of determination
(R2) was used in evaluating the model output.

2.4. General Circulation Models (GCMs), Future Climate Scenarios, and Projection Data

According to the recent IPCC report, there are more than 40 GCMs developed around
the world. CSIRO and BoM [10] assessed 40 models for climate studies in Australia from
the CMIP5 (Coupled Model Intercomparison Project phase 5), especially in favour of
application-ready data. The study selected eight models: (1) MIROC5, (2) ACCESS1-0, (3)
GFDL-ESM2M, (4) HadGEM2-CC, (5) CESM1-CAM5, (6) NorESM1-M, (7) CNRM-CM5,
and (8) CanESM2. Three of these eight models were recommended for representing the
‘best case’, ‘worst case’, and ‘maximum consensus’ scenarios for any given region, time
period, and greenhouse scenario. The details of these models can be found in CSIRO
and BoM [10]. In addition, SILO [40] assessed 19 climate models that were deemed to be
most reliable for the Australian region. SILO [40] also provides free climate projection
application-ready daily time series data under the Consistent Climate Scenarios project.

For this study, five GCMs were selected, namely ACCESS1-0, CanESM2, CNRM-CM5,
GFDL-ESM2M, and MIROC5, based on the recommendation of CSIRO and BoM [12].
Furthermore, these GCMs were tested using the future climate scenarios of RCP4.5 and
RCP8.5 recommended by CSIRO and BoM [10]. RCP4.5 is a medium–low stabilization
scenario in which radiative forcing stabilizes at 4.5 Wm2 by 2100 with a CO2 concentration
of 650 ppm. The RCP 8.5 scenario, on the other hand, is a scenario with extremely high
greenhouse gas emissions and a rising radiative forcing pathway that leads to 8.5 Wm2

by 2100 and a CO2 concentration of 1370 ppm. SILO [40] provided ready to use future
climate projection daily time-series data (rainfall, maximum and minimum temperature,
and solar radiation) for the projection years of 2030 and 2050. These data were statistically
downscaled (change factor method) using a baseline climate period of 1960 to 2010 and
bias corrected with the local meteorological data.

3. Results and Discussion
3.1. Model Sensitivity and Suitability

Based on the sensitivity results, 15 streamflow parameters were ranked as very im-
portant and important as per the categorization of ranking by van Griensven et al. [41].
These were: ALPHA_BF, CANMX, CH_K2, CH_N2, CN2, EPCO, ESCO, GW_DELAY,
GW_REVAP, GWQMN, SLOPE, SOL_AWC, SOL_K, SOL_Z, and SURLAG, from highest
to lowest rank, respectively (please refer to Appendix A for a brief description of these
parameters). Further details of these parameters can be found in Winchell et al. [32]. ParaSol
(SCE-UA) auto-calibration was performed at the MYD’s outlet on these 15 most sensitive
streamflow parameters. Streamflow was calibrated from 1990 to 2002, during which wet,
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moderate, and dry years occurred and was validated from 2003 to 2008, during which the
conditions were drier and hence different to those during calibration [42,43]. In addition,
the manual tuning of the SWAT model’s runoff and baseflow-related parameters was
performed for runoff and baseflow calibration.

The SWAT model performed very well during the calibration period for total stream-
flow and baseflow (daily, monthly, and annual; NSE > 0.75, R2 > 0.75, RSR 0.50, and PBIAS
10%, as shown in Table 2). Similarly, the runoff calibrations (daily, monthly, and annual)
were also acceptable. Although the NSE value was 0.42 < 0.50 and the RSR value was 0.76
> 0.70, the daily runoff calibration was deemed satisfactory as per the recommendation by
Arnold et al. [44] for the daily time step (since the recommendations in Moriasi et al. [39]
were for the monthly time step). During calibration, the SWAT model generally underpre-
dicted the flows during wet periods (1990–1996) and overpredicted the flows during dry
periods (1997–2002) on a monthly scale (Figure 5). Overall, during calibration, the model
underpredicted the total streamflow, baseflow, and runoff (daily, monthly, and annual),
as shown in Table 2, whereas the PBIAS output was positive, indicating underprediction.
Furthermore, the baseflow underprediction was much lower than runoff, as shown in
Table 2, where runoff PBIAS values are much higher.

Table 2. Streamflow calibration (1990–2002) and validation (2003–2008) statistics [30].

Daily Monthly Annual

R2 NSE PBIAS RSR R2 NSE PBIAS RSR R2 NSE PBIAS RSR

Total
streamflow

Calibration 0.78 0.77 10 0.48 0.93 0.89 10 0.34 0.96 0.87 10 0.36
Validation 0.74 0.72 −3 0.53 0.82 0.82 −3 0.43 0.87 0.81 −3 0.43

Baseflow
Calibration 0.90 0.87 6 0.36 0.93 0.89 6 0.33 0.95 0.88 6 0.35
Validation 0.79 0.77 −11 0.48 0.81 0.79 −11 0.46 0.84 0.71 −11 0.54

Runoff
Calibration 0.50 0.42 23 0.76 0.84 0.80 23 0.45 0.97 0.76 23 0.49
Validation 0.67 0.53 19 0.69 0.82 0.79 19 0.46 0.87 0.70 19 0.55

Positive and negative PBIAS values indicate underprediction and overprediction, respectively, in percent. Monthly
simulations are satisfactory if NSE > 0.50, RSR ≤ 0.70, and if PBIAS ± 25% for streamflow as per Moriasi et al. [39].

During the validation period, the daily, monthly, and annual total streamflow per-
formance ratings were also very good (NSE > 0.75, R2 > 0.75, RSR 0.50, and PBIAS 10%,
as shown in Table 2), despite some relaxation on the daily step guideline. Furthermore,
as shown in Table 2, the validation was satisfactory in runoff and baseflow. However, as
shown in Figure 5, the model overpredicted the flows in drier years (2006–2008), opposite
to the comparatively wet years (2003–2005). Furthermore, the model overpredicted base-
flow and total streamflow while underpredicting the runoff, as shown in Table 2, where a
negative PBIAS output implies overprediction. In the validation period, the overprediction
of streamflow simulation during the drier years is expected because the validation period
is drier than the calibration period.

In general, the SWAT model replicated the study area well in terms of calibration and
validation statistics. However, the SWAT model overpredicted and underpredicted the
flows during the dry and wet periods, respectively, which was found to be consistent with
the results of other SWAT studies. For example, in Australia, the SWAT model used in the
Mooki catchment in NSW by Vervoort [45] overpredicted some smaller peaks and lower
flows, while it underpredicted the peak runoff. In the Woady Yaloak River catchment in
Victoria, the SWAT model overpredicted the low flows, as found by Watson et al. [46]. Other
studies from outside Australia also had similar results. For example, the study by Green
and van Griensven [47] reported overprediction and underprediction of runoff during dry
and wet periods, respectively, whereas in the study by Kirsch et al. [48], the runoff was
underpredicted during extremely wet years.
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Figure 5. Comparison of observed and simulated monthly (a) total streamflow, (b) baseflow, and (c)
runoff during calibration and validation in the MYD.

3.2. Climate Alteration Impacts on Future Rainfall and Temperature

Tables 3 and 4 show the rainfall and average temperature changes projected by the
GCMs in 2030 and 2050, respectively, for the selected climate scenarios. In general, the
cluster of scenarios for 2030 and 2050 projected rainfall reduction, except for the MIROC5
model. The highest reduction in annual rainfall was projected by the GFDL-ESM2M model
as about −14% and −28% in 2030 and 2050, respectively, as shown in Tables 3 and 4. On
the other hand, the cluster of scenarios for 2030 and 2050 suggested an increase in annual
temperature by all models ranging between 1.1 ◦C and 3.0 ◦C (see Tables 3 and 4). Tables 3
and 4 also show that the changes in rainfall and temperature were not significantly different
between the RCP4.5 and RCP8.5 scenarios, particularly in 2030.

The GFDL-ESM2M model projected higher variations in rainfall and temperature for
the cluster of scenarios, whereas CanESM2 and MIROC5 projected lower variations in
rainfall and temperature, respectively. Moreover, the reductions in rainfall were higher in
the crop growing season (April to November) and more pronounced during the spring
(September to November) and winter (June to August), as can be seen in Tables 3 and 4,
with the highest monthly decrease of 62% by the GFDL-ESM2M model under RCP8.5 in
2050. This would have an impact on pasture productivity in the MYD. The higher increases
in temperature occurred from October to December, with the highest increase of 4.2 ◦C by
the GFDL-ESM2M model under RCP8.5 in 2050.
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Table 3. Change of rainfall (P, %) and temperature (T, ◦C) as projected by the climate models under
different scenarios in 2030.

ACCESS1-0
RCP 4.5

CanESM2
RCP 4.5

CNRM-
CM5

RCP 4.5

GFDL-
ESM2M
RCP 4.5

MIROC5
RCP 4.5

ACCESS1-0
RCP 8.5

CanESM2
RCP 8.5

CNRM-
CM5

RCP 8.5

GFDL-
ESM2M
RCP 8.5

MIROC5
RCP 8.5

P(%) T(◦C) P(%) T(◦C) P(%) T(◦C) P(%) T(◦C) P(%) T(◦C) P(%) T(◦C) P(%) T(◦C) P(%) T(◦C) P(%) T(◦C) P(%) T(◦C)

Jan. −1 1.2 18 1.5 −1 1.4 −3 1.3 4 1.0 −1 1.2 19 1.5 −1 1.5 −3 1.3 4 1.0
Feb. −12 1.1 0 1.4 6 1.2 −7 1.4 0 1.0 −13 1.1 0 1.4 6 1.2 −7 1.4 0 1.0
Mar. −13 1.4 1 1.5 −8 1.8 −3 1.3 15 0.8 −13 1.5 1 1.6 −8 1.9 −4 1.4 15 0.8
Apr. −3 1.4 5 1.5 8 1.4 −21 1.6 15 1.3 −3 1.5 5 1.5 8 1.4 −21 1.6 16 1.3
May −18 1.3 4 1.3 6 1.2 −11 1.2 5 1.1 −18 1.3 4 1.3 6 1.2 −11 1.3 5 1.1
Jun. −6 1.3 −2 1.0 −9 0.9 −14 1.0 4 1.2 −6 1.3 −2 1.1 −10 0.9 −15 1.1 4 1.2
Jul. −3 1.3 0 1.1 −9 1.0 −7 1.2 3 1.1 −3 1.3 0 1.1 −9 1.0 −7 1.2 3 1.1
Aug. −3 1.1 −2 1.2 −9 1.0 −9 1.2 2 1.0 −3 1.2 −2 1.2 −9 1.1 −10 1.2 2 1.0
Sep. −16 1.1 −1 1.2 −9 1.3 −25 1.2 −5 0.9 −17 1.2 −1 1.2 −10 1.4 −25 1.2 −5 0.9
Oct. −17 1.4 −9 1.3 −15 1.4 −20 2.0 −10 1.2 −17 1.4 −9 1.3 −15 1.5 −20 2.0 −10 1.2
Nov. −13 1.4 −12 1.6 −8 1.5 −30 2.0 1 1.2 −13 1.4 −12 1.7 −8 1.6 −31 2.1 1 1.2
Dec. 3 1.3 −4 1.8 −17 1.5 −12 1.9 −1 1.1 3 1.3 −4 1.8 −18 1.6 −13 1.9 −1 1.1
Year −8 1.3 0 1.4 −6 1.3 −14 1.4 3 1.1 −9 1.3 0 1.4 −6 1.3 −14 1.5 3 1.1

Table 4. Change of rainfall (P, %) and temperature (T, ◦C) as projected by the climate models under
different scenarios in 2050.

ACCESS1-0
RCP 4.5

CanESM2
RCP 4.5

CNRM-
CM5

RCP 4.5

GFDL-
ESM2M
RCP 4.5

MIROC5
RCP 4.5

ACCESS1-0
RCP 8.5

CanESM2
RCP 8.5

CNRM-
CM5

RCP 8.5

GFDL-
ESM2M
RCP 8.5

MIROC5
RCP 8.5

P(%) T(◦C) P(%) T(◦C) P(%) T(◦C) P(%) T(◦C) P(%) T(◦C) P(%) T(◦C) P(%) T(◦C) P(%) T(◦C) P(%) T(◦C) P(%) T(◦C)

Jan. −2 2.1 33 2.6 −1 2.6 −6 2.3 7 1.8 −2 2.5 39 3.1 −1 3.0 −7 2.7 9 2.1
Feb. −22 2.0 1 2.4 10 2.1 −13 2.5 0 1.7 −26 2.3 1 2.9 12 2.5 −15 2.9 1 2.0
Mar. −23 2.5 2 2.7 −15 3.2 −6 2.4 27 1.5 −27 3.0 2 3.2 −17 3.8 −7 2.8 32 1.7
Apr. −5 2.5 8 2.6 14 2.5 −37 2.9 27 2.3 −6 3.0 10 3.0 16 2.9 −43 3.4 32 2.7
May −32 2.3 7 2.2 11 2.1 −19 2.2 9 2.0 −37 2.7 9 2.6 13 2.5 −23 2.6 10 2.3
Jun. −11 2.3 −4 1.8 −17 1.6 −26 1.9 8 2.2 −13 2.7 −5 2.2 −20 1.9 −30 2.2 9 2.5
Jul. −5 2.2 0 1.9 −16 1.8 −12 2.1 6 1.9 −6 2.6 0 2.3 −19 2.1 −15 2.5 7 2.2
Aug. −5 2.0 −4 2.1 −16 1.8 −17 2.2 3 1.7 −5 2.4 −4 2.5 −19 2.2 −20 2.5 4 2.0
Sep. −29 2.0 −1 2.0 −17 2.4 −44 2.1 −9 1.6 −34 2.4 −1 2.4 −20 2.8 −52 2.4 −10 1.8
Oct. −30 2.4 −16 2.3 −26 2.5 −36 3.5 −17 2.1 −35 2.9 −19 2.7 −31 3.0 −42 4.2 −21 2.4
Nov. −23 2.4 −21 2.9 −14 2.7 −53 3.6 1 2.1 −27 2.8 −25 3.4 −16 3.2 −62 4.2 2 2.5
Dec. 6 2.3 −7 3.2 −31 2.7 −22 3.3 −2 1.9 7 2.7 −9 3.7 −36 3.2 −26 3.9 −2 2.2
Year −15 2.3 0 2.4 −10 2.3 −24 2.6 5 1.9 −18 2.7 0 2.8 −12 2.8 −28 3.0 6 2.2

Overall, the future climate projections indicate that the MYD will become hotter, with
less winter–spring (June to November) rainfall and more droughts or water shortages in
the catchment. In a similar climate change impact study for the dairy regions of Gippsland
in Victoria, Hennessy et al. [49] also found a median decrease in annual rainfall of about 3%
by 2040, with a range of −10% to 5% under RCP8.5. The study also expected an increase
in the seasonal temperature by about 1.0 ◦C to 1.7 ◦C, with summer being the warmest
and winter being the coldest. The hydrology of a catchment is greatly affected in various
ways by rising temperatures and decreasing rainfalls. For example, when the temperature
rises, evapotranspiration rates rise and soil moisture falls. This, in turn, increases the soil’s
infiltration capacity and reduces runoff and soil erosion. Furthermore, a decline in rainfall
reduces water flow, resulting in low dissolved oxygen levels.

3.3. Climate Alteration Impacts on the Hydrologic Components

The SWAT model was run with future downscaled climate data to assess the impact
of climate alteration on the following hydrologic components: surface runoff, groundwater
flow, evapotranspiration, soil water storage, water yield, and subsurface lateral flow. Table 5
summarizes the expected annual changes in the hydrologic components for the cluster
of scenarios using the five GCM models. The annual reductions of rainfall from Tables 3
and 4 are also shown in Table 5 to correlate their effects on the water cycle components. In
general, evapotranspiration (ET) and surface runoff (SURQ) changes were found to be very
significant compared to other water cycle components. Moreover, there were no significant
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differences in the annual percent reductions of the components between the scenarios of
RCP4.5 and RCP8.5 for the same GCMs under the same projection year, as shown in Table 5.

Table 5. Change in annual hydrologic components (%) as projected by the climate models and
scenarios.

Years RCPs GCMs RAIN ET SW SURQ LATQ GWQ WYLD

2030

RCP4.5

ACCESS1-0 −8 33 −2 −84 −23 −21 −41
CanESM2 0 40 2 −81 −12 4 −27

CNRM-CM5 −6 34 0 −84 −19 −10 −35
GFDL-ESM2M −14 28 −9 −87 −32 −37 −51

MIROC5 3 41 6 −80 −6 19 −19

RCP8.5

ACCESS1-0 −9 33 −3 −84 −24 −22 −41
CanESM2 0 40 2 −81 −12 4 −27

CNRM-CM5 −6 34 −1 −84 −20 −11 −36
GFDL-ESM2M −14 27 −9 −87 −33 −38 −52

MIROC5 3 42 6 −80 −6 19 −19

2050

RCP4.5

ACCESS1-0 −15 28 −11 −87 −34 −44 −54
CanESM2 0 42 −2 −82 −15 −4 −31

CNRM-CM5 −10 31 −6 −86 −28 −28 −46
GFDL-ESM2M −24 15 −21 −91 −48 −65 −68

MIROC5 5 45 4 −79 −5 22 −17

RCP8.5

ACCESS1-0 −18 25 −15 −88 −38 −52 −59
CanESM2 0 43 −3 −82 −16 −7 −33

CNRM-CM5 −12 29 −9 −87 −31 −35 −50
GFDL-ESM2M −28 8 −26 −93 −53 −73 −73

MIROC5 6 46 3 −79 −5 23 −16

Note: RAIN—rainfall; ET—evapotranspiration; SW—soil water storage; SURQ—surface runoff; LATQ—lateral
flow; GWQ—groundwater flow; WYLD—water yield.

Table 5 also reveals that the highest and lowest annual increases (46% and 8%, re-
spectively) in ET occurred under the scenario of RCP8.5 in 2050 by the MIROC5 and
GFDL-ESM2M models, respectively. The results also indicate that an increase in tempera-
ture and an increase or decrease in rainfall will increase evapotranspiration in the MYD,
which is primarily driven by temperature. Figure 6 shows that the highest increases in
monthly ET occurred in March under all MIROC5 scenarios, and it was approximately 100
percent under the extreme scenario of RCP8.5 in 2050. On the other hand, lower changes
occurred in June and July. Overall, the changes in ET were significantly higher than that in
other studies in Victoria, which caused a significant impact on other water cycle compo-
nents, especially SURQ. For example, Hennessy et al. [49] found a median increase in ET
by about 7% in all seasons with a maximum of 20% by 2030–2049 in their climate change
impact study for the dairy regions of Gippsland, Victoria.

Soil water storage (SW) decreases when rainfall decreases, as shown in Table 5, which
directly impacts the water cycle components, especially groundwater flow. The cluster of
scenarios for 2030 and 2050 also projected significant annual reductions in SURQ with a
maximum of −93% by the GFDL-ESM2M model for RCP8.5 in 2050, as shown in Table 5.
Moreover, SURQ reduction in different months of the year did not vary significantly
except in August, as shown in Figure 6, under the GFDL-ESM2M model scenarios. Lateral
flow (LATQ) and groundwater flow (GWQ) reductions were less significant than SURQ.
Moreover, annual GWQ increased when SW increased, as shown in Table 5. The MYD’s
annual water yield (WYLD) was expected to decrease by −16% to −73% for the cluster
of scenarios where GFDL-ESM2M and MIROC5 models projected the higher and lower
changes, respectively, as shown in Table 5. On the monthly scale, higher reductions in
WYLD were expected to occur from October to April than from May to September, which
is consistent overall with ET and SURQ, as shown in Figure 6, under all scenarios by the
GFDL-ESM2M model.
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Figure 6. Changes of monthly (a) evapotranspiration, (b) surface runoff, and (c) water yield in 2030
and 2050 under the scenarios of RCP4.5 and RCP8.5.

The decrease in the yield of water and surface runoff in the study area was caused by a
decrease in projected rainfall, particularly by the GFDL-ESM2M model, which is severe from
the standpoint of water utilization and control because it could lead to a water scarcity problem.

4. Conclusions

Climate change-induced alterations in local rainfall and temperature may increase the
risks of droughts and floods, causing a major challenge to people, societies, governments,
commerce, and the environment. As a result, assessing future water resources in the context
of climate alterations is critical for developing improved water management techniques and
climate adaptation strategies for catchments. In this study, future climate alterations in the
agricultural middle Yarra division (MYD) of the Yarra River catchment was evaluated using
five CMIP5 GCMs under the RCP 4.5 and 8.5 scenarios for 2030 and 2050. These climatic
scenarios were then incorporated into a calibrated SWAT model, and the alteration of future
water cycle elements were described against the baseline circumstances (1990–2008).

In general, the SWAT model was found to perform well in the MYD for simulating
the total streamflow (annual, monthly, and daily). The runoff and baseflow simulations
were also acceptable. However, during calibration and validation, the SWAT model over-
predicted and underpredicted the streamflow during dry and wet periods, respectively,
which is in line with other prior studies.
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The future rainfall and temperature were expected to decrease and increase, respec-
tively, under the various climate alteration scenarios in the MYD. The highest decrease
in monthly rainfall (62%) and the highest increase in monthly temperature (4.2 ◦C) were
projected by the GFDL-ESM2M model under the scenario of RCP 8.5 in 2050. Moreover, the
significant increases in future evapotranspiration (8% to 46%) greatly reduced the MYD’s
surface runoff, by over 80% under most of the climate scenarios.

The conclusions, limitations, and recommendations that are provided on the basis of
this study are as follows:

a. Overall, the future climate projections indicate that the MYD will become hotter,
with less winter–spring (June to November) rainfall and more droughts and water
shortage problems in the catchment. As a result, long-term resilience and mitigation
strategies are required to address the climate alteration impact on reservoir operations
and water resources within the catchment study area. Such strategies may include
more tree planting, rainwater harvesting, water reclamation and recycling, and
efficient irrigation.

b. This study demonstrated that the SWAT model can be used in Australian catchments
and is a useful tool for future hydro-climatic studies, considering the uncertainties,
such as recording errors, and spatial and temporal discretization in the data used for
the development of the SWAT model.

c. This study was conducted only for the middle agricultural part of the Yarra River
catchment, and the lower urbanized and the upper forested divisions were not
included in the model due to data limitations. The authors recommend further
studies to be undertaken considering the Yarra River catchment as a whole to gain a
complete understanding of the future impacts of climate change on the hydrology of
the catchment.

d. This study only used ParaSol (SCE-UA), the auto-calibration method available with
the SWAT modelling tool; we recommend the use of other available calibration
methods, such as the SUFI-2 method recommended by Abbaspour et al. [50,51]
because during the optimization process, ParaSol (SCE-UA) assumes that the model
structure is correct, and the input data is free from errors.

e. In addition, an uncertainty analysis of the SWAT model is recommended to further
justify its application in Australian catchments, where available data are sparse.
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Abbreviations

List of Acronyms
ASC Australian soil classification
ASTER Advanced spaceborne thermal emission and reflection radiometer
AWBM Australian water balance model
BoM Bureau of Meteorology
CMIP5 Coupled Model Intercomparison Project, phase 5
CN Curve number
CO2 Carbon dioxide
CSIRO Commonwealth Scientific and Industrial Research Organisation
DEM Digital elevation model
ET Evapotranspiration
GCMs General circulation models
GDEM Global digital elevation model
IPCC Intergovernmental Panel on Climate Change
LH-OAT Latin-hypercube and one-factor-at-a-time
METI The Ministry of Economy, Trade, and Industry (METI) of Japan
NASA National Aeronautics and Space Administration
NSW New South Wales
ParaSol Parameter solution
PET Potential evapotranspiration
RCP Representative concentration pathway
SCE-UA Shuffled complex evolution-The University of Arizona
SILO Scientific Information for Land Owners
SUFI-2 Sequential uncertainty fitting
SWAT Soil and water assessment tool
USDA-ARS United States Department of Agriculture-Agricultural Research Service

Appendix A

Table A1. The streamflow parameters and their range used in the SWAT model calibration [32].

Name Min Max Description

ALPHA_BF 0 1 Baseflow alpha factor (days)

CANMX 0 100 Maximum canopy storage (mm)

CH_K2 −0.01 500 Channel effective hydraulic conductivity (mm/h)

CH_N2 −0.01 0.3 Manning’s n value for main channel

CN2 35 98 Initial SCS CN II value

EPCO 0 1 Plant uptake compensation factor

ESCO 0 1 Soil evaporation compensation factor

GW_DELAY 0 500 Groundwater delay (days)

GW_REVAP 0.02 0.2 Groundwater “revap” coefficient

GWQMN 0 5000 Threshold water depth in the shallow aquifer for flow (mm)

SLOPE 0 0.6 Average slope steepness (m/m)

SOL_AWC 0 1 Available water capacity (mm H20/mm soil)

SOL_K 0 2000 Saturated hydraulic conductivity (mm/h)

SOL_Z 0 3500 Soil depth (mm)

SURLAG 1 24 Surface runoff lag time (days)
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